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The idea for this book came about when we realized that our book on
Commodity Trading Advisors (CTAs) was so well received. We decided

that a hedge fund reader with new chapters dealing with quantitative and
qualitative analyses would be a helpful and welcome addition and comple-
mentary to the CTA reader. The chapters are intended to introduce readers
to some of the issues encountered by academics and practitioners working
with hedge funds. They deal with new methods of hedge fund performance
evaluation, portfolio allocation, and risk and returns that are imperative in
understanding correct selection and monitoring of hedge funds. Although
numerous chapters are technical in nature, with econometric and statistical
models, by well-known academics and professionals in the field, stress has
been put on understanding the applicability of the results as well as the theo-
retical development. We believe this book can assist institutional investors,
pension fund managers, endowment funds, and high-net-worth individuals
wanting to add hedge funds to traditional stock and bond portfolios. 
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PART

One
Portfolio Allocation in

Hedge Funds

Chapter 1 shows how investors can neutralize the unwanted skewness and
kurtosis effects from investing in hedge funds by purchasing out-of-the-

money equity puts, investing in managed futures, and/or overweighting
equity market neutral and global macro and avoiding distressed securities
and emerging market funds. It shows that all three alternatives are up to the
job but also come with their own specific price tags. 

Chapter 2 investigates the hedge fund industry as it enters a more
mature stage. The industry has extended its investor base to institutional
investors, who are now faced with a large number of product offerings.
These include not only single hedge funds, but also funds of funds and,
more recently, investable indexes. Although the existing literature seems to
concur on the interest of hedge funds as valuable investment alternatives, a
large number of institutional investors still are considering hedge fund
investing, but are unsure of which product to choose. This chapter exam-
ines the risk factors in hedge fund strategies and assesses the diversification
benefits investors can expect from allocating part of their wealth to hedge
funds. Different uses of hedge funds are separated into alpha management
and beta management. For both of these management issues, indexes that
give a true and fair view of particular hedge fund strategies are a necessary
tool for the investor. This chapter also examines construction methods for
investable hedge fund indexes and how these methods can conserve the
properties for a desirable index. Finally, the chapter presents a simplified
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approach that allows institutional investors to use such indexes to optimally
exploit the diversification properties of different hedge fund strategies.

Chapter 3 examines 2,247 individual hedge funds and 647 funds of
hedge funds for the period January 1994 to December 2002, investigating
whether portfolios of individual hedge funds constructed using a pure
momentum strategy can outperform existing funds of hedge funds. Results
indicate that neither a momentum nor a contrarian strategy seems appropri-
ate in portfolio construction to beat existing funds of hedge funds. However,
the nondirectional individual hedge funds deciles consistently and signifi-
cantly beat existing funds of hedge funds.

Chapter 4 provides information about investment styles, which is often
one of the key ingredients in creating a portfolio of hedge funds. Hedge
funds are opportunity driven and therefore change their investment styles at
a high rate. The chapter reviews an adaptive technique that tackles the style
drift of hedge funds in an optimal way using returns information only. The
method gives better insight in the composition of a hedge fund portfolio
and may improve its value-at-risk estimates. The method is illustrated with
examples from a long-short equity hedge fund and a fund of hedge funds.

Chapter 5 investigates possible gains from diversifying into hedge funds,
using a decision function that allows for the inclusion of the higher moments
of the return distribution. The results suggest that higher moments are dom-
inated by the first two moments when portfolios are rebalanced on a monthly
basis. Further, the findings suggest that inherent biases in hedge fund return
indices may overstate the gains from allocating into hedge funds. Finally,
through a simple experiment, it is shown that the inability to rebalance the
portfolio may seriously impact the benefits that hedge funds appear to offer.

Chapter 6 addresses three important issues that investors need to bet-
ter understand. First, it discusses the error associated with the classification
of hedge fund strategies under one single header—hedge funds—demon-
strating that the universe is really quite heterogeneous and should 
be the broken down into distinct subgroups. Second, the chapter revisits 
the critical issue of the distribution of hedge fund returns, focusing on the
importance of skew and excess kurtosis. And, finally, it suggests that tradi-
tional mean-variance analysis takes great pains to construct efficient bal-
anced portfolios incorporating hedge funds.

Chapter 7 develops a synthetic “desirability” index complementing the
pursuit for both high risk-adjusted returns and low correlations. It demon-
strates that although some hedge fund strategies are less alpha “efficient”
than others, their diversification added value with respect to their overall
ranking makes them more attractive in portfolios. 

2 PORTFOLIO ALLOCATION IN HEDGE FUNDS
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CHAPTER 1
Integrating Hedge Funds into 

the Traditional Portfolio
Harry M. Kat

This chapter shows how investors can neutralize the unwanted skewness
and kurtosis effects from investing in hedge funds by purchasing out-of-

the-money equity puts, by investing in managed futures, and/or by over-
weighting equity market neutral and global macro funds and avoiding
distressed securities and emerging market funds. All three alternatives are
up to the job but also come with their own specific price tags.

INTRODUCTION 

Due to their relatively weak correlation with other asset classes, hedge
funds can play an important role in risk reduction and yield enhancement
strategies. Recent research, however, has also shown that this diversification
service does not come for free. Amin and Kat (2003b), for example, show
that although the inclusion of hedge funds in a portfolio may significantly
improve that portfolio’s mean-variance characteristics, it can also be expected
to lead to significantly lower skewness and higher kurtosis. This means that
the case for hedge funds is not as straightforward as is often suggested and
includes a definite trade-off between profit and loss potential. 

The sting of hedge funds is literally in the tail because, in terms of skew-
ness, hedge funds and equity do not mix very well. When things go wrong

3

This chapter originally appeared in the Journal of Wealth Management 7, No. 4 (2005):
51–57. This article is reprinted with permission from Institutional Investor, Inc.
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in the stock market, things also tend to go wrong for hedge funds, as a sig-
nificant drop in stock prices is typically accompanied by a drop in market
liquidity and a widening of a multitude of spreads. Equity-market-neutral
and long/short funds have a tendency to be long in smaller stocks and
short in larger stocks and need liquidity to maintain market neutrality. As
a result, when the stock market comes down, this type of fund can be
expected to have a hard time. Likewise, when the stock market comes
down, mergers and acquisitions will be postponed, which will have a nega-
tive impact on the performance of risk arbitrage funds. Problems are not
limited to funds that invest in equity. A drop in stock prices will often also
lead to a widening of credit spreads, which in turn will seriously damage the
performance of fixed income and convertible arbitrage funds. Diversifica-
tion among different funds will not mitigate this. 

This chapter discusses a number of ways to solve the skewness problem
and the associated costs. We look at the use of out-of-the-money stock
index puts, managed futures, and sophisticated strategy selection. Before we
do so, however, we briefly discuss the exact nature of hedge fund returns
and the associated skewness problem.

EFFECTS OF INTRODUCING HEDGE FUNDS 
IN A PORTFOLIO

Generally speaking, risk is one word, but not one number. The returns on
portfolios of stocks and bonds risk are more or less normally distributed.
Because normal distributions are fully described by their mean and standard
deviation, the risk of such portfolios can be measured with one number: the
standard deviation. Confronted with nonnormal distributions, however, it
is no longer appropriate to use the standard deviation as the sole measure
of risk. In that case investors should also look at the degree of symmetry of
the distribution, as measured by its skewness, and the probability of extreme
positive or negative outcomes, as measured by the distribution’s kurtosis. A
symmetrical distribution will have a skewness equal to zero, while a distri-
bution that implies a relatively high probability of a large loss (gain) is said
to exhibit negative (positive) skewness. A normal distribution has a kur-
tosis of 3, while a kurtosis higher than 3 indicates a relatively high proba-
bility of a large loss or gain. Since most investors are in it for the long run,
they strongly rely on compounding effects. This means that negative skew-
ness and high kurtosis are extremely undesirable features, as one big loss may
destroy years of careful compounding.

Table 1.1 shows the average skewness and kurtosis found in the returns
of individual hedge funds from various strategy groups. The average hedge
fund’s returns tend to be nonnormally distributed and may exhibit signifi-

4 PORTFOLIO ALLOCATION IN HEDGE FUNDS
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cant negative skewness as well as substantial kurtosis. Put another way,
hedge fund returns may exhibit low standard deviations, but they also tend
to provide skewness and kurtosis attributes that are exactly opposite to
what investors desire. It is this whole package that constitutes hedge fund
risk, not just the standard deviation. Actually, this is not the whole story as,
strictly speaking, we should also include the relationship between the hedge
fund return and the returns on other assets and asset classes in the defini-
tion of risk. We look at this shortly. 

The skewness and kurtosis properties of hedge funds do not come as a
complete surprise. If we delve deeper into the return-generating process, it
becomes obvious that most spread trading and pseudoarbitrage strategies
will generate these features by their very nature as the profit potential of
trades is typically a lot smaller that their loss potential. Consider a merger
arbitrage fund, for example. When a takeover bid is announced, the share
price of the target will jump toward the bid. It is at this price that the fund
will buy the stock. When the takeover proceeds as planned, the fund will
make a limited profit equal to the difference between the relatively high
price at which it bought the stock and the bid price. When the takeover
fails, however, the stock price falls back to its initial level, generating a loss
that may be many times bigger than the highest possible profit. Spread
traders are confronted with a similar payoff profile. They make a limited
profit when the spread moves back to its perceived equilibrium value, but
when the market moves against them, they could be confronted with a
much larger loss. This is why strategies like this are sometimes thought of
as akin to picking up nickels in front of a steamroller. Of course, there is no
reason why a trader could not get lucky and avoid getting hit by the steam-
roller for a long time. This does not mean that the risk was never there,
however. It always was, but it never materialized so it does not appear from
the trader’s track record. 

Integrating Hedge Funds into the Traditional Portfolio 5

TABLE 1.1 Average Skewness and Kurtosis
Individual Hedge Fund Returns

Skewness Kurtosis

Merger Arbitrage −0.50 7.60
Distressed Securities −0.77 8.92
Equity Market Neutral −0.40 5.58
Convertible Arbitrage −1.12 8.51
Global Macro 1.04 10.12
Long/Short Equity 0.00 6.08
Emerging Markets −0.36 7.83
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Since individual hedge funds carry some idiosyncratic risk, combining
hedge funds into a basket, as is standard practice nowadays, substantially
reduces the standard deviation of the return on that portfolio. However, it
can also be expected to lower the skewness and raise the correlation with
the stock market. 

Table 1.2 shows the standard deviation, skewness, and correlation with
the Standard & Poor’s (S&P) 500 of the average individual hedge fund 
in the various strategy groups as well as an equally weighted portfolio of all
funds in each group. From the table we see that forming portfolios indeed
leads to a very substantial reduction in standard deviation. With the excep-
tion of emerging market funds, the portfolio standard deviations are
approximately half the standard deviations of the average individual fund.
Apparently, there are many different ways in which the same general strat-
egy can be executed. Contrary to standard deviation, skewness is not diver-
sified away and drops as portfolios are formed. With the exception of
equity-market-neutral funds, the portfolio skewness figures are quite a bit
lower than for the average individual fund, with especially merger arbitrage
and distressed securities funds standing out. Despite the lack of overall cor-
relation, it appears that when markets are bad for one fund, they tend to be
bad for other funds as well. Finally, comparing the correlation with the
S&P 500 of individual funds and portfolios, we clearly see that the returns
on portfolios of hedge funds tend to be much more correlated with the
stock market than the returns on individual funds. Although individual
hedge funds may be more or less market neutral, the portfolios of hedge
funds that most investors actually invest in definitely are not. 

So far we have seen that hedge fund returns tend to exhibit a number
of undesirable features, which cannot be diversified away. Skewness, kur-
tosis, and correlation with stocks worsen significantly when portfolios are
formed. But we are not there yet, as we have not looked at what happens
when hedge funds are combined with stocks and bonds. Although the inclu-
sion of hedge funds in a portfolio may significantly improve that portfolio’s
mean-variance characteristics, it can also be expected to lead to signifi-
cantly lower skewness as well as higher kurtosis. Table 1.3 shows what hap-
pens to the standard deviation, skewness, and kurtosis of the portfolio
return distribution if, starting with 50 percent stocks and 50 percent bonds,
we introduce hedge funds (modeled by the average equally weighted ran-
dom portfolio of 20 funds) in a traditional stock-bond portfolio. As
expected, when hedge funds are introduced, the standard deviation drops
significantly. This represents the still relatively low correlation of hedge
funds with stocks and bonds. This is the good news. The bad news, how-
ever, is that a similar drop is observed in the skewness of the portfolio
return. In addition, we also observe a rise in kurtosis. 

6 PORTFOLIO ALLOCATION IN HEDGE FUNDS
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The skewness effect goes far beyond what one might expect given the
hedge fund skewness results in Table 1.2. When things go wrong in the stock
market, they also tend to go wrong for hedge funds. This is not necessarily
because of what happens to stock prices (after all, many hedge funds do not
invest in equity), but because a significant drop in stock prices often will
be accompanied by a widening of credit spreads, a significant drop in mar-
ket liquidity, and higher volatility. Since hedge funds are highly sensitive to
such factors, when the stock market drops, hedge funds can be expected
to show relatively bad performance as well. Recent experience provides a
good example. Over the year 2002, the S&P 500 dropped by more than 20
percent with relatively high volatility and substantially widening credit
spreads. Distressed debt funds, seen by many investors at the start of 2002
as one of the most promising sectors, suffered substantially from the widen-
ing of credit spreads. Credit spreads also had a negative impact on conver-
tible arbitrage funds. Stock market volatility worked in their favor, however.
Managers focusing on volatility trading generally fared best, while managers
actively taking credit exposure did worst. Equity-market-neutral funds suf-
fered greatly from a lack of liquidity, while long/short equity funds with low
net exposure outperformed managers who remained net long throughout
the year. As a result, overall hedge fund performance in 2002 as measured
by the main hedge fund indices was more or less flat. 

So here is the main problem: Individual hedge fund returns tend to
exhibit some negative skewness. When combined into portfolios, however,
this negative skewness becomes worse. When those portfolios are combined

8 PORTFOLIO ALLOCATION IN HEDGE FUNDS

TABLE 1.3 Effects of Combining Hedge Funds with
Stocks and Bonds

Standard
% HF Deviation Skewness Kurtosis

0 2.49 −0.33 −0.03
5 2.43 −0.40 0.02

10 2.38 −0.46 0.08
15 2.33 −0.53 0.17
20 2.29 −0.60 0.28
25 2.25 −0.66 0.42
30 2.22 −0.72 0.58
35 2.20 −0.78 0.77
40 2.18 −0.82 0.97
45 2.17 −0.85 1.19
50 2.16 −0.87 1.41
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with equity, skewness drops even further. The increase in negative skewness
will tend to offset the lower standard deviation that results from the inclusion
of hedge funds. In other words, when adding hedge funds, investors’ down-
side risk will largely remain unchanged while at the same time part of their
upside potential is diversified away. Unfortunately, this is the opposite of
what we want a good diversifier to do. 

The next sections discuss three possible ways to reduce this skewness
effect, as well as the associated costs, while maintaining the benefits of the
lower standard deviation. 

PURCHASING OUT-OF-THE-MONEY PUTS 

Since the increase in negative skewness that tends to come with hedge fund
investing is highly undesirable, it is important to look for ways to neutral-
ize this effect. One solution is to buy hedge funds in guaranteed form only.
In essence, this means buying a put on one’s hedge fund portfolio so that in
down markets, the link between the hedge fund portfolio and the stock
market is severed. Unfortunately, the market for put options on (baskets of)
hedge funds is still in an early stage. As a result, counterparties for the
required contracts are likely to be hard to find as well as expensive. With
hedge funds so closely related to the ups and especially downs of the stock
market, there is a very simple alternative, though: the purchase of out-of-
the-money puts on a stock index. As discussed in Kat (2003a), over the last
10 years a strategy of buying and rolling over out-of-the-money S&P 500
puts would have generated returns with very high positive skewness. It
therefore makes sense to use this option strategy to neutralize the negative
skewness in hedge funds. 

Suppose we added stock index put options to a portfolio of stocks,
bonds, and hedge funds with the aim to bring the skewness of the overall
portfolio return back to what it was before the addition of hedge funds.
Obviously, there is a price tag attached to doing so. Since we are taking away
something bad (negative skewness), we will have to give up something good.
If we used leverage to keep overall portfolio volatility at the same level as
before the addition of the puts (i.e., if we aimed to preserve the volatility
benefit of the addition of hedge funds), this means we will have to accept a
lower expected return. Economically, this of course makes perfect sense, as
the puts that we add will not come for free and, since they are out-of-the-
money, are unlikely to pay off (which of course is just another way of say-
ing that the option strategy by itself has a highly negative expected return). 

Assuming investors can leverage their portfolio at a rate of 4 percent
and the expected returns on stocks, bonds, and hedge funds are equal to

Integrating Hedge Funds into the Traditional Portfolio 9
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their historical 10-year means, Table 1.4 shows the effect of using puts and
leverage in a portfolio of stocks, bonds, and hedge funds (always with equal
allocations to stocks and bonds). Starting with the situation shown in Table
1.3, adding puts to bring the skewness of the overall portfolio back to what
it was before the addition of hedge funds (−0.33), while maintaining the
volatility benefit, requires only a small allocation to options. As is also clear
from the change in portfolio kurtosis, this small allocation, however, goes a
long way in restoring the (near) normality of the return distribution. Unfor-
tunately, the costs in terms of expected return (third column) are quite sig-
nificant. For example, with a 25 percent hedge fund allocation, investors
can expect to lose 61 basis points in expected return. This drop in expected
return can be interpreted as the option market’s price of the additional
skewness introduced by hedge funds. 

Of course, this conclusion depends heavily on the assumption that
investors can leverage (either directly or through the futures market) their
portfolios at 4 percent, which does not seem unrealistic in the current inter-
est rate environment. Obviously, if the interest rate were higher, the costs of
the skewness reduction strategy would be higher as well because the differ-
ence between the expected return on the unlevered portfolio and the inter-
est rate (i.e., the pickup in expected return due to the leverage) would be
smaller. A similar reasoning applies in case of a lower expected return on
stocks, bonds, and/or hedge funds.

10 PORTFOLIO ALLOCATION IN HEDGE FUNDS

TABLE 1.4 Effects of Combining Portfolios of Stocks, Bonds, and
Hedge Funds with Puts and Leverage 

Change Mean PA* Change Change Mean PA*
% HF % Put 50/50 Portfolio Kurtosis 33/66 Portfolio

0 0.00 0.00 0.00 0.00
5 0.12 −0.13 −0.05 −0.22

10 0.24 −0.27 −0.12 −0.48
15 0.36 −0.38 −0.20 −0.87
20 0.48 −0.51 −0.31 −2.26
25 0.60 −0.61 −0.44 −3.20
30 0.71 −0.70 −0.58 −3.43
35 0.80 −0.79 −0.75 −3.52
40 0.86 −0.85 −0.91 −3.41
45 0.88 −0.82 −1.04 −3.20
50 0.87 −0.80 −1.13 −2.83

*PA = per annum
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Another important element of the analysis concerns the assumption
that the allocations to stocks and bonds are always equal. If we assumed
that investors always divided their money in such a way that one-third was
invested in stocks and two-thirds in bonds (as opposed to the 50/50 port-
folio discussed earlier, we will refer to such a portfolio as a 33/66 portfo-
lio), our results would of course change. Under the assumptions made, a
portfolio made up of one-third stocks and two-thirds bonds has a skewness
of 0.03. With 25 percent hedge funds, the portfolio’s skewness will come
down to −0.43, while with 50 percent hedge funds, it will drop to −0.75.
Because when hedge funds are introduced, skewness for a 33/66 portfolio
drops faster than for a 50/50 portfolio, we will have to buy more puts and
apply more leverage. Since the mean of the 33/66 portfolio is substantially
lower than the mean of the 50/50 portfolio, however, the increased leverage
will not be sufficient to rescue the expected return. As can be seen in the last
column of Table 1.4, the costs of the skewness reduction strategy for a
33/66 portfolio are very substantial. With 25 percent hedge funds, the costs
of skewness reduction will amount to 3.20 percent, as opposed to only 0.61
percent for the 50/50 portfolio. 

In sum, after introducing hedge funds, purchasing out-of-the money
puts can restore the (near) normality of the portfolio return distribution
fairly easily. However, this may come at a substantial cost to the portfolio’s
expected return, especially for investors who are overweighted in bonds. 

INVESTING IN MANAGED FUTURES 

In principle, any asset or asset class that has suitable (co-)skewness charac-
teristics can be used to hedge the additional skewness from incorporating
hedge funds. One obvious candidate is managed futures. Managed futures
programs are often trend-following in nature. What these programs do is
somewhat similar to how option traders hedge a short-call position. When
the market moves up, they increase exposure, and vice versa. By moving out
of the market when it comes down, managed futures programs avoid being
pulled in. As a result, the (co-)skewness characteristics of managed futures
programs are more or less opposite to those of many hedge funds. 

The term “managed futures” refers to professional money managers
known as commodity trading advisors (CTAs) who manage assets using the
global futures and options markets as their investment universe. Managed
futures have been available for investment since 1948, when the first pub-
lic futures fund started trading. The industry did not take off until the late
1970s, though. Since then the sector has seen a fair amount of growth, with
currently an estimated $50 billion under management. 

Integrating Hedge Funds into the Traditional Portfolio 11
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There are three ways in which investors can get into managed futures.

1. They can buy shares in a public commodity (or futures) fund, in much
the same way as they would invest in a stock or bond mutual fund.

2. They can place funds privately with a commodity pool operator (CPO)
who pools investors’ money and employs one or more CTAs to manage
the pooled funds.

3. They can retain one or more CTAs directly to manage their money on
an individual basis or hire a manager of managers (MOM) to select
CTAs for them. The minimum investment required by funds, pools, and
CTAs varies considerably, with the direct CTA route open only to
investors who want to make a substantial investment. CTAs charge
management and incentive fees comparable to those charged by hedge
funds (i.e., 2 percent management fee plus 20 percent incentive fee). Sim-
ilar to funds of hedge funds, funds and pools charge an additional fee
on top of that. 

Initially, CTAs were limited to trading commodity futures (which explains
terms such as public commodity fund, CTA, and CPO). With the introduc-
tion of futures on currencies, interest rates, bonds, and stock indices in the
1980s, however, the trading spectrum widened substantially. Nowadays,
many CTAs trade both commodity and financial futures. Many take a very
technical, systematic approach to trading, but others opt for a more funda-
mental, discretionary approach. Some concentrate on particular futures
markets, such as agricultural, currencies, or metals, but most diversify over
different types of markets. 

In this study, the asset class managed futures is represented by the Stark
300 index. This asset-weighted index is compiled using the top 300 trading
programs from the Daniel B. Stark & Co. database. All 300 of the CTAs 
in the index are classified by their trading approach and market category.
Currently, the index contains 248 systematic and 52 discretionary traders,
which split up in 169 diversified, 111 financial only, 9 financial and metals,
and 11 nonfinancial trading programs.

As shown in Kat (2004b), historically managed futures returns have
exhibited a lower mean and a higher standard deviation than hedge fund
returns. However, managed futures exhibit positive instead of negative
skewness and much lower kurtosis. In addition, the correlation of managed
futures with stocks and hedge funds is extremely low, which means that
managed futures make very good diversifiers. Table 1.5 shows the effect 
of incorporating either hedge funds or managed futures in a traditional
50/50 stock-bond portfolio.

From the table we again see that if the hedge fund allocation increases,
both the standard deviation and the skewness of the portfolio return drop

12 PORTFOLIO ALLOCATION IN HEDGE FUNDS

c01_gregoriou.qxd  6/23/05  3:01 PM  Page 12



substantially, while at the same time the return distribution’s kurtosis
increases. With managed futures, the picture is significantly different, how-
ever. If the managed futures allocation increases, the standard deviation
drops faster than with hedge funds. More remarkably, skewness rises
instead of drops, while the reverse is true for kurtosis. Although hedge
funds offer a somewhat higher expected return (assuming future perform-
ance will resemble the past), from an overall risk perspective, managed
futures appear much better diversifiers than hedge funds. 

Now suppose we did the same thing as before: Choose the managed
futures allocation such as to bring the skewness of the portfolio return back
to what it was before the addition of hedge funds (−0.33), while at the same
time preserving the volatility benefit of the addition of hedge funds by the
use of some leverage. The results are shown in Table 1.6, which shows that
for smaller hedge fund allocations of up to 15 percent, the optimal managed
futures allocation will be more or less equal to the hedge fund allocation.
Looking at the change in expected return, we see that as a result of the
introduction of managed futures, the expected portfolio return increases
significantly. With a 25 percent hedge fund allocation, for example, the
investor stands to gain 205 basis points in annualized expected return. This
of course compares very favorably with the results on out-of-the-money
puts. One should, however, always keep in mind that the outcomes of
analyses like this heavily depend on the inputs used. A lower expected
return for managed futures and/or a higher borrowing rate (used to lever-

Integrating Hedge Funds into the Traditional Portfolio 13

TABLE 1.5 Return Statistics Portfolios of Stocks, Bonds, and Either Hedge Funds
or Managed Futures

Hedge Funds Managed Futures

% HF Mean SD Skew Kurt % MF Mean SD Skew Kurt

0 0.72 2.49 −0.33 −0.03 0 0.72 2.49 −0.33 −0.03
5 0.73 2.43 −0.40 0.02 5 0.71 2.37 −0.28 −0.18

10 0.74 2.38 −0.46 0.08 10 0.71 2.26 −0.21 −0.30
15 0.76 2.33 −0.53 0.17 15 0.71 2.16 −0.14 −0.39
20 0.77 2.29 −0.60 0.28 20 0.71 2.08 −0.06 −0.42
25 0.78 2.25 −0.66 0.42 25 0.71 2.00 0.02 -−0.40
30 0.80 2.22 −0.72 0.58 30 0.71 1.95 0.10 −0.32
35 0.81 2.20 −0.78 0.77 35 0.71 1.91 0.18 −0.20
40 0.82 2.18 −0.82 0.97 40 0.71 1.89 0.24 −0.06
45 0.84 2.17 −0.85 1.19 45 0.71 1.89 0.30 0.08
50 0.85 2.16 −0.87 1.41 50 0.71 1.91 0.34 0.19
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age the portfolio volatility back to its initial level) could easily turn these
gains into losses. 

In addition, although the expected return does not seem to suffer from
the use of managed futures to neutralize the unwanted skewness effect
from hedge funds, this does not mean it comes completely for free.
Investors pay by giving up the positive skewness that they would have had
when they had invested only in managed futures. 

SMART STRATEGY SELECTION

So far we have modeled the asset class hedge funds as a representative port-
folio of 20 different individual funds, a proxy for the average fund-of-funds
portfolio. Although this is what most investors currently invest in, it is inter-
esting to investigate how far it is possible to eliminate the skewness effect
of hedge funds simply by choosing another hedge fund portfolio (i.e., by allo-
cating differently to the various hedge fund strategies available). This is the
approach taken in Davies, Kat, and Lu (2004). Using a sophisticated opti-
mization technique known as polynomial goal programming (PGP), they in-
corporate investor preferences for return distributions' higher moments into
an explicit optimization model. This allows them to solve for multiple com-
peting hedge fund allocation objectives within a mean-variance-skewness-

14 PORTFOLIO ALLOCATION IN HEDGE FUNDS

TABLE 1.6 Allocations and Annualized Change
in Expected Return Portfolios of Stocks, Bonds,
Hedge Funds, and Managed Futures 

Change Expected 
% HF % MF Return PA*

0 0.00 0.00
5 5.48 0.66

10 9.95 1.15
15 13.60 1.53
20 16.55 1.83
25 18.91 2.05
30 20.80 2.23
35 22.33 2.37
40 23.32 2.46
45 24.04 2.53
50 24.40 2.60

*PA = per annum
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kurtosis framework. Apart from underlining the existence of significant dif-
ferences in the return behavior of different hedge fund strategies, the analy-
sis shows that PGP optimal portfolios for skewness-aware investors contain
hardly any allocations to long/short equity, distressed securities, and emerg-
ing markets funds. Equity-market-neutral and global macro funds, on the
other hand, tend to receive very high allocations, which is primarily due to
their low covariance, high coskewness and low cokurtosis properties. Look-
ing back at Tables 1.1 and 1.2, these conclusions do not come as a complete
surprise. The strategies that the optimizer tends to drop are exactly the
strategies that exhibit the most negative skewness. Global macro and equity-
market-neutral strategies come with much more desirable risk characteris-
tics. Global macro funds primarily act as portfolio skewness enhancers,
while equity-market-neutral funds act as volatility and kurtosis reducers
(which is especially important given the relatively high volatility and kurto-
sis of global macro).

An interesting byproduct of the analysis in Davies, Kat, and Lu (2004)
is that introducing preferences for skewness and kurtosis in the portfolio
decision-making process yields portfolios that are far different from the
mean-variance optimal portfolios, with less attractive mean-variance char-
acteristics. This underlines a point made earlier in Kat (2004a) that using
standard mean-variance portfolio allocation tools when alternative invest-
ments are involved can be highly misleading. It also shows that in hedge
fund diversification, there is no such thing as a free lunch. When substan-
tially overweighting global macro and equity-market-neutral strategies,
investors can expect more attractive skewness and kurtosis, but at the cost
of a less attractive expected return and volatility.

Finally, it is interesting to note that many global macro funds tend to
follow strategies that are similar to the strategies typically employed by
CTAs. In fact, some of the largest global macro funds have their origins in
managed futures. The difference between expanding into managed futures
and overweighting global macro funds is therefore probably smaller than
one might suspect. 

CONCLUSION 

The attractive mean-variance properties of typical hedge fund portfolios
tend to come at the cost of negative skewness and increased kurtosis.
Investors can neutralize the unwanted skewness and kurtosis by purchasing
out-of-the-money equity puts, investing in managed futures, and/or by over-
weighting equity-market-neutral and global macro funds and avoiding dis-
tressed securities and emerging market funds. Hedge fund returns are not
superior to the returns on other asset classes, they are just different. 

Integrating Hedge Funds into the Traditional Portfolio 15
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CHAPTER 2
Hedge Funds from the

Institutional Investor’s
Perspective

Noël Amenc, Felix Goltz, Lionel Martellini

While an increasing number of institutional investors are investing part of
their wealth in hedge funds, many are unsure of the optimal allocation

of hedge funds in their portfolios. To address this question, we review the
characteristics of hedge fund strategies. This includes examining the risk
factor exposure and diversification benefits of hedge funds, as well as their
different uses in a core-satellite approach to institutional money manage-
ment. We then discuss the challenges involved in the practical implementa-
tion of a sound investment process that allows institutional investors to
optimally exploit the diversification properties of different hedge fund
strategies. This approach is based on the construction of investable hedge
fund indexes and their use for simplifying the integration of hedge funds in
the investor’s strategic asset allocation.

INTRODUCTION 

Hedge funds have experienced rapid growth over the past decade, and the
industry currently holds almost U.S.$1 trillion in assets under management.
Arguments in favor of hedge fund exposure are not lacking. In its initial
phase, the industry attracted mostly high-net-worth individuals, but it has
now become mainstream. Consequently, more and more institutional
investors have started allocating to, or at least looking at, hedge funds as a
distinct asset class.

17
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Interest from institutional investors comes at a time when they are try-
ing to recover from dramatic affects of downturns in equity markets. This is
especially true among institutions for which declining interest rates have
increased liabilities, at the same time as assets have been reduced. These mar-
ket events have not only put into question the investment practices of insti-
tutional investors in general, and pension funds in particular, but they also
have put emphasis on alternatives to stocks and bonds, such as hedge funds. 

Hedge funds are vehicles that allow investors to gain access to the
benefits of very active investment strategies, which previously were acces-
sible only through the proprietary trading activities of investment banks.
Hedge funds are the ultimate organizational form for these activities, since
hedge funds have flexible legal structures, they are only lightly regulated,
and they offer strong incentives for manager performance. This organiza-
tion allows for flexibility in trading, such as using derivatives, employing
short selling and leverage, and investing in illiquid securities. The most
important characteristic of a hedge fund is that the manager typically does
not tie performance to a reference benchmark, such as a market index or a
peer group of managers. This is different from most mutual funds. Hedge
funds typically use absolute return benchmarks, such as the risk-free rate
plus a given number of basis points. Benchmarking of hedge fund returns
though peer grouping is becoming common practice.

The classic argument of hedge fund providers is that hedge funds pro-
vide investors with access to skilled managers. Sophisticated investors are
usually skeptical of this argument, as is anyone who believes that markets
are efficient and therefore hard to beat even by skilled money managers. A
more widely accepted argument is that, because hedge funds offer risk and
return characteristics that are different from traditional investments, they
are good portfolio diversifiers. This argument recognizes the different types
of risks hedge funds are exposed to as an opportunity for diversification.

Recent academic research has put forward some more subtle arguments
in favor of hedge funds. As discussed by Bansal, Dahlquist, and Harvey
(2004), hedge funds that periodically shift their holdings between different
asset classes allow investors to access the benefits of dynamically con-
structed portfolios, but by using static portfolio construction. In addition,
hedge funds may allow investors to take risks held by a small number of
participants only, and thus perceive high-risk premiums, in accordance with
the segmented markets hypothesis. In fact, while a large portion of the pop-
ulation holds stock market risk, to a lesser extent in small-cap and emerg-
ing market stocks, hedge fund managers have access to less widely held
instruments whose risks are more attractively rewarded.

For institutional investors, the reasons behind the benefits of hedge
funds are of secondary importance only. Such investors are primarily con-
cerned with whether these benefits truly exist and how they can be

18 PORTFOLIO ALLOCATION IN HEDGE FUNDS
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achieved. These concerns are the focus of this chapter. We therefore
investigate how investors can benefit from including hedge funds in their
portfolio. In practice, different approaches to hedge fund investing exist.
Strategic allocation (inclusion of hedge funds styles in the strategic bench-
mark), tactical allocation (timing of style exposure), and manager selection
are nonexclusive ways of capturing the benefits of hedge funds. Likewise, pro-
viders of hedge fund products offer different ways to hedge funds. Investors
may invest in one fund, in several funds, or in a fund of funds (i.e., in a
managed portfolio of single hedge funds). More recently, these providers
have begun to offer investable hedge fund indexes. These indexes are tar-
geting passive institutional investors who are familiar and comfortable with
their equity portfolios. Here we attempt to identify the best form of hedge
fund investing among the different products offered by providers.

In the rest of the chapter, we examine the five most widely used hedge
fund strategies, notably three equity-based strategies—equity market neu-
tral, long/short equity, and event driven—one fixed-income strategy—
convertible arbitrage—and one strategy that uses all types of assets,
including currencies and commodities—CTA/global macro. According to
Credit Suisse First Boston/Tremont (www.hedgeindex.com), these five
strategies held 91 percent of assets under management in the hedge fund
industry at the end of 2003. Likewise, these strategies held 85 percent of
total assets under management by single hedge funds in the Center for
International Securities and Derivatives Markets (CISDM) database. As a
proxy for the return on these hedge fund strategies, we use the Edhec
Alternative Indexes (Amenc and Martellini 2003b). Each of these indexes
can be thought of as the best one-dimensional summary of information
contained in competing hedge fund indexes for the corresponding strat-
egy. The CTA/global macro index is a portfolio that is equally weighted
in the indexes for these two strategies. To represent stocks and bonds, and
to include the effects of international diversification, we use the MSCI
World indexes for equity and for sovereign bonds. Our sample period
starts January 1997, which is the starting date for the Edhec Alternative
Indexes, and ends August 2004. Monthly returns data over the sample
period are collected from the Edhec Web site (www.edhec-risk.com) and
from DataStream for the MSCI Indexes.

RISKS IN HEDGE FUND STRATEGIES

Characteristics of Hedge Fund Returns

One common claim among promoters of hedge fund products is that these
investment vehicles generate absolute returns. This term describes invest-

Hedge Funds from the Institutional Investor’s Perspective 19
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ment strategies that consistently generate positive returns above the risk-
free rate, regardless of prevailing economic conditions and without being
exposed to major drawdowns of the stock and bond markets. Investors are
tempted by strategies that generate absolute returns for two reasons:

1. Because of stable performance, these strategies tend to exhibit low lev-
els of volatility. 

2. An absence of exposure to extreme market events (including market
rallies) implies that the correlation of returns with stocks and bonds
will be low, leading to potential diversification benefits.

Hedge funds, however, are not absolute return investments that deliver
positive returns every month. Table 2.1 reports summary statistics for the
returns of hedge funds as well as for stocks and bonds. Hedge fund returns
show significant dispersion, but this dispersion is lower than for traditional
asset classes, and notably stocks. The upper part of the table shows basic
performance measures, namely the mean return, volatility, and the Sharpe
ratio of each index. The Sharpe ratio measures the expected return in excess
of the risk-free rate, per unit of expected risk, where risk is defined as the
return standard deviation. All hedge fund indexes have a Sharpe ratio that
is superior to that of the stock and bond indexes. In addition, the Sharpe
ratio of 1.4 and 1.3 for strategies that are strongly related to the equity
market, event-driven, and long/short equity respectively, are lower than that
obtained for equity-market neutral and non-equity-related strategies (con-
vertible arbitrage and CTA/global macro). The table also suggests that the
low volatility of the hedge fund indexes is partly responsible for their favor-
able Sharpe ratio. In fact, four of five strategies show volatility below that
of bonds, sometimes only half that of bonds.

Table 2.1 also reports downside risk measures. These provide a more
direct representation of hedge funds as capital preservers. For hedge funds,
the percentage of months with negative returns is substantially lower than
for stocks and bonds. The hedge fund indexes have negative returns
between 5 to 30 percent of the months over our sample period, while both
stocks and bonds show negative returns in almost 50 percent of the months.
This paints a different picture of the risk of bonds from that suggested with
low volatility. Furthermore, none of the hedge fund indexes suffered from
any “crash” months. This is in sharp contrast to stocks, which posted a
dramatic −13.8 percent decrease in October 1998. For the equity-market
neutral, convertible arbitrage, and CTA/global macro indexes, the worst
monthly return is not as low as the worst monthly return for bonds. The
Sortino ratio, which replaces the volatility in the Sharpe ratio with down-
side deviation from a target return, confirms the superiority of hedge funds
over traditional assets. The Sortino ratios for hedge fund indexes are
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superior to the MSCI World index, even though this index is not exposed to
drawdowns of stocks in any particular country, but diversifies between the
stock markets of all developed economies around the world. In addition,
four out of five hedge fund strategies show higher Sortino ratios than the
bond index, and one strategy, event-driven, has a Sortino ratio comparable
to that of bonds. While the performance measures reported in Table 2.1 are
favorable to the different hedge fund strategies, considerable variation in
their returns suggests that these strategies did not deliver absolute returns.

A more fundamental reason for the claim that hedge funds deliver
absolute returns is that hedge funds are meant to offer positive returns over
the risk-free rate but without being exposed to market risk. The rationale is
that the excess return generated by hedge funds constitutes a remuneration
of manager skill, or alpha, rather than a reward for taking on risks. How-
ever, this interpretation depends on specific assumptions that are not neces-
sarily valid. In order for the risk-free rate to be an adequate benchmark of
hedge fund performance, a hedge fund investment should have a net zero
exposure to market risk, and market risk should be the only risk factor. In
other words, the single-factor capital asset pricing model (CAPM) must
hold and the investment’s beta must be zero. Beta neutrality, however, is not
inherent in most hedge fund strategies. Even strategies that claim to be mar-
ket neutral usually have a low beta, but rarely a beta of zero. More impor-
tant, there is a consensus among academics and practitioners that multiple
rewarded risk factors exist in financial markets, which has led to the devel-
opment of multifactor models. The most salient additional risk factors are
the value and small-cap factors used in the Fama-French three-factor
model. In addition, changes in volatility and credit spreads have been found
to have an impact on asset returns. Therefore, the excess return above the
risk-free rate would be a measure of manager skill only if the given invest-
ment has zero exposure to all these risk factors. The growing literature on
risk factors of hedge fund strategies suggests that these investments are
exposed to a wide range of risk factors (Fung and Hsieh 1997a; Agarwal
and Naik 2004). These risk factors tend to be different from the ones tra-
ditional asset classes are exposed to. Furthermore, they tend to differ
among different hedge fund strategies. It turns out that risk-factor exposure
explains some of the favorable properties of hedge funds.

The argument of absolute returns distracts attention away from the
risks inherent in hedge fund strategies. This is not helpful for an investor
who seeks to understand the precise nature of strategy risks. Funds of hedge
funds, for example, typically show low realized volatility or low target
volatility. This low volatility is linked more to diversification between dif-
ferent hedge fund strategies and their different underlying risk factors 
than to low volatility of their components, namely individual hedge funds.
Furthermore, simple risk measures, such as volatility, do not account for 
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the dynamic and nonlinear dimensions of hedge fund risks (Lo 2001).
Likewise, low correlations do not imply that hedge funds offer absolute
returns. The low correlation of hedge fund returns with those of equities
and bonds can be linked to exposure of hedge funds to risk factors that are
different from the risk factors driving stock and bond returns.

Exposure to Risk Factors

It is instructive to analyze how different hedge fund strategies are exposed
to multiple risk factors. The general features of hedge funds include a num-
ber of risk/return characteristics that are directly linked to the investment
freedom hedge fund managers enjoy. The possibility to invest in derivatives,
for example, leads to nonlinear risk exposures. The dynamic nature of the
strategies followed by hedge funds leads to the same effect, even if no deriv-
atives are used. Event-driven strategies illustrate this point. Merger arbi-
trage is probably the best-known example of an event-driven strategy.
Merger arbitrage managers bet on the realization of merger deals that have
been announced but are not yet concluded. These managers take positions
that are similar to a short put position on the equity market (Mitchell and
Pulvino 2001). Thus, the returns of merger arbitrage hedge funds depend
on the returns of the equity market, but in a nonlinear way. In rising equity
markets, the performance of merger arbitrage funds is usually constant and
positive, but in adverse equity market conditions, returns can quickly
become negative. This is because merger arbitrage strategies collect a risk
premium from insuring the risk of deal failure. It is more probable for merg-
ers to not be realized in down markets than in up markets.

In addition to allowing investors to gain nonlinear exposure to risk fac-
tors, hedge funds may provide access to additional sources of risk, such as
volatility risk. A buy-and-hold position in a stock index will not be exposed
to a risk of changes in expected or realized volatility. The value of an option
on this index, however, depends on volatility, so the option position is
exposed to changes in volatility. The value of a call option on the index will
rise with increasing volatility, because the likelihood of obtaining positive
outcomes on the index will be higher. That the chance of negative outcomes
also increases does not matter to the option holder, as any outcome below
the exercise price leads to an option payoff of zero.

To obtain a precise idea of the risks factors underlying each strategy
and the nature of the dependency, we look at correlation coefficients of
hedge fund index returns with a number of risk factors. We identify 10 fac-
tors that constitute sources of risk in financial markets. For factors related
to equity markets, we use the change in implied volatility of equity index
options as measured by the Chicago Board Options Exchange (CBOE)
Volatility Index (VIX). We also use value versus growth and small-cap versus
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large-cap returns spread. Equity market returns are proxied by returns on
the Standard & Poor’s (S&P) 500 index. Factors reflecting the conditions
in the bond markets are the term and the credit spread, mean, and volatil-
ity of treasury bond returns and of treasury bill returns. Finally, we consider
exposure to commodity prices. Appendix 2.1 describes the proxies used for
each factor in more detail.

Table 2.2 presents the risk factors that influence each strategy. It shows
the correlation coefficients for factors for which each hedge fund strategy
has significant exposure. The table indicates that most strategies are ex-
posed to the equity market, as proxied by the return on the S&P 500 index.
In fact, all strategies except CTA/global macro have a significant and posi-
tive exposure to the equity market. Looking at the equity-based strategies,
namely equity-market neutral, long/short equity, and event-driven, the small-
cap versus large-cap spread has a positive and significant impact, suggest-
ing that part of the returns of these managers comes from holding small-cap
stocks and assuming the associated risks. It is more difficult to implement
short position on small-cap stocks than for large-cap stocks, so most equity
hedge fund managers end up with a long position in the small-cap versus
large-cap spread. Likewise, changes in market volatility impact on the
returns of all three equity-based strategies. For event-driven, this is con-
sistent with the analogy of these strategies, notably merger arbitrage, to a
position in a put option. The sign of the correlation coefficient is negative,
as expected, since a short put position loses money when volatility rises.
Long/short equity and equity-market-neutral managers have similar expo-
sure to volatility risk. This suggests that short Vega strategies are employed
by many equity-market-neutral managers. For long/short equity, there is a
negative relation with the value versus growth spread, suggesting that a sys-
tematic long/short strategy that buys growth stocks and sells value stocks
explains part of the returns of long/short equity managers.

All equity-based strategies are negatively affected by the credit spread
(the difference in yield-to-maturity between corporate and treasury bonds).
This suggests that managers following these strategies hold long positions
in stocks with high exposure to default risk and short positions in stocks
with low credit risk, which is consistent with them holding long positions
in the small-cap versus large-cap spread. The yield of Treasury bills affects
a number of strategies, since these can benefit from an increase in short-
term interest rates with their short positions. A number of strategies bene-
fit from flattening of the yield curve, or high bond market returns. Low
levels of bond returns volatility usually affect CTA/global macro managers
negatively. The returns of CTA/global macro also depend on prices in com-
modity markets.

The characteristics of hedge fund strategies and their exposure to risk
factors suggests that hedge funds, rather than being absolute return vehicles,
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show significant exposure to a variety of risk factors. However, rather than
being a drawback, investors may actually derive benefits from such multi-
ple risk exposures. Hedge fund strategies offer return characteristics that
are different from investments in stocks and bonds. The question for
investors is how this can be used to improve the diversification of their port-
folio. We analyze the impact of adding hedge fund strategies to a diversified
portfolio in the next section.

DIVERSIFICATION BENEFITS

As shown in Table 2.1, the motivation for hedge fund investing stems from
favorable risk and return characteristics. Hedge funds exhibit both low
volatility and low downside risk, while achieving returns that are consider-
ably above those of bonds. Investors looking for capital preservation would
naturally favor investments that generate stable positive returns. The assess-
ment of the stand-alone benefits suggests that investors should replace stock
and bond portfolios by a portfolio of hedge funds.

Instead of considering hedge funds as stand-alone investments and dis-
carding stocks and bonds altogether, we address the benefits of hedge fund
investing within a portfolio context, namely, as an addition to stocks and
bonds. From a practical perspective, investors try to avoid dramatic shifts
in allocation, since these lead to high transaction costs. Furthermore, most
investors are only beginning to build up experience in hedge fund investing
and are thus unwilling to allocate more than a small part of their portfolio
to hedge funds. From a theoretical perspective, the choice between invest-
ment opportunities must take into account portfolio effects. Adding a stock
with low returns and high volatility to a portfolio of stocks may provide
benefits if the stock has low correlation with the existing stocks. Our focus
is therefore on mixing rather than on choosing between alternatives. Table
2.2 indicates that hedge funds offer a risk exposure that differs from hold-
ing stocks and bonds only, and thus have low correlation with these assets.
Adding hedge funds to a portfolio composed of traditional assets therefore
allows for diversification.

Conditional Correlations

The correlations of financial assets are constant neither in time nor across
states of the world. Rather, correlations are both time- and state-dependent.
In particular, dependencies tend to be higher in times of market downturns.
During market downturns, correlations between equity markets in different
countries increases significantly (Longin and Solnik 1995). Therefore, diver-

26 PORTFOLIO ALLOCATION IN HEDGE FUNDS

c02_gregoriou.qxd  6/23/05  3:07 PM  Page 26



sification benefits assessed over the whole time period may not reflect the
benefits investors expect in times of market turmoil, when those benefits are
most valuable. In other words, the unconditional diversification benefits
may not hold conditionally. Dependence conditional on down markets may
be higher than unconditional dependence.

Table 2.3 assesses the dependence in two states of the equity market,
namely negative or positive returns. The results are shown both with hedge
fund indexes and with equity market indexes for different countries. The
beta with the MSCI World index was chosen as the measure of dependence.
This can be justified by the fact that beta indicates the marginal risk of an
asset (its contribution to the volatility of a portfolio) and therefore has a
more direct interpretation than the correlation coefficient.

Table 2.3 shows betas calculated using the returns of months with pos-
itive returns (up) and negative returns (down) of the MSCI World index.
The betas of hedge funds with the world equity market are significantly
lower than the betas of country indexes with the world equity market. Most
betas for hedge fund strategy are lower than 0.1, while the minimum of the
betas for country indexes is 0.35. Also, the down market betas of hedge
funds stay below 0.4 for all strategies, which is still lower than the up-mar-
ket betas of international equity. Moreover, for most international equity
indexes betas significantly increase in down markets with respect to up-
market conditions. However, four out of five hedge fund strategies have
remarkably stable betas over the two market states. This suggests that the
diversification benefits of hedge funds hold in down markets and that the
diversification effects from hedge funds are more stable across different
states of the market than those from international equity. In this respect,
hedge funds constitute a solution to the unfavorable conditional correla-
tions of stock markets across different countries.

Hedge Funds from the Institutional Investor’s Perspective 27

TABLE 2.3 Conditional Betas, January 1997 to August 2004

Upa Downb Upa Downb

Equity-Market Neutral 0.06 0.06 MSCI Japan 0.35 0.55
Convertible Arbitrage 0.09 0.07 MSCI Germany 1.16 1.34
CTA/Global Macro 0.09 0.09 MSCI USA 1.05 0.79
Event Driven 0.13 0.33 MSCI Emerging Markets 0.67 1.22
Long/Short Equity 0.28 0.34 MSCI France 0.99 1.02

MSCI UK 0.65 0.86

aMonths with positive returns for the MSCI world index.
bMonths with negative returns for the MSCI world index.
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Higher Moments
Diversification benefits can arise from low correlation or low contribution
to the volatility of the final portfolio. Likewise, standard performance
measures used to describe hedge fund returns essentially rely on the mean
and the volatility. This poses a problem, since asset returns are not fully
described by their mean and volatility (the first two moments of the return
distribution). It is only under the restrictive assumption of normally dis-
tributed returns that the first two moments are sufficient to describe the dis-
tribution completely. For a normal distribution, the skewness (the third
standardized moment, a measure of asymmetry) is 0 and the kurtosis (the
fourth standardized moment, a measure of tail thickness) is 3. Normally
distributed returns are symmetric around the mean, and extreme events,
such as returns above or below three standard deviations away from the
mean, have a very probability of occurring (about 0.1 percent). This is con-
trary to empirical descriptions of asset returns. For example, asymmetry is
especially pronounced for option strategies or hedge funds using options.
This asymmetry is reflected by skewness different from zero. Likewise,
extreme market events, such as the 1987 stock market crash, have empha-
sized the importance of considering the kurtosis of the return distribution.

Table 2.4 shows descriptive statistics of the monthly returns of hedge
fund, stock, and bond indexes. The values of skewness and excess kurtosis
(kurtosis −3) show that asymmetry and fat tails are present in the distribu-
tion of returns of all hedge fund strategies. The event-driven index exhibits
the most pronounced departure from normality. Returns are left skewed,
with a skewness of −2.1, and kurtosis is 10.4 higher than that of a normal
distribution. This shows that the annualized mean returns of 12 percent and
a standard deviation of 6 percent cannot alone describe the returns distri-
bution. Investors are exposed to the possibility of extreme returns, as indi-
cated by high kurtosis. Moreover, these extreme returns are more likely to
be negative than positive, as indicated by negative skewness. From the inter-
pretation of event-driven strategies as a short put position, these distribu-
tional properties seem particularly plausible. Table 2.4 also indicates that
the excess kurtosis and skewness of hedge fund index returns are more pro-
nounced than those of stock and bond index returns. The Jarque-Bera sta-
tistic tests each index for normally distributed returns. Statistically
significant departures from normally distributed returns are noted with an
asterisk in the Jarque-Bera probabilities. Normality is rejected for three out
of five hedge fund strategies, but not for stocks or bonds.

Because investors have preferences over higher moments of the returns
distribution, it is crucial to assess how an asset contributes to the different
moments of the portfolio’s return distribution. We calculate betas for all four
moments. The second-moment beta is the contribution of an asset to the sec-
ond moment (volatility) of the portfolio when a small fraction of this asset
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is added. This corresponds to the standard Capital Asset Pricing Model
(CAPM) beta commonly used in investment analysis. The third-moment and
fourth-moment betas represent the contribution to the portfolio’s third 
and fourth moments. Table 2.5 presents the different betas for the hedge
fund strategies, when adding these to a portfolio of equities or bonds. In gen-
eral, the lower the beta, the higher the diversification benefit of adding this
strategy to a portfolio of traditional assets. Martellini and Ziemann (2004)
examine higher-moment beta estimates and the interpretation of these esti-
mates, in the context of portfolio analysis. In particular, they show that the
addition of a small fraction of new assets to a portfolio, such as a hedge fund,
decreases the portfolio’s moments, but only for moment betas less than 1.

Table 2.5 indicates that adding hedge funds to a portfolio of stocks and
bonds not only allows volatility to be reduced, because of low correlation,
but also improves asymmetry and reduces extreme risks (because of favor-
able cokurtosis and coskewness). Examining these betas therefore may help
investors choose strategies in which to invest, depending on the initial port-
folio they hold. For example, long/short equity appears to be a good diver-
sifier for a bond investor, but not so much for a stock investor. These
features of diversification indicate that the improvement in terms of risk
and return from adding hedge fund strategies can be substantial.

Risk/Return Trade-Off

Broadly speaking, investors may benefit from including hedge funds in a
broad portfolio of assets if their returns behave differently from the returns
of the assets already included. The conditional betas of Table 2.5 suggest
that hedge funds offer more stable diversification than international equity.
Examining higher-order comoments showed that hedge funds dispose of
risk-reducing properties when skewness and kurtosis are considered, in
addition to portfolio volatility.

The chief motivation for investors wishing to include hedge fund strate-
gies in their portfolios is an improvement of their risk/return trade-off. We
assess the benefits of including hedge funds in a portfolio comprised of
stocks and bonds only. Again, we use the MSCI World indexes as proxies
for stock and bond returns. We stress that using world indexes leads to a
conservative estimate of the diversification potential of hedge funds, since
the stock and bond components of the portfolio are themselves already
diversified across countries.

We compute efficient frontiers using a risk measure that takes into
account the first four moments of the returns distribution. That is, we com-
pute a modified value at risk (VaR), which yields an estimate of the
expected loss at our chosen 99 percent confidence level. The modified VaR
is obtained by using a critical value that incorporates the skewness and
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kurtosis of the returns distribution via a Cornish-Fisher expansion (Zangari
1996). Figure 2.1 shows the efficient frontiers in the mean/VaR space.

The dashed line shows portfolios that minimize the VaR of portfolio
returns for a given mean level of returns. The other lines show this same
frontier when hedge funds are included. The risk/return trade-off achieved
with hedge funds is more favorable. Indeed, the efficient frontier shifts
toward the northwest, suggesting that hedge funds offer diversification ben-
efits. This is chiefly due to their favorable comoments with portfolios of
traditional assets. The investor’s opportunity set is substantially improved, as
can be seen by the magnitude of the shift of the frontier and compared to
when only stocks and bonds are considered.

It is also evident from the figure that the different strategies do not offer
the same potential for diversification. In fact, some strategies serve as return
enhancers in that they allow the investor to achieve higher returns for given
levels of risk. This is the case for CTA/global macro, event-driven, and
long/short equity strategies. The upper right-hand side of Figure 2.1 indi-
cates that portfolios that include these strategies offer particular high
returns for high levels of risk. This may be appealing to investors who seek
to enhance their returns. Some strategies, however, allow investors to sig-
nificantly decrease risk. This is the case for equity-market neutral and con-
vertible arbitrage strategies.
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FIGURE 2.1 Efficient Frontiers in Mean Value-at-Risk Plane
Risk-return trade-off when a hedge fund strategy is added to the investor’s asset
menu of stocks and bonds. Value-at-risk is estimated using a Cornish-Fisher
expansion. The indexes used for hedge fund strategies are the five Edhec indexes.
Stock and bond returns are proxied for by the returns of the MSCI World Equity
and the MSCI World Sovereign Bonds index. Base on monthly returns data for the
period January 1997 to August 2004.

c02_gregoriou.qxd  6/23/05  3:07 PM  Page 32



SEPARATING ALPHA AND BETA MANAGEMENT 

Alpha and Beta Benefits

Hedge funds can provide investors with two types of rewards, just as in the
case of any active investment strategy. Modern portfolio theory suggests
that returns on a portfolio, in excess of the risk free, can originate from
three distinct sources, as described in this relationship:

Excess return on the portfolio = normal return + abnormal return
+ statistical noise

The normal return, or beta benefits, corresponds to the market’s reward
for the risks to which the portfolio is exposed. It corresponds to a premium
for these risks, which can be evaluated with a single-factor model like the
CAPM or with a multifactor model. Multifactor models were justified by
an equilibrium argument by Merton (1973) and by an arbitrage argument
by Ross (1976). 

Hedge funds offer three different types of beta benefits:

1. Traditional beta benefits emanating from exposure to stock and bond
returns

2. Beta benefits emanating from exposure to other risk factors in equity
markets, such as small-cap versus large-cap spread, value versus growth
spread, or implied volatility, and in bond markets, such as term spread,
credit spread, or bond returns volatility

3. Other alternate beta benefits, such as commodity price levels or cur-
rency rates

While the first type of beta benefit does not improve the investor’s set
of investment choices, the two latter beta benefits expand the investor’s
risk-taking opportunities. The abnormal return, or alpha benefit, represents
the portfolio manager’s expertise. Portfolio managers, through superior
information or better ability to process commonly available information,
sometimes obtain profits that are not due to exposure to rewarded risks.
While the existence of alpha is sometimes questioned, alternative betas
should be regarded as more reliable because they correspond to a fair
reward for exposure to risk factors. 

Hedge funds have organizational features that allow their managers to
fully exploit their skills, thereby offering ideal conditions for alpha genera-
tion. The performance of an active manager, as defined as the information
ratio, depends on the quality of the bets the manager takes, the number of
bets taken, and the tracking error imposed on the manager (Grinold and
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Kahn 2000). The absence of a tracking error constraint allows hedge fund
managers to fully exploit their talent and ultimately increases their infor-
mation ratios. Just as in the case of beta benefits, different sources of alpha
may be distinguished, alpha from security selection and alpha from timing
the exposure to different risk factors.

Since hedge funds offer both alpha and beta benefits, they constitute a
diversification tool for strategic asset allocation decisions, but also a poten-
tial source of outperformance. This dual character of hedge funds fits per-
fectly into the modern investment process that separates management of
alphas and betas by organizing the portfolio into a core and a satellite. The
core-satellite approach separates beta management, namely choice and con-
struction of a benchmark, and alpha management, namely management of
active risk. This approach has three advantages:

1. A passive core and an active satellite involve lower management fees
compared to an active global portfolio with tracking error constraints
(Amenc, Malaise, and Martellini 2004).

2. The approach permits access to the specific expertise of specialized man-
agers for alpha management, such as boutique managers or specialists,
and for beta management, such as index funds or passive mandates.

3. It leads to improved risk management because the asset allocation deci-
sion in the core is separated from the alpha generation in the satellite.

Next, we examine how hedge funds can be used for separate beta and
alpha management.

Beta Management

The beta exposure seeks to use the portfolio itself as the benchmark. The
objective of such a benchmark is not to track a given index, but rather to
define over a long horizon the risk and return properties the investor con-
siders optimal. The risk/return profile sought by the investor typically
depends on liabilities and on preferences. The construction of a benchmark
usually relies on a mix of generic indexes. When dealing with hedge funds
and traditional asset classes, investors may be confronted by two situations.
First, if investors do not have enough expertise in asset allocation, a global
index meant to represent the risk/return characteristics of a given asset class
will be selected by investors. Second, if investors wish to identify the port-
folio with the optimal risk/return trade-off, an allocation to a subset of
indexes will be made. These indexes are meant to represent risks to which
investors want exposure over a long investment horizon.

It has been shown that, over long investment horizons, the benchmark
or the strategic allocation of an investor constitutes the principal source of
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performance and of the risk of the portfolio. This is a well-known result for
funds investing in traditional asset classes and has recently been confirmed
in the case of funds of hedge funds.

Indexes seem to be the natural investment vehicle for beta management.
In equity investing, decisions such as transition management or manage-
ment of cash inflows are usually dealt with by using index products. Like-
wise, market timing and tactical asset allocation strategies are typically
implemented with index futures or tracking funds. It is therefore natural to
associate beta management with indexes. However, investors may choose
also to capture hedge fund risk exposure by investing in individual hedge
funds or in a fund of funds.

It turns out, however, that investors have good reason to use indexes
for allocation. By investing in a fund of hedge funds or selecting a portfo-
lio of individual hedge funds, investors necessarily reduce their coverage of
the hedge fund universe to a very limited number of products. Typically, this
is done deliberately, as investors or fund-of-funds managers hope to select
good funds and avoid bad funds. This selection, however, should be sepa-
rated from the asset allocation decision, since the aim is not to optimize the
risk/return trade-off but rather to generate overperformance (i.e., to create
alpha benefits). 

For investors, the selection of funds is risky. Historically, the returns of
hedge funds within a given strategy are quite dispersed. Figure 2.2 illus-
trates this point for the long/short equity strategy. Choosing only a few
funds may leave investors with returns that no longer resemble the aggre-
gate return of managers following that strategy. Investment in hedge fund
indexes, however, protects investors from this selection bias. Just like
indexes for stocks or bonds, these indexes deliver the anticipated returns of
the asset class or investment style.

In addition to selection bias, a fund of hedge funds leaves the investor
with hedge fund strategies chosen by the fund of funds manager rather than
by the investor. Not only might the resulting allocation be not optimal for
a given investor, it likely also varies over time according to rebalancing done
by the fund of funds. Therefore, to be in control of the allocation, an
investor would prefer using hedge fund indexes.

However, this does not imply that hedge funds belong to the satellite
portfolio, while traditional investments belong to the core portfolio. The
diversification benefits and the risk-factor exposure of hedge funds suggest
that they have their place in the core portfolio. Since hedge funds give access
to the betas and risk premiums of additional risk factors, their inclusion is
an explicit allocation choice that modifies investor benchmarks and not an
attempt to enhance returns above the benchmark by adding a satellite com-
ponent. In other words, allocation to hedge funds modifies the benchmark
but adds no tracking error. 
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Alpha Management

Hedge funds have a privileged place in the satellite portfolios of institu-
tional investors for a number of reasons. Investors wishing to maximize the
use of the tracking-error budget naturally want funds that are very active
and, above all, that generate positive alpha. In addition, since hedge funds
have low correlation with traditional asset classes, hedge fund portfolios
can be easily transported to a different portfolio; strategic allocation of the
overall portfolio will not be substantially influenced. This is referred to as
the portable alpha benefits of hedge funds (Fung and Hsieh 2004a).

For alpha management, investors frequently turn to funds of funds to
gain exposure to hedge funds. Funds of funds typically justify their fees by
adding value from three sources:

1. By selecting the best individual hedge funds
2. By allocating between different hedge fund strategies
3. By protecting investor capital through due diligence, risk monitoring,

and reporting
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Beta management is still important for funds of hedge funds that con-
centrate on identifying alpha benefits. They need to manage their strategy
exposure when trying to avoid implicit style bets that result from manager
selection.

A different way of generating alpha with hedge funds is of focusing on
dynamically changing allocation to different hedge fund strategies. Such an
investment strategy is a straightforward extension of dynamic allocation
between different asset classes or investment styles that is known in the
long-only universe as global tactical asset allocation programs. Amenc, El
Bied, and Martellini (2003) provide encouraging evidence of predictability
in hedge fund index returns through the use of (lagged) multifactor models.
With information on the past values of 10-variables that proxy for market
risk, volatility risk, default risk, and liquidity risk, a significant amount of
predictability is found for six out of nine hedge fund strategy indexes.
Investors may take advantage of such predictability by using a timing strat-
egy among various other hedge fund strategies.

Obviously, some features of hedge fund investments prevent investors
from actually implementing such a strategy. In particular, the absence of liq-
uidity and the presence of lockup periods pose a problem. Therefore, inter-
strategy tactical allocation offerings based on the predictability of hedge
fund strategies have experienced little growth in the past. However, the
availability of investable indexes that track the returns of different hedge
fund strategies has encouraged the emergence of offerings of that kind.

HEDGE FUND INDEXES

For the tasks of strategic allocation and tactical allocation, investors need
to rely on hedge fund indexes that are both investable and representative. It
has often been argued that two distinct purposes of indexes should be dis-
tinguished: an index can be used (1) as a benchmark for investments in spe-
cific styles, instruments, or locations, or (2) as an investment vehicle. On
one hand, indexes that act as benchmarks have to be unambiguous, verifi-
able, accountable, and representative. On the other hand, an investable
index should enjoy the same properties and, in addition, be investable. It is
important to note that these requirements should be achieved at the same
time; if an investable index does not have the defining properties of an
index (unambiguous, verifiable, accountable, and representative), it should
not be called an index but rather a fund of hedge funds.

Representativity
Due to the scarcity of information, representativity through market capital-
ization is difficult to apply to hedge funds. As a result, finding a benchmark
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that is representative of a particular management universe is problematic.
The different indexes available on the market are constructed from differ-
ent data, using different selection criteria and methods of construction, and
evolve at different paces (Amenc and Martellini 2003b). Because of this het-
erogeneity, investors cannot rely on competing hedge fund indexes to obtain
an accurate picture of hedge fund performance. One serious problem is that
existing hedge fund style indexes provide a confusing view of the alternative
investment universe, because the collection of these indexes is neither collec-
tively exhaustive nor mutually exclusive. Hedge fund indexes are built from
databases of individual fund returns, so they inherit the shortcomings of data-
base, especially in terms of scope and quality of data. Providers of hedge
fund indexes use three main competing databases: TASS Tremont, Center
for International Securities and Derivatives Markets (CISDM), and Hedge
Fund Research (HFR). While all three databases are marred by biases such
as survivorship bias, selection bias, and instant history biases, they are far
from being homogeneous. For example, HFR excludes managed futures;
TASS and Managed Account Reports (MAR) include them. Most hedge
funds report to a single database vendor only. Among the 1,162 funds in
HFR funds and the 1,627 funds from TASS, only 465 are common to both
databases. Fifty-nine percent of the funds that are still active, and 68 percent
of the funds that no longer report to HFR are not part of the TASS data-
base. Of the 465 funds found in both the HFR and TASS databases, only
154, or 33 percent, were included in both databases at the same time.

As a result of the incompleteness and heterogeneity of hedge fund data,
existing hedge fund indexes suffer from two major shortcomings: They lack
full representation, and they are biased. 

Existing indexes are not fully representative. During the 1960s and
1970s, a good index was one that was representative of the value-weighted
portfolio of all traded assets. The real challenge was to provide investors
with the closest approximation of the true market portfolio. This does not
easily extend to the alternative investment universe. Hedge funds are not
subject to mandatory reporting, so an estimate of the assets under manage-
ment by the entire industry is difficult to obtain. This is why all existing
hedge fund indexes, except CSFB/Tremont, use an equally weighted, as
opposed to value-weighted, construction. Besides, because of the lack of
regulation on hedge fund performance disclosure, existing databases cover
only a relatively small fraction of the hedge fund population. Slightly over
half of existing hedge funds choose to self-report their performance to a
major hedge fund database. Consider the fact that one of the most popular
hedge fund indexes, the Evaluation Associates Capital Markets (EACM)
100, accounts for no more than a tiny fraction of all existing hedge funds
(100 selected from among more than 7,000 funds).
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The second shortcoming is that existing indexes are biased. Most hedge
fund indexes are based on managers’ self-reported styles. Given that these
managers jealously protect their investment strategies, indexes must rely
on managers to accurately self-report their style. This makes sense only
when a manager follows a unique investment style and when a manager’s
self-reported style matches his or her actual trading strategies. None of these
assumptions can be taken for granted. In particular, style drift is recognized
in the industry. As opportunities eventually disappear in their original
strategies, some hedge fund managers commonly start looking at other
markets and adopting other strategies.

This diversity in selection criteria and in methods of construction poses
serious problems to investors. As an illustration, consider the return differ-
ences of competing indexes available on the market, reported in Table 2.6.
Significant performance differences within the same strategy are commonly
observed between the different competing indexes. This phenomenon is
particularly noticeable in periods of crisis, between August 1998 and Octo-
ber 1998. The heterogeneity of the information supplied by the different
index providers is spectacular. During October 1998, the performance of
the CSFB and Altvest Global Macro indexes differ by over 14 percent. The
increasing number of index providers and of construction methodologies
highlights the problem of data heterogeneity. Competing hedge fund
indexes are not representative and do not provide investors with a consis-
tent pattern of hedge fund performance.

In response to the needs of investors for more representative bench-
marks, the Edhec Risk and Asset Management Research Center has pro-
posed an original solution by constructing an index of indexes. Given that
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TABLE 2.6 Heterogeneity in Competing Hedge Fund Indexes, 
January 1998 to December 2003

Max 
Differences Lowest Return Highest Return 

Hedge Fund Strategy (%) Date (%) (%)

Convertible Arbitrage 7.55 Dec 01 EACM (−6.93) Hennessee (0.62)
CTA 7.50 Dec 00 Barclay (6.00) S&P (13.50)
Global Macro 14.17 Oct 98 CSFB (−11.55) Altvest (2.62)
Equity-Market Neutral 5.00 Dec 99 Hennessee (0.20) Van Hedge (5.20)
Event Driven 5.37 Aug 98 CSFB (−11.77) S&P (−6.40)
Long/Short Equity 9.51 Feb 00 Altvest (3.50) CSFB (13.01)
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it is impossible to identify the best existing index, we use a combination of
competing indexes to identify common information about a given invest-
ment style. One straightforward method for obtaining a composite index
based on various competing indexes is to compute an equally weighted
portfolio of all competing indexes. This would provide investors with a
convenient one-dimensional summary of competing indexes. In particular,
because hedge fund indexes are based on different sets of hedge funds, the
resulting portfolio of indexes would be more exhaustive than any individ-
ual indexes. We can push the logic one step further and use factor analysis
to extract the best possible one-dimensional summary of a set of competing
indexes and can design indexes that can achieve the highest possible degree
of representativity. This methodology, which is a natural generalization of
the idea of taking a portfolio of competing indexes, was first introduced in
Amenc and Martellini (2003b) and has led to the design of the Edhec Alter-
native Indexes (www.edhec-risk.com). Because the Edhec indexes exhibit
representativity and stability significantly higher than those of individual
indexes, we use them throughout this chapter to proxy the returns on var-
ious hedge fund strategies.

Investability

The concern that existing hedge fund indexes are not representative of the
universe has been intensified by the recent launch of several investable
hedge fund indexes. Indexes provided by Standard and Poor’s, Hedge Fund
Research, Credit Suisse First Boston/Tremont (CSFB/Tremont), Financial
Times Stock Exchange (FTSE), and Morgan Stanley Capital International
(MSCI) are among the best-known examples. The objective of these
investable indexes is to allow a broad range of investor access to alternative
investment strategies at low cost. These indexes do not attempt to be repre-
sentative of the hedge fund universe. Instead, they choose a limited number
of funds that are open to new investors and that guarantee a minimum
investment capacity. These indexes are not therefore intended to be used as
a reference for the hedge fund market, but rather to provide a convenient
and inexpensive way for investors to access hedge funds. Investable hedge
fund indexes are even less representative of the universe than noninvestable
indexes. This lack of representativity is unsatisfactory for investor beta
management and alpha management. For beta management, allocating
nonrepresentative indexes implies that the risk and return of the investor’s
portfolio will depend more on the quality of the provider’s fund selection
and on the construction biases specific to the index than on the allocation
decision of the investor. For alpha management through tactical allocation
between hedge fund strategies, the mixture of strategies in a global index
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means that the investor cannot implement any bets between strategies.
Likewise, strategy indexes that suffer from selection bias and do not repre-
sent the given strategy deprive the investor of precise control of strategy
exposure. The success of investable hedge fund strategy indexes, and their
positioning with funds of hedge funds, therefore strongly depends on the
capacity of index providers to improve the investability of their indexes
without sacrificing representativity. This is not a trivial task, because to be
fully representative, an index has to cover the whole universe or a whole
strategy, including closed funds.

Reconciling Investibility and Representativity

Given these problems, it is questionable whether designing investable
indexes for hedge funds is a feasible task. Goltz, Martellini, and Vaissié
(2004) shed some light on this issue by showing that factor-replicating port-
folios can be used to construct representative indexes based on a limited
number of funds. More precisely, portfolios containing a small number of
hedge funds can be made representative by properly selecting funds and
designing optimal portfolios. We apply this methodology to an investor who
has access to a small database of hedge funds. This is important because, in
reality, an investor does not have access to the broad universe of funds
included in a large database because many funds are closed for new invest-
ment, and others may not be accessible for different reasons. Here we use
Lyxor database of 121 managed accounts (www.lyxor.com). This platform
is widely used in the industry and guarantees high accessibility of its funds,
many with daily liquidity.

The first question is how best to represent the common trend for a cer-
tain hedge fund strategy. Starting with the CISDM database of returns of
3,500 hedge funds, we extract the combination of individual funds that cap-
ture the largest possible fraction of the variability contained in the data. Tech-
nically speaking, this amounts to using the first component of a principal
components analysis (PCA) of funds returns as a factor. The selection crite-
rion is the loading of individual funds on the first principal component. The
higher the loading of a fund on the first principal component, the higher its
contribution to the common trend in hedge fund returns following a given
strategy. Given that the first eigenvector corresponding to the first principal
component is determined so as to maximize the variance of the corresponding
linear combination of fund returns, high factor loadings will be allocated to
funds that have been highly correlated with their group over the calibration
period. Such funds should be the most representative of their group. 

Selecting from the Lyxor platform of managed accounts, which is con-
siderably smaller than the universe represented by the CISDM database, we
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form factor-replicating portfolios that track the principal component. As
suggested by Fung and Hsieh (1997a) in their analysis of hedge fund per-
formance, in the selection stage we retain only those funds in the Lyxor
database that are highly correlated to the principal component for which
the replica is constructed. Having selected the funds, we optimize their port-
folio weights to deliver the maximal correlation of the replicating portfolio
returns with the corresponding principal component. 

Using monthly returns data from October 2001 to September 2004, for
each strategy we choose 8 to 12 funds that are closest to the first principal
component extracted from the CISDM database, and we select portfolio
weights to maximize correlation with the first principal component. We
also constrain weights of individual funds to range from 5 to 20 percent.
The correlation coefficients with the factor we attempt to replicate are
reported in Table 2.7.

For all strategies except equity market neutral, the correlation of the
replicating portfolios with the corresponding first principal component is
close to 0.9. The portfolios of managed accounts created in this section can
therefore be considered investible indexes that capture the return charac-
teristics of a large set of funds in the universe. This suggests that represen-
tativity can be achieved with a very limited number of funds, provided that
an adequate method is used to design the portfolio. This method should
focus on selecting representative funds, not only high-performing funds.
Selecting high performers is an objective for active funds of hedge funds,
but not for providers of hedge fund indices.

Hedge Fund Diversification Benchmarks

There are different ways of using investable hedge fund indexes. By their
virtue of representativity of the risk exposure and return characteristics of a
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TABLE 2.7 Representativity of Investable Indexes,
October 2001 to September 2004

Correlation with 
Investable Index First Principal Component

Convertible Arbitrage 0.912
CTA/Global Macro 0.963
Event Driven 0.866
Equity-Market Neutral 0.626
Equity Long Short 0.937
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given hedge fund strategy, these indexes can be used for beta management.
Therefore, they are an alternative to funds of hedge funds, which are per-
ceived as alpha management vehicles (i.e., as part of the satellite portfolio and
with the aim of enhancing the return of an investor’s portfolio with respect to
a global benchmark representing the person’s strategic asset allocation).

Investable hedge fund indexes may be used in different ways to take
advantage of the diversification benefits of hedge funds for strategic asset
allocation. One approach would be for each institutional investor to use
consultants to define a customized asset allocation on the basis of index
products. Another approach would be to design a limited number of bench-
marks that can be used by different investors. Here we construct multi-
strategy hedge fund benchmarks that would exhibit a persistent and robust
factor exposure and meet the needs of different classes of investors. The
design of these benchmarks again involves two separate steps, a selection
stage and an allocation stage. 

In particular, we construct two separate portfolios. The Hedge Fund
Equity Diversifier and the Hedge Fund Bond Diversifier are benchmarks
that are built by selecting investible indexes, with the objective of diversify-
ing an equity portfolio and a bond portfolio, respectively.

Selection

In the selection stage, we investigate the diversification properties of differ-
ent hedge fund strategies with respect to portfolios of stocks or bonds.
When searching for strategies that can properly diversify, it is important to
examine moments higher than the first and second moments of hedge fund
return distributions. Higher-moment betas can assess the impact of adding
a given investable index to the stock or bond portfolio, namely the diversi-
fication potential of the index. Motivated by the results of Table 2.5, we
select a subset of three strategies to construct the benchmark that diversi-
fies equity portfolios and a subset of four strategies to construct the bench-
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TABLE 2.8 Strategies Entering the Equity and Bond Diversifiers

Investable Index Equity Diversifier Bond Diversifier

Convertible Arbitrage Yes Yes
CTA & Macro Yes No
Equity-Market Neutral Yes Yes
Event Driven No Yes
Long/Short Equity No Yes
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mark that diversifies bond portfolios. Table 2.8 shows the result of our
selection process. The investable indexes that we select are marked “Yes” in
the column corresponding to the respective diversifier benchmark.

Optimization

The next step in the construction of global buy-side indexes is to find the
optimal allocation of the selected strategy indexes. Our methodology is
based on two key principles:

1. Because expected returns are notoriously hard to estimate with any
degree of accuracy, we focus on minimizing the risk of an investor’s
stock or bond portfolio. 

2. Because hedge funds are not normally distributed, the measure of risk
should be more general than volatility.

We carried out a risk-minimization calculation, where we use the 95
percent value at risk with the Cornish-Fisher correction. Furthermore, we
constrain the weight of the hedge fund allocation to 5, 15, 25, and 35 per-
cent of the investor’s portfolio and invest the remaining wealth in either in
bonds or in stocks. It has been argued that the presence of portfolio con-
straints, in addition to avoiding corner solutions in optimization tech-
niques, allows one to achieve a better trade-off between specification error
and sampling error, similar to what can be achieved by statistical shrinkage
(Jagannathan and Ma 2003; Ledoit and Wolf 2003, 2004).

Tables 2.9 and 2.10 show the diversification benefits obtained from
adding the diversification benchmarks to a stock and bond portfolio,
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TABLE 2.9 Portfolio Performance When Adding an Equity Diversifier 
to the MSCI World Equity Index, October 2001 to September 2004

Allocation to Hedge Funds (%) 0 5 15 25 35

Annualized Mean (%) 2.0 2.2 2.7 3.2 3.7
Annualized Standard 

Deviation (%) 15.0 14.2 12.5 10.9 9.4
VaR (95%) 7.6 7.1 6.2 5.3 4.4
Sharpe Ratioa −0.03 0.015 0.057 0.111 0.184
Skewness −0.56 −0.54 −0.49 −0.41 −0.30
Kurtosis 3.27 3.24 3.17 3.08 2.95

aCalculated using a risk-free rate of 2 percent.
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respectively. The first column reports the performance of the stock and
bond indexes, respectively. The columns to the right report the same statis-
tics when adding hedge funds with the specified allocation. 

These tables indicate that even a small allocation to hedge funds
achieves diversification benefits that are economically important. For an
equity investor, Table 2.9 indicates that allocating 15 percent to hedge
funds in the equity portfolio reduces monthly value at risk and volatility
and increases the mean return. In particular, the mean return increases by
more than 30 percent (from 2 to 2.7 percent), while the risk is reduced 
by more than 15 percent, regardless of whether risk is defined as volatility
(which reduces from 15 to 12.5 percent) or Cornish-Fisher Value at Risk
(VaR) (which reduces from 7.6 to 6.2 percent). For a bond investor, Table
2.10 indicates that a 15 percent allocation to hedge improves the mean
return substantially, while the VaR decreases by more than 12 percent and
the volatility decreases by more than 15 percent. Figure 2.3 illustrates the
diversification benefits in terms of relative improvement of the risk statis-
tics measures. The left figure is based on Table 2.9, and the right is based
on Table 2.10. Both indicate the amount of decrease of each risk measure,
when hedge funds are allocated to the index.

The results clearly illustrate the diversification benefits of hedge funds.
The Cornish-Fisher VaR accounts for higher moments of the return distribu-
tion, so the benefits of diversification are robust to extreme risks. Contrary
to current studies of hedge fund diversification that employ noninvestable
indexes, our approach relies on investable indexes and is therefore more
pertinent to investors. The benefits we emphasize stem from the careful
two-stage process we employ: the selection of appropriate strategies and the
portfolio optimization.

Hedge Funds from the Institutional Investor’s Perspective 45

TABLE 2.10 Portfolio Performance When Adding a Bond Diversifier to the
Lehman Composite Global Treasury Index, October 2001 to September 2004

Allocation to Hedge Funds (%) 0 5 15 25 35

Annualized Mean (%) −0.3 0.1 0.9 1.8 2.6
Annualized Standard Deviation (%) 3.3 3.1 2.8 2.6 2.4
VaR (95%) 1.7 1.5 1.3 1.1 0.9
Sharpe Ratioa −0.71 −0.61 −0.38 −0.09 0.25
Skewness −0.26 −0.23 −0.13 0.05 0.25
Kurtosis 2.40 2.51 2.82 3.24 3.65

aCalculated using a risk-free rate of 2 percent.
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CONCLUSION 

This chapter argues that hedge funds, rather than being riskless invest-
ments, show considerable variation in their returns and are exposed to a
wide range of risk factors. Rather than this risk exposure being a weakness,
however, institutional investors can benefit from it. This is because the
sources of risks driving hedge fund returns are in part fundamentally dif-
ferent from those driving stock and bond returns. Consequently, adding
hedge funds to a diversified portfolio offers benefits in terms of an
improved risk/return trade-off. Moreover, the diversification properties of
hedge funds tend to be more stable than those of international equity, and
hedge funds offer risk reduction opportunities even when investors account
for higher moments of the returns distribution. We also argue that hedge
funds may be useful tools for institutional investors in both beta manage-
ment and alpha management. Representative hedge fund indexes are appli-
cable in this regard. We present a way of constructing investable and
representative indexes of hedge funds and show how these can be used to
create diversification benchmarks. These benchmarks are an optimal com-
plement to an investor’s existing portfolio of traditional asset classes.

APPENDIX 2.1 DEFINITION OF RISK FACTORS

For all risk factors, end-of-month values are obtained from Datastream for
the period January 1997 to August 2004.

Change in Implied Volatility (VIX) The new VIX volatility index obtained from the
CBOE. This index measures the implied volatility of Standard & Poor’s (S&P)
500 index options. The first difference of this series is calculated in order to
obtain the change in VIX as a variable. 

Commodity index Monthly returns for the Goldman Sachs Commodity Index. 
Credit spread The difference between yields to maturity of the Lehman U.S. Uni-

versal High Yield Corporate index and the Lehman U.S. Treasury index for the
one to three years’ maturity segment.

S&P 500 return Returns for the S&P 500 Composite index.
T-bill 3 months The yield to maturity of the Merrill Lynch Treasury Bill for three

months’ maturity.
Term spread The difference between yields to maturity of the Lehman U.S. Trea-

sury index for the 5 to 7 years’ maturity segment and the Lehman U.S. Trea-
sury index for the 1 to 3 years’ maturity segment.

Small cap versus large cap The difference between the returns of the S&P 600 small
cap index and the S&P 500 Composite index.
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U.S. dollar The U.S. dollar major currency index, calculated by the U.S Federal
Reserve Bank. This index expresses the value of the U.S. dollar relative to a bas-
ket of major foreign currencies.

Value versus growth The difference between the returns of the S&P 500 Barra
Value index and the S&P 500 Barra Growth index.

APPPENDIX 2.2 DESCRIPTION OF 
HEDGE FUND STRATEGIES

Convertible arbitrage Convertible securities are priced as a function of the price of
the underlying stock, expected future volatility of equity returns, risk-free inter-
est rates, call provisions, supply and demand for specific issues, issue-specific
corporate/treasury yield spread, and expected volatility of interest rates and
spreads. There is therefore much potential for misvaluation of these securities.
Convertible arbitrage strategies attempt to exploit price anomalies in convert-
ible corporate securities such as convertible bonds, warrants, and convertible
preferred stock. If the financial health of the issuer is good, the convertible
bond behaves like a stock; but if it is poor, the convertible bond behaves like
distressed debt. Convertible bonds tend to be underpriced because of market
segmentation. Indeed, investors discount securities that are likely to change
form. Convertible arbitrage hedge fund managers typically buy these securities
and then hedge part of the risk by shorting the stock. The primary source of
return is the income generated by the arbitrage position. The convertible secu-
rity pays a coupon, and the short equity position generates interest income on
the proceeds of the short sale if the strategy is unlevered. Because both of these
return components are stable, convertible arbitrage funds tend to display low
volatility. In addition, capital gains can be realized by managing the hedge
ratios of these positions. Convertible arbitrage funds are nondirectional.

Equity market neutral These funds also take both long and short positions in equi-
ties. Stock positions are usually diversified, so that no single position has a dis-
proportionate effect on the portfolio. Related short positions hedge out much
of the systematic risk in the long positions on either a dollar- or beta-adjusted
basis, so that the overall portfolio has a limited exposure to market movement.
This investment strategy is designed to exploit equity market inefficiencies. It
usually involves holding simultaneously long and short matched equity portfo-
lios of the same size within a country. Market-neutral portfolios are designed
to be either beta- or dollar-neutral, or both. These funds are therefore nondi-
rectional. Many practitioners of market-neutral long/short equity trading bal-
ance their longs and shorts in the same sector or industry. By being sector
neutral, they avoid the risk of market swings that can affect certain industries
or sectors differently from others. Well-designed portfolios typically control not
only for industry and sector, but also for market capitalization, style (growth
versus value), and other exposures. Leverage is often applied to enhance
returns.
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Event driven Also known as corporate life cycle investing. This involves investing in
opportunities created by significant corporate events, such as spin-offs, mergers
and acquisitions, bankruptcy reorganizations, recapitalization, and share buy-
backs. The portfolio of event-driven managers may shift between merger arbi-
trage, also known as risk arbitrage, and distressed securities. Other managers
may adopt a broader scope. Instruments include long and short common and
preferred stocks, as well as debt securities and options. Fund managers may
hedge against market risk by purchasing S&P put options or put option spreads.
Event-driven strategies are usually classified as a separate class alongside direc-
tional and nondirectional strategies. Some managers may use leverage.

Global macro and CTAs We group global macro and commodity trading advisor
(CTA) funds as one type of strategy, an uncommon practice. We do this because
both strategies involve trend-following tactics that use a wide set of assets, such
as currencies, interest rate products, and commodities. Global macro strategies
make leveraged bets on anticipated price movements of global markets. Macro
managers usually employ a top-down global approach in which they benefit
from market movements due to shifts in world economies, political fortunes, or
global supply and demand forces. Exchange-traded and over-the-counter deriv-
atives are often used to magnify these price movements. Commodity trading
advisors are investment funds and managed account programs that take long
and short positions in cash and in derivative currency, commodity, or interest
rates products. Most funds trade exclusively in spot assets, forwards and futures
in currencies, commodities, or fixed income products. Options positions on
either class of assets may also be taken. Due to the flexibility of these two strate-
gies, they are difficult to distinguish, which justifies grouping them together.

Long/short equity Long/short hedge managers use a wide range of securities, such
as equity and equity derivatives (equity options, equity index options and
futures, exchange-traded funds, contracts for difference, and swaps). Managers
may attempt to profit from a double alpha strategy, namely generating alpha
from both long and short stock positions independently. Managers may also
invest in a small number of relative-value trades that attempt to profit from the
price movement in one stock versus the price movement in another. In general,
the net exposure of equity long/short funds to long positions minus short posi-
tions tends to have a positive bias. Therefore, these funds are directional. This
is because their managers, most of whom were originally long-only mutual
fund managers, usually feel more comfortable with detecting undervalued
stocks than overvalued stocks. Similarly, long/short managers, even those who
target market neutrality, unintentionally have time-varying residual exposure to
a variety of sectors or investment styles (growth or value, small cap or large
cap) that can result from their bottom-up stock-picking decisions.
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CHAPTER 3
Funds of Hedge Funds versus

Portfolios of Hedge Funds: 
A Comparative Analysis

Daniel Capocci and Valérie Nevolo

Using a comprehensive database made up of 2,247 individual hedge funds,
of which 1,346 follow a directional strategy and 877 a nondirectional

strategy, and 647 funds of hedge funds over the period January 1994 to
December 2002 period, we investigate whether portfolios of individual
hedge funds can outperform existing funds of hedge funds. For this pur-
pose, we have built portfolios using Carhart (1997) deciles classification. In
regressing each of our individual hedge funds decile portfolios, first against
the funds of hedge funds global index, then against each funds of hedge
funds decile, and finally against each individual funds of hedge funds pres-
ent in our database, we find that the best individual and directional hedge
funds deciles are those of the middle, which indicates that neither a momen-
tum nor a contrarian strategy seems appropriate in portfolio construction
to beat existing funds of hedge funds. Our nondirectional hedge funds
deciles consistently and significantly beat existing funds of hedge funds.

INTRODUCTION 

The first hedge fund was formed in 1949 by Albert Winslow Jones, a soci-
ologist who had the idea of combining long and short equity positions and
applying leverage to magnify the returns of these hedged positions. Hedge
funds remained relatively obscure to the investment world until 1966, when
it became public knowledge that Jones’s fund beat the best mutual funds
over 5 and 10 years by 44 and 87 percent, respectively. 
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The hedge fund industry is largely private and unregulated, which
means that the reporting of data is voluntary, creating immediate disclosure
problems. Estimating the current size of the market, the growth in the num-
ber of funds or the average fund performance is therefore difficult. Despite
this, it is generally maintained that over the past decade, the hedge fund
business has grown strongly. The number of hedge funds increased from
2,000 to 8,000 and assets under management increased from $190 billion
to $1 trillion from 1993 to September 2004. Not surprisingly, the investor
base for hedge funds has expanded, from primarily wealthy individuals to
pension funds, funds of funds, endowments, and foundations.

Georges Coulon Karlweis, the private bank Edmond de Rothschild’s
vice-chairman and top investment strategist, established the first fund of
hedge funds, Leveraged Capital Holdings, in 1969. The concept was sim-
ple: Instead of buying stocks or bonds, he put all the fund's assets into sev-
eral hedge funds. The idea has made the rarefied world of hedge funds
available to smaller investors. The fund of hedge funds industry has grown
dramatically in recent years, now controlling U.S.$80 billion in assets. This
growth has been driven by the sheer number and diversity of individual
hedge funds, coupled with the particularities of hedge fund portfolio man-
agement. The fund of hedge funds industry is riding the crest of two major
market trends. The first is the interest of institutional investors in hedge
fund investments. The total quantity of institutional assets in hedge funds is
rising, as are the number of institutions making investments. The second 
is the general public’s tremendous interest in hedge fund investments. This
interest has led traditional asset managers to offer hedge fund products and
hedge fund managers to partner with traditional financial distribution
channels to access individual assets.

LITERATURE REVIEW

Academics have been studying hedge funds since 1997. As more and more
studies on performance emerge, the subject becomes more and more pre-
cise. Hedge fund performance has been studied in many different ways and
results diverge (see, e.g., Agarwal and Naik 2004, Capocci and Hübner
2004). Most nonprofessional investors base their investment decision on
past performance, and the funds with good past returns tends to see the
bigger inflow: Who will buy a fund that has just lost 10 percent over 
the last year? On the other side, professional investors, such as fund of
funds managers or pension funds, generally perform on-site qualitative due
diligence combined with a quantitative analysis to limit their choice not
only on past performance. Our objective is to determine if this process helps
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to create net returns for the final investors once all the fees are taken into
account. More precisely, we compare funds of hedge funds managed by
professionals with portfolios of hedge funds created simply on the basis of
past performance.

Since 1997, the literature on hedge funds has increased dramatically,
and today papers on the subject are frequent. From an investor’s point of
view, diversification is the main reason for investing in a portfolio of hedge
funds instead of a single hedge fund. By combining several hedge funds
with differing return distributions and risk profiles in a portfolio, investors
are able to diversify specific risk away and ensure a more disciplined expo-
sure to the overall hedge fund asset class. Funds of hedge funds were ini-
tially diversified across investment styles, sectors, and/or regions. However,
more recently, funds of hedge funds that specialize within a single invest-
ment style have also emerged; Learned and Lhabitant (2002) call this
diversification by judgment. Both types of funds put forward their ability
to diversify risks by spreading them over several managers. However,
diversifying a hedge fund portfolio also raises a number of issues, such as
the optimal number of hedge funds required to achieve diversity, and the
influence of diversification on the various statistics of return distribution
(typically expected return, skewness, kurtosis, and correlation with tradi-
tional asset classes).

One relevant fact is that research within the hedge fund industry is very
young. Most of the key papers on this kind of investment were written dur-
ing the last six years. In this section we have classified hedge fund studies
into three categories. The first one concerns studies that are focused on
hedge funds performance. The second category is made up of studies where
hedge funds investment style is described. The last category reviews various
other aspects of the hedge fund industry.

Performance evaluation is essentially concerned with comparing the
return earned on a hedge fund with the return earned on some other stan-
dard investment assets. Many studies in this category include a comparison
of the performance of hedge funds with equity and other indices (see, e.g.,
Ackermann, McEnally, and Ravenscraft 1999; Brown, Goetzmann, and
Ibboston 1999; Edwards and Liew 1999; Amin and Kat 2003a; Capocci
and Hübner 2004). Results of these studies are mitigated, depending on the
period considered, the data, and the risk-adjusted performance model used. 

When the performance of hedge funds is compared with that of mutual
funds, most of the studies conclude that hedge funds are the best perform-
ers. That is notably the case in Ackermann, McEnally, and Ravenscraft
(1999) and in Liang (1999). 

Another wave of hedge funds studies concerns persistence in hedge
fund performance. Actually, as hedge funds exhibit a much higher attrition
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rate compared to mutual funds (see Brown, Goetzmann, and Ibbotson
1999; Liang 1999), the issue of performance persistence becomes especially
important in the case of hedge funds. The different results obtained are
mitigated, but in general the presence of persistence in hedge fund returns
is concluded, as in Park and Staum (1998) and in Capocci and Hübner
(2004). Yet Brown, Goetzmann, and Ibboston (1999) present evidence that
there is no performance persistence among hedge funds, and Agarwal and
Naik (2000b) sustain that the persistence among hedge fund managers is
short-term in nature. 

Finally, many researchers have studied the performance of hedge
funds in a portfolio context, notably the diversification benefits of includ-
ing hedge funds in a traditional portfolio of stock and bonds. As an
illustration, we can look at the study of Edwards and Liew (1999), who
show that the inclusion of hedge funds in a diversified portfolio raises the
Sharpe ratio of the portfolio. Other studies in this field are those of Amin
and Kat (2003a,b), Capocci and Hübner (2004) and Learned and Lhabi-
tant (2002).

METHODOLOGY 

The aim of this chapter is to determine if built portfolios of hedge funds
outperform existing funds of hedge funds. To achieve this objective, we first
divide the whole database into four groups. The first one contains all funds
of hedge funds present in the starting database and permits us to construct
a fund of hedge funds global index. The second one contains all individual
hedge funds, both directional and nondirectional. The few individual hedge
funds that are neither directional nor nondirectional are also taken into
account here. Finally, the third and the fourth groups permit to distinguish
directional hedge funds from nondirectional ones.

In each of these four groups, we follow the methodology of Carhart
(1997), which is also used in Capocci, Corhay, and Hübner (2005). All
funds are ranked based on their previous year’s returns. Every January, we
put all funds into 10 equally weighted portfolios, ordered from the highest
to the lowest past returns. The portfolios are held until the following Janu-
ary and then rebalanced. This yields a time series of monthly returns on
each decile portfolio from January 1995 to December 2002, corresponding
to 96 mean monthly returns per decile for each of the four groups. 

The division in deciles for each year is achieved with Equation 3.1.

(3.1)Decile n
nit

t

= −( ) ×








+1

10
1
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where Decileit = Decile order attributed to the fund i in year t (i = 1 to nt).
n = The number attributed to the fund when the database is

sorted in descending order on the basis of the previous
year mean monthly returns. The best-performing fund of
the year t − 1 has n equal to 1.

nt = Number of funds to split between the 10 deciles in year t.
It corresponds to funds that existed during the whole year
t − 1.

The hedge fund deciles constitute our hedge funds portfolios. The idea
is not to determine if momentum is present in hedge fund returns, as in
Capocci and Hübner (2004), but to construct portfolios of hedge funds in
a more subtle and reproducible way than completely randomly. The
hypothesis of persistence in performance, namely that hedge funds with an
above-average return in one period will also have an above-average return
in the next period, will lead investors willing to build on their own a port-
folio of hedge funds to choose the previous year’s best-performing funds,
corresponding to the portfolio of decile 1.

We follow two steps to compare our constructed portfolios of hedge
funds with existing funds of hedge funds:

1. We compared the average monthly returns and the Sharpe ratios of
each individual (directional, nondirectional) hedge funds decile and its
equivalent in the funds of hedge funds deciles.

2. We regress each of the individual hedge fund’s deciles against the funds
of hedge funds global index. The same regressions are also done taking
into account only directional hedge funds on one hand and nondirec-
tional individual hedge funds on the other hand. The regression equa-
tion (3.2) used is:

Rdt = ad + bdRit + edt (3.2)

where d = 1 to 16 for the 10 deciles, the three subdeciles of the
first decile, and the three subdeciles of the tenth deciles 

t = 1 to 96 (months) 
Rdt = Return of decile d at period t
Rit = Return of the FoF index at period t

ad, bd, edt = intercept, slope, and error term of the regression, respec-
tively 

We then turn our attention to the sign and the statistical significance of
the alpha obtained (ad), the measure of out- or underperformance of the
decile considered relative to the fund of funds (FoF) global index. The beta
is interpreted as a measure of the dependence of the decile’s return to the
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FoF index. We compute all estimations using Newey and West (1987) stan-
dard errors to adjust for autocorrelation in the returns.

To refine this analysis, we took the individual, directional, or nondi-
rectional individual hedge funds deciles as the dependent variables in the
regressions, but this time we regressed them against each fund of hedge
funds decile instead of against the FoF index. It is indeed also rational for
investors eager to invest in funds of hedge funds to look at their previous
year’s performance. This analysis is in fact more accurate than the previous
one in the sense that the funds of hedge funds global index is divided into
10 smaller portfolios, namely our funds of hedge funds deciles. That left us
with 100 regressions for each category of individual hedge funds, and the
equation (3.3) used each time can be written as: 

RdHFt = adHF
+ bdHF

RdFoFt + edHFt (3.3)

where dHF = 1 to 10 for the 10 individual hedge funds deciles
dFoF = 1 to 10 for the 10 funds of hedge funds deciles

t = 1 to 96 (months)
RdHFt = return of the individual hedge funds decile dHF

at period t
RdFoFt = return of the funds of hedge funds decile dFoF at

period t
adHF

, bdHF
, edHFt = intercept, slope, and error term of the regression,

respectively

Finally, the analysis can be pushed a little further by regressing each
hedge funds decile (individual, directional, and nondirectional) against each
existing fund of hedge funds. This last point will permit us to verify if the
results obtained are confirmed for individual funds of funds. The regression
equation (3.4) used is:

RdHFt = adHF
+ bdHF

RFoFit
+ edHFt (3.4)

where dHF = 1 to 10 for the 10 individual hedge funds
deciles

RFoFi
= 1 to 635 for the 635 existing funds of hedge

funds 
t = 1 to 96 (months)

RdHFt = return of the individual hedge funds decile
dHF at period t

RFoFit
= return of the funds of hedge funds i at

period t
adHF

, bdHF
, and edHFt = intercept, slope, and error term of the re-

gression, respectively

56 PORTFOLIO ALLOCATION IN HEDGE FUNDS

c03_gregoriou.qxd  6/23/05  3:05 PM  Page 56



DESCRIPTIVE STATISTICS 
AND CORRELATION ANALYSIS 

The three main existing hedge fund databases are Managed Account Reports
(MAR), Hedge Funds Research (HFR) and TASS Management (TASS). We
use hedge fund data from MAR, as in Fung and Hsieh (1997b), Schneeweis
and Spurgin (1998b), Amin and Kat (2002a), Liang (2003b), and Capocci,
Corhay, and Hübner (2005). The data used are exactly the same as those
used by the latter study.

The database used gives monthly net-of-fee individual returns and other
information on hedge funds during the January 1994 to December 2002
period. To perform the funds of hedge funds analysis, we use the whole
database and separate it depending on the classification just reported. Table
3.1 reports the descriptive statistics of the database.

The database used contains 2,894 funds for 1994 to 2002 period.
Among those funds, only 1,615 are still living at the end of the period. At
first glance we can observe the predominance of individual hedge funds,
FoF covering only 22 percent of the whole database. Among the individual
hedge funds category, the market timing strategy has the upper hand, stand-
ing for 60 percent in the category. As far as the funds of hedge funds cate-
gory is concerned, funds that allocate capital to a variety of fund types are
clearly in the lead, representing 77 percent of this category. The average
number of months during which funds in one category continue to report
returns is the highest for the FoF category. Over the whole 108-month
period, a fund in this category is on average present in the database during
55 months. This result is a little higher but consistent with the 52 months
found in Liang (2004).

In the eighth column, we can observe that the highest mean monthly
return was achieved by individual funds category (1.08 percent). Inside this
category, the market-timing strategy performs better than the nondirec-
tional one, with an average of 1.12 percent per month against 1.01 percent
per month. Average returns of FoF are well behind, all at around 0.7 per-
cent per month. The fact that FoF underperform their hedge fund compo-
nents is also greatly stressed by Liang (2004). Note here that all the monthly
returns are significantly different from zero at the 1 percent significance
level for all categories and subcategories. With regard to the standard devi-
ation, the most volatile funds category is the individual one, with a 2.28
percent average monthly standard deviation. Funds of hedge funds are less
volatile, with 1.77 percent standard deviation. This is certainly due to diver-
sification across different strategies as well as in one particular strategy.

The returns are usually negatively skewed with two exceptions: There
are category hedge funds or niche funds of funds. Another point is that
the distributions of the returns have fat tails. Kurtosis is higher than 3 for the
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whole database and the FoF category and 2.77 for the individual funds 
category. When risk and return are considered together through the Sharpe
ratio, we are offered a picture that is in line with the mean returns.
Accounting for risk, the FoF category (Sharpe ratio = 0.20) underperforms
the individual one (Sharpe ratio = 0.31). These observations are consis-
tent with those of Brown, Goetzmann, and Liang (2004). This time, how-
ever, the nondirectional funds (Sharpe ratio = 0.53) outperform the
directional ones (Sharpe ratio = 0.24). The inclusion of the bear market
period starting in April or September 2000, depending on the definition,
explains this result.

Directional versus Nondirectional Strategies

Directional strategies use a market-timing approach, which consists of bet-
ting on the directions of markets dynamically. These strategies involve
either betting on the direction of the asset price movement or betting on the
direction of asset price volatility. According to Fung and Hsieh (1999b),
global, global/macro, sectors, short-sellers, and long-only leveraged all
employ this market timing style. Nondirectional strategies are those that do
not depend on the direction of any specific market movement; these strate-
gies aim to exploit short-term pricing discrepancies and market inefficien-
cies between related securities, while keeping market exposure to a
minimum. According to Fung and Hsieh (1999b), the market-neutral cate-
gory is included in this group. Although they consider event-driven funds as
a hybrid style that is more volatile than the nondirectional approach and
less volatile than the market timing approach, this strategy is more often
considered a nondirectional one, notably in Agarwal and Naik (2000b,c,
2004) and in Bürki and Larque (2001). Therefore, we will consider event-
driven funds as being part of the nondirectional category.

Descriptive Statistics for Each Category’s Deciles 

Table 3.2 reports the descriptive statistics of each decile of our four cate-
gories of hedge funds. We compare deciles in each category taken sepa-
rately, but also between the different categories as a whole.

Panel A of Table 3.2 reports the descriptive statistics of the individual
funds. The mean return diminish between decile 1 (1.53 percent) and decile
7 (0.78 percent). It fluctuates to finally reach 0.9 percent at decile 10 after-
ward. The median indicates the same trend as the mean return. The stan-
dard deviation indicates that the previous year’s top- and worst-performing
decile funds are the most volatile. The standard deviation falls until decile
7 and then increases for worst-performing hedge funds deciles. The minima

Funds of Hedge Funds versus Portfolios of Hedge Funds 59
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indicate no significant differences. The monthly maximum return is the
highest for top-performing decile funds, which is not surprising. When
returns are adjusted for risk, using the Sharpe ratio with a 0.36 percent
monthly risk-free rate, using the risk-free rate from Ibbotson Associates
over the January 1995 to December 2002 period, the best-performing funds
seem to be those of decile 4. The Sharpe ratio increases from decile 1 to
decile 4 and decreases afterward. This is consistent with the fact that the
standard deviation is higher for the best- and worst-performing funds
deciles. Only funds in decile 1 and 2 have positively skewed performance
distribution. The kurtosis is largely positive for all deciles, which indicates
that all the distributions of returns have fat tails.

The deciles of directional hedge funds (panel B of Table 3.2) indicate
that there is a decreasing trend for the mean return as we go from decile 1
to decile 9 and that the mean monthly returns for funds in decile 10 are
slightly higher. The median returns show the same behavior as in the previ-
ous category. The standard deviation remains high for best-performing decile
funds and is higher still for worst-performing deciles than for those in the
middle. The minimum and maximum figures indicate that the worst- and
the best-performing results were achieved by funds in the best-performing
decile, which is consistent with its high standard deviation. The Sharpe
ratio evolves in the same way as in the previous category described, but this
time it reaches its peak at decile 5. Distributions continue to have fat tails
and to be positively skewed for the first and the second decile only.

Panel C of Table 3.2 reports the descriptive statistics of each decile for
the nondirectional hedge funds subcategory. Here the mean returns decrease
from decile 1 to decile 7 and then go up until decile 10. The median return
continues to follow the same trend as the mean returns, but it reaches its
lowest level at decile 6. The standard deviation goes down until decile 7 and
increases afterward. What is particular here is that it reaches its highest level
at decile 10. As a result, the average Sharpe ratio is the lowest for this decile
and is at its best at decile 5. A look at the maximum figures indicates that
the highest monthly returns are obtained by the worst decile funds. Return
distribution tails are still thick for all funds, but only funds in the worst- and
the best-performing deciles have positively skewed distribution.

The funds of hedge funds category is reported in panel D of Table 3.2.
The mean monthly returns are more or less stable between decile 1 and
decile 6. Then, between decile 7 and decile 10, the decrease is more strik-
ing. The median return is the lowest for decile 10 and follows again the same
trend as the mean return. The Sharpe measure is the highest where the stan-
dard deviation is the lowest, for deciles 6 and 7. It is minimal where the
mean return is minimal, decile 10. The minimum and maximum monthly
returns are achieved by funds in the worst decile. Finally, we observe that

64 PORTFOLIO ALLOCATION IN HEDGE FUNDS
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the skewness is negative for all deciles but the second, the seventh, and the
tenth ones, and that all distributions have fat tails.

Correlation Analysis

Table 3.3 reports the correlation coefficients between the nine categories
listed for the January 1994 to December 2002 period. The table indicates
that the categories are highly positively correlated. Fourteen out of 36 inter-
category correlation coefficients are above 0.9. These results tally with what
is typically reported in the literature, namely that strategies are in general
highly correlated when indices are considered (Liang 2003b; Capocci and
Hübner, 2004. Capocci, Corhay, and Hübner 2005). The lowest correlation
coefficient is obtained between the no category hedge funds and the other
funds of funds subcategory of FoF, with a coefficient of 0.29.

The highest correlation coefficients are observed between the whole
database and its categories. Moreover, between these eight coefficients, the
highest is obtained between the whole database and the individual hedge
funds category (0.997). It is important to note here that, whatever the cat-
egory considered, the directional hedge funds subcategory is more corre-
lated with it than is the nondirectional category, the only exception being
with the other funds of funds category.

Next we examine the correlation coefficients between the funds of
hedge funds category and the individual (directional, nondirectional) hedge
funds categories. The second column of Table 3.3 indicates that the indi-
vidual hedge funds category is more correlated with funds of hedge funds
than its subcategories, the correlation being 0.935. It is slightly higher than
the correlation 0.920 of directional hedge funds, than the 0.885 of non-
directional hedge funds, and than the 0.564 of the no category hedge funds.

RESULTS 

Decile Analysis

Table 3.4 reports the result of the regression of hedge funds and funds of
hedge funds against the FoF global index. Panel A of Table 3.4 indicates
that all individual hedge fund deciles, except deciles Ind1, Ind2, Ind9, and
Ind10, outperform the FoF index, as evidenced by negative intercepts
(alpha). These results indicate that portfolios made up of the previous year’s
best- and worst-performing individual hedge funds, (the most volatile),
underperform the FoF index. Underperformance is not significant, however,
except for the subdecile Ind1.a, composed of the previous year’s best-per-
forming funds. Deciles Ind4 and Ind6 are the only ones that outperform the

Funds of Hedge Funds versus Portfolios of Hedge Funds 65
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Funds of Hedge Funds versus Portfolios of Hedge Funds 67

TABLE 3.4 Hedge Funds and Funds of Hedge Funds against the Fund of 
Hedge Funds Global Index, January 1995 to December 2002

Panel A: Individual Hedge Fund Deciles

Decile Mean Standard Deviation Alpha FoF Index R2
adj

Ind1 1.53% 5.37% −0.69% 2.60*** 0.74
Ind2 1.33% 3.74% −0.26% 1.87*** 0.78
Ind3 1.23% 2.77% 0.05% 1.39*** 0.79
Ind4 1.22% 2.16% 0.26%*** 1.12*** 0.84
Ind5 1.16% 2.21% 0.22% 1.11*** 0.79
Ind6 0.89% 1.46% 0.28%** 0.72*** 0.76
Ind7 0.78% 1.45% 0.20% 0.68*** 0.68
Ind8 0.87% 1.81% 0.17% 0.82*** 0.65
Ind9 0.76% 2.56% −0.08% 0.98*** 0.45
Ind10 0.90% 3.91% −0.19% 1.29*** 0.33
Ind1a 1.47% 7.26% −1.48%*** 3.47*** 0.72
Ind1b 1.62% 5.03% −0.32% 2.29*** 0.65
Ind1c 1.48% 4.46% −0.28% 2.07*** 0.67
Ind10a 0.90% 3.11% 0.08% 0.97*** 0.30
Ind10b 0.53% 4.34% −0.64% 1.37*** 0.31
Ind10c 1.30% 5.17% 0.03% 1.50*** 0.26

Panel B: Directional Hedge Fund Deciles

Decile Mean Standard Deviation Alpha FoF Index R2
adj

D1 1.61% 6.27% −1.01%** 3.07*** 0.75
D2 1.33% 4.48% −0.56% 2.23*** 0.78
D3 1.30% 3.81% −0.31% 1.89*** 0.78
D4 1.15% 3.03% −0.10% 1.47*** 0.75
D5 1.27% 3.29% −0.19% 1.71*** 0.85
D6 1.08% 2.64% −0.01% 1.28*** 0.75
D7 0.80% 2.53% −0.18% 1.15*** 0.64
D8 0.75% 2.70% −0.32% 1.26*** 0.68
D9 0.66% 3.20% −0.33% 1.16*** 0.41
D10 0.82% 5.01% −0.50% 1.54*** 0.29
D1a 1.67% 8.90% −1.93%** 4.24*** 0.71
D1b 1.49% 6.06% −0.86%* 2.76*** 0.65
D1c 1.64% 4.93% −0.27% 2.24*** 0.65
D10a 0.86% 4.66% −0.36% 1.44*** 0.29
D10b 0.31% 4.84% −0.99%** 1.52*** 0.30
D10c 1.29% 6.84% −0.18% 1.73*** 0.19

*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.

c03_gregoriou.qxd  6/23/05  3:05 PM  Page 67



global index in a significant way. All deciles are significantly and positively
exposed to the global index. The R2

adj obtained are particularly high for
each decile, except for deciles Ind9, Ind10, and decile Ind10’s subdeciles.
This result is certainly due to the high dissolution frequencies across them,
which lead to less stable returns compared to other deciles. 

Panel B of Table 3.4 reports the same results for the directional hedge
funds deciles. All decile portfolios have a negative intercept over the Janu-
ary 1995–December 2002 period considered, but alpha is significantly neg-
ative only for subdeciles D1a and D10b and for decile D1. This latter result
indicates that a portfolio made up of the previous year’s best-performing
directional hedge funds significantly underperforms the funds of hedge
funds industry as a whole. Another point is that, as was the case for the
individual hedge funds deciles, all directional hedge funds deciles are sig-
nificantly positively exposed to the global index. The R2

adj obtained are also
particularly high, the exceptions being the same as the previous panel.

Panel C of Table 3.4 yields very interesting results for nondirectional
hedge funds deciles. The alphas indicate that all deciles except ND1a and
ND10c are positively and significantly better performers than the global
index and that all portfolio standard deviations are very low when compared

68 PORTFOLIO ALLOCATION IN HEDGE FUNDS

TABLE 3.4 (continued)

Panel C: Nondirectional Hedge Fund Deciles

Decile Mean Standard Deviation Alpha FOF Index R2
adj

ND1 1.59% 2.84% 0.50%* 1.28*** 0.64
ND2 1.27% 1.93% 0.55%*** 0.85*** 0.60
ND3 1.10% 1.55% 0.51%*** 0.69*** 0.62
ND4 1.01% 1.27% 0.54%*** 0.55*** 0.59
ND5 0.98% 1.06% 0.59%*** 0.46*** 0.58
ND6 0.79% 1.00% 0.42%*** 0.44*** 0.60
ND7 0.77% 0.92% 0.46%*** 0.37*** 0.49
ND8 0.81% 0.93% 0.47%*** 0.40*** 0.58
ND9 0.94% 1.49% 0.48%*** 0.54*** 0.41
ND10 1.32% 2.94% 0.68%** 0.75*** 0.20
ND1a 1.32% 4.47% −0.08% 1.66*** 0.43
ND1b 1.55% 2.74% 0.65%** 1.05*** 0.46
ND1c 1.90% 2.71% 0.94%*** 1.13*** 0.54
ND10a 1.35% 4.69% 0.86%* 0.58*** 0.04
ND10b 1.33% 2.82% 0.57%* 0.90*** 0.31
ND10c 1.26% 3.82% 0.59% 0.79*** 0.13

*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.

c03_gregoriou.qxd  6/23/05  3:05 PM  Page 68



to those of directional hedge fund deciles. It is also worth mentioning that,
relative to the global FoF index, the best-performing decile portfolio is the
tenth one, namely the portfolio made up of the previous year’s worst-
performing funds. The only underperformance we observe, namely for the
ND1a subdecile, is not statistically significant. The betas indicate that each
decile is also positively and significantly exposed to the index. The R2

adj are
lower than they were for the two previous hedge funds categories’ deciles.
They are below 0.55 for deciles ND7, ND9, ND10, and for all subdeciles.

We also rank funds of hedge funds in deciles each year, based on their
previous year’s performance. The description of these deciles has already
been reported. It is an original way of dividing the funds of hedge funds
global index into 10 smaller and more specific portfolios. We regressed each
individual, directional, and nondirectional hedge funds’ deciles against each
funds of hedge funds deciles. This left us with 300 regressions, namely 100
for each of the three hedge fund categories. To make these results more mean-
ingful, we have summarized them by three three-dimensional graphs, which
appear in Figure 3.1. 

The first graph reports the intercepts obtained when each individual
hedge fund decile is regressed against each funds of hedge funds decile. The
second and third graphs illustrate the intercepts for the directional and
nondirectional hedge fund deciles, respectively. The table below each graph
reports the significance level of each regression’s alpha shown in the graph.
Moreover, the cells of the table are colored in gray when the alpha is nega-
tive. The average alphas, betas, and R2

adj obtained when a hedge funds
decile is regressed against the 10 funds of hedge funds deciles are reported
in the three last columns of these tables. We do not report significance level
of the betas, since all hedge fund deciles are positively and significantly
exposed to the funds of hedge funds deciles at the 5 percent level. 

Panel A of Figure 3.1 illustrates the result of the regressions of individ-
ual hedge fund deciles against funds of hedge funds deciles. It indicates that,
whatever the FoF decile against which the sixth individual hedge fund’s
decile is regressed, the alpha is positive, and in a significant way in 80 per-
cent of the cases. These results suggest that decile Ind6, from the individ-
ual hedge fund portfolio, significantly outperforms funds of hedge funds,
from the previous year’s best-performing ones to the previous year’s worst-
performing ones. Also, the highest average alpha is obtained by regressing
the Ind4 individual hedge fund portfolio against each FoF decile and by com-
puting the average of the alphas obtained in these 10 equations. Moreover,
the alphas obtained are always positive when we regress the Ind4 individual
hedge fund portfolio against FoF deciles, except when regressed against the
sixth FoF decile. This is also the case for fifth and the seventh individual
hedge fund’s deciles. Statistically, we can say that individual hedge funds
deciles Ind4, Ind5, and Ind7 portfolios significantly overperform the three

Funds of Hedge Funds versus Portfolios of Hedge Funds 69
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previous years’ best-performing FoF portfolios and the two worst-
performing ones. It is worth mentioning that three average alphas are nega-
tive. The most negative one is the average alpha of the 10 regressions of the
first individual hedge fund’s portfolios against each FoF decile, but the sta-
tistical significance at the 10 percent level is lacking in 60 percent of the
cases. We consider the figure in the opposite way, namely by examining a
particular FoF decile portfolio and looking at the alphas obtained when indi-
vidual hedge fund’s deciles are regressed against it. All alphas are positive,
and significantly so in 70 percent of the cases, when we regress individual
hedge fund’s deciles against the first or the tenth funds of hedge funds decile.
These results indicate that regardless of which portfolio made up of previous
year’s homogeneous-performing individual hedge funds is considered, it
overperforms the best and the worst previous year’s FoF deciles. The aver-
age R2

adj figures in the table below the graphs show that the proportion of
the individual hedge fund’s deciles’ variances explained by the regressions is
relatively high, except for the ninth and the tenth individual funds portfolios,
namely those in which the dissolution frequencies are highest.

Panel B of Figure 3.1 reports the regressions of directional hedge fund
deciles against each funds of hedge funds decile. This graph speaks for itself.
We can see from the graph and from cells colored in gray in the table below
that the alphas are mostly negative, but that the directional hedge fund
deciles’ underperformance is statistically significant in less than one-third 
of the cases. The most negative average alpha is obtained from the average of
the decile D1 directional hedge fund decile with FoF deciles’ 10 equations.
Moreover, the alpha obtained when the first directional hedge fund port-
folio is regressed to a fund of hedge fund decile is always negative (except
when regressed against the FoF1, FoF9, and FoF10 deciles). We obtain the
same results with the portfolios of the second and the third directional hedge
funds, but the statistical significance is stronger for the results of the first
one. It is interesting to note that in terms of the number of negative alphas,
the worst-performing directional hedge fund portfolios seem to be deciles
D8 and D10, the alphas obtained when these two portfolios are regressed
against FoF deciles being negative in 80 percent of the cases. Statistically,
however, these results leave something to be desired. The best-performing
directional hedge fund decile, in terms of the average alpha, when it is
regressed against each FOF decile is the sixth one. Moreover, the intercepts
obtained are positive when this directional hedge fund portfolio D6 is
regressed against the three FoF best-performing and worst-performing port-
folios, namely funds of hedge funds deciles FoF1, 2, 3, 8, 9 and 10, but these
results are significant only for D1 and D10. We consider again the graph 
in the opposite way. Regardless of which directional hedge fund decile 
is regressed against the first and the tenth FoF deciles, the alpha obtained is
positive (except when directional hedge fund decile D10 is regressed to the
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tenth FoF portfolio). Also, our built directional hedge funds portfolios
underperform the previous year’s middle-performer funds of hedge funds.

Panel C of Figure 3.1 reports the regressions of nondirectional hedge
funds deciles against each funds of hedge funds decile. It indicates that all
alphas are positive, regardless of which nondirectional hedge funds port-
folio is compared to a fund of hedge funds decile. Moreover, the table below
the graph indicates that this overperformance is statistically significant in
more than 90 percent of the cases, which is striking compared to the previ-
ous results. The highest average alpha is obtained by the previous year’s
worst-performing nondirectional hedge fund portfolio, namely decile ND10.
Statistically, however, the results are most significant for the middle deciles
(ND4, ND5, ND6, ND7, and ND8). Finally, the average R2

adj obtained are
lower than those we obtained for individual and directional hedge funds
deciles, indicating that the funds of hedge funds deciles cannot explain the
same proportion of the returns of nondirectional hedge funds as they do for
individual and directional hedge fund deciles. 

HEDGE FUND DECILES AGAINST EACH EXISTING
INDIVIDUAL FUNDS OF HEDGE FUNDS

Here our aim is to verify if the results obtained up to now are confirmed at
the individual level. After having regressed each of our hedge fund port-
folios against the FoF global index, we used the same process by taking our
funds of hedge funds deciles as the independent variable in the equations.
We regress each hedge fund’s decile (individual, directional, and nondirec-
tional) against each existing fund of hedge funds. Each decile is regressed
against the 635 funds of hedge funds reporting returns during the January
1995 to December 2002 period. We do not report all the results obtained
because we made 6,350 estimations per category. The results are summa-
rized in Table 3.5.

The figures below the +, 0, and − in the alpha distributions indicate the
percentage of regressions where alpha is significantly positive, not signifi-
cantly different from zero, and significantly negative respectively, and that
at a 5 percent level. The same convention applies for the beta coefficients.
For information, we have also reported the mean alphas and betas obtained
in each part of their distributions and in total, as well as the average R2

adj
obtained for each decile.

Panel A of Table 3.5 indicates that the first individual hedge fund’s
decile significantly outperforms 16 percent of existing funds of hedge funds
over the period studied. This percentage increases as we turn to middle-
decile portfolios, namely deciles Ind4, Ind5, and Ind6. Concerning the
average alpha figures, they increase until the fourth decile and decrease

74 PORTFOLIO ALLOCATION IN HEDGE FUNDS
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afterward, but they remain always positive. The right side of panel A indi-
cates that our deciles are rarely significantly negatively exposed to existing
funds of hedge funds, a maximum 2 percent of the time for deciles Ind9 and
Ind10. The average R2

adj obtained lie between 0.150 and 0.345, the highest
ones being those of middle-decile portfolios. As mentioned in Capocci
(2004b), these figures may seem low, but R2

adj are always lower for indi-
vidual estimations than they are for indexes.

Panel B of Table 3.5 reports the summary of the results obtained when
regressing each directional hedge fund’s decile against each existing fund of
hedge funds. Once again, the highest proportions of significantly positive
alphas are observed for middle-decile portfolios, but those proportions are
lower than those obtained by individual hedge fund’s deciles. The average
alphas are lower too, and also negative for deciles D9 and D10. The aver-
age R2

adj remains relatively low, particularly for the worst-performing
deciles. Negative decile exposure to existing funds of hedge funds can be
observed in at most 2 percent of the time. 

Panel C of Table 3.5 reports the same results for nondirectional hedge
fund deciles. What is striking are the extremely high proportions of signifi-
cantly positive alphas obtained compared with those obtained in the two
previous categories. The highest proportions of positive alphas are observed
for deciles ND4 and ND5, at more than 80 percent. The tenth decile is the
only decile in which the proportion of insignificant alphas exceeds that of
significantly positive alphas. Moreover, the average alphas are always
higher than those of individual deciles. The proportion of significantly neg-
ative alphas and funds of hedge funds exposures remains very low. The R2

adj
are slightly lower than in the previous categories, but still higher for middle-
decile portfolios.

CONCLUSION

This chapter focuses on the performance of funds of hedge funds. Its objec-
tive is to determine if momentum-constructed portfolios of hedge funds
under- or overperform existing funds of hedge funds. We have analyzed this
using the MAR database, which contains net of fee monthly returns on
2,247 individual hedge funds and 647 funds of hedge funds for the January
1994 to December 2002 period. We divided the hedge fund industry into
two categories, directional versus nondirectional hedge funds, and further
subdivided into nine individual hedge fund investment strategies.

Funds of hedge funds constitute a tenth investment strategy, which can
be further divided, depending on whether the capital is allocated to a vari-
ety of individual fund types (diversified) or to a specific type of fund (niche).
The fund of hedge funds industry is of great interest for investors. Not only
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do investors usually benefit from a lower minimum investment, making the
hedge fund industry more accessible, but they take advantage of diversifi-
cation without concerning themselves with manager selection or portfolio
management. The disagreeable aspect is that the double fee structure under-
mines the net-of-fee returns.

The survivorship bias analysis points to a bias of 4.9 percent per year for
the whole database. It is much higher for individual hedge funds (5.9 per-
cent) than it is for funds of hedge funds (3.9 percent). This is, above all, due
to the diversified funds of hedge funds. Inside the individual hedge funds cat-
egory, the bias is lower for the nondirectional hedge funds category (4.5 and
1.5 percent) than it is for the directional one (7.3 and 2.7 percent). By the
evolution of the three-year rolling period survivorship bias, we have shown
that the survivorship bias is on average higher and less stable over time for
individual hedge funds than for funds of hedge funds, the latter having the
advantage of risk diversification that makes them less volatile. A relative sta-
bility is also present concerning the survivorship bias evolution of nondirec-
tional funds, which by definition are less sensitive to market movements.

Our results indicate that despite their low standard deviation compared
with their components, because of a poor monthly net-of-fee excess return,
funds of hedge funds yield on average a lower Sharpe ratio. Accounting for
risk, we find nondirectional hedge funds to be best.

We construct portfolios of hedge funds using the Carhart (1997) momen-
tum decile classification to the individual, directional, and nondirectional
hedge funds categories, but also to the funds of hedge funds category. Our
results indicate that on the basis of the deciles’ mean monthly returns, funds
of hedge funds underperform all categories of individual hedge funds, the
exceptions being in decile 6 and 7. The nondirectional decile portfolios
always show the highest Sharpe ratio, regardless of the decile considered,
mainly due to their low standard deviations. The alphas from our regressions
indicated that almost all nondirectional hedge funds’ deciles significantly out-
perform fund of funds, that all directional decile portfolios underperform the
FoF global index but that these results are significant only for the first decile,
and that only middle-decile individual hedge funds significantly outperform
the index, but only subdecile Ind1a significantly underperforms it.

To refine these results, we regressed each individual hedge fund’s decile
against each funds of hedge funds decile. Our results indicated that, again,
nondirectional hedge fund’s deciles significantly outperform the funds of
hedge funds deciles in 90 percent of the cases. The best individual hedge
funds deciles are those in the middle. The alphas obtained by directional
deciles are negative most of the time, but this underperformance is statisti-
cally significant in less than one-third of the cases. The directional hedge
funds portfolio, made up of previous year’s best-performing funds, namely
decile 1, is the worst.
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All nondirectional hedge fund deciles consistently and significantly out-
perform existing funds of hedge funds, so it would be interesting for
investors to build portfolios in this way. For directional and individual
hedge funds, neither a contrarian nor a momentum strategy seems appro-
priate in portfolio construction for beating existing funds of hedge funds,
since the best deciles are those of the middle, namely the less volatile ones.
Depending on the investor’s underlying objective—to diversify the portfolio
or to enhance existing returns—the best way of investing is through a port-
folio of the previous year’s best-performing directional funds, or funds of
hedge funds, respectively.

The next step in analyzing performance of funds of hedge funds could
be to apply our decile portfolio construction to individual strategies rather
than to our three broad categories. In doing so, we would be able to deter-
mine which components of each category, directional or nondirectional,
really add value. 

APPENDIX 3.1

Although the term “hedge fund” originated from the equally long and short
strategy employed by managers like Alfred Winslow Jones, the new definition
of hedge funds covers a multitude of different strategies. Database providers
and other members of the industry generally define the same basic strategies.
The MAR/Hedge database definitions of hedge fund types and subtypes are
follow, but it should be noted that there is no industry standard.

Event-driven hedge funds profit from investment opportunities that
arise when companies are facing events such as mergers, hostile takeovers,
reorganizations, leveraged buyouts, share buybacks, or acquisitions. Dis-
tressed securities take positions in corporate bankruptcies and reorganiza-
tions, typically through bank debt and high-yield corporate bonds.
Risk-arbitrage funds invest in announced mergers and acquisitions, usually
by going long the equities of the targets and going short the equities of the
acquirers. Merger arbitrage funds seeks to exploit the price disparity from
merging companies, typically by taking a long position in the target com-
pany and a short position in the acquirer.

Funds of hedge funds allocate capital among a number of hedge funds,
providing investors with access to managers they might not be able to dis-
cover or evaluate on their own. The mix of underlying strategies and funds
can control returns, risk, and volatility. Diversified funds of funds allocate
capital to a variety of fund types, while niche funds of funds allocate capi-
tal to a specific type of fund. Other funds of funds are neither diversified
nor niche.
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The term global funds refers to a wide category of funds that invest in
non-U.S. stocks and bonds. International funds pay attention to economic
change around the world, but are more bottom-up oriented in that man-
agers tend to be stock-pickers in markets they favor. Emerging market funds
invest in equity or debt of less mature financial markets, which tend to have
higher inflation and volatile growth, such as Hong Kong, Singapore, Pak-
istan, and India. Regional funds focus on specific regions of the world, such
as Latin America, Asia, Europe.

The term global macro funds commonly refers to those funds that rely
on macroeconomic analysis to take bets on the major risk factors, such as
currencies, interest rates, stock indices, and commodities. These funds make
extensive use of leverage and derivatives, and are usually responsible for
most media attention. They include George Soros’s Quantum Fund and
Julian Robertson’s Tiger Fund.

Long-only leveraged funds are traditional equity funds structured like
hedge funds. They use leverage and permit their manager to collect an
incentive fee.

Market-neutral funds actively seek to avoid major risk factors, but take
bets on relative price movements using various strategies. Long/short equity
funds use the classic A. W. Jones model of hedge funds, taking long and
short positions in equities to limit their exposures to the stock market.
Stock index arbitrage funds trade the spread between index futures con-
tracts and the underlying basket of equities. Convertible arbitrage funds
buy undervalued convertibles and hedge the position with a short position
in the underlying stocks. Fixed income arbitrage funds exploit pricing
anomalies in the global fixed income market.

Sector funds are those for which specialists follow specific economic
sectors and industries. Their managers use a wide range of methodologies,
such as bottom-up, top-down, discretionary, and technical, and a wide range
of primary focus, such as large cap, mid cap, micro cap, value growth, 
and opportunistic.

Short sellers always have a short net position. Managers sell securities
short in anticipation of being able to repurchase them at a future date at a
lower price. This strategy is also used as a hedge to offset long-only portfo-
lios and by managers who feel that the market is approaching a bearish cycle.

U.S. opportunistic funds are broken into three categories. Value funds
focus on assets, cash flow, book value, and out-of-favor stocks. Growth
funds invest in growth stocks. Revenues, earnings, and growth potential are
key determinants for these managers. Short-term fund manager holds posi-
tions for a short time frame only.

No-category funds are those with no stated strategy and funds whose
strategy does not correspond to any of the just-listed classifications. 
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CHAPTER 4
Analyzing Style Drift 

in Hedge Funds
Nolke Posthuma and 

Pieter Jelle Van der Sluis

Once you have decided to invest in hedge funds, the main questions are
what percentage of the portfolio to allocate to hedge funds and how to

construct an optimal portfolio of hedge funds. This issue is often first
approached in terms of hedge fund styles instead of individual hedge funds.
Knowledge about expected returns and risks combined with dependencies
between styles allows one to construct an optimal portfolio of hedge fund
styles. Hedge fund styles can be decomposed into various risk premiums.
For equities, Fama and French identified two additional risk premiums: the
small cap and the value premium. Carhart suggested adding a momentum
factor to the model. Today hedge fund researchers attempt to do the same
for hedge funds. They model hedge fund styles using factors that proxy
credit, liquidity, and insurance premiums. It is suggested that the traditional
Fama-French-Carhart factors in combination with some alternative risk
premiums are able to explain a large part of hedge fund style returns. By
estimating the style exposures to risk factors, one can forecast return and
risk characteristics and construct better portfolios. Due to the institutional
setup of hedge funds, the style of a particular fund is often unclear. Styles
as reported to hedge fund databases or in a prospectus are self-declared by
the hedge fund manager. This raises questions on reliability of such a style
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label. Moreover, it is known that hedge funds are opportunity driven and
therefore change style over time. A first check of the reliability of the self-
assigned style label can be done by Sharpe’s return-based style analysis
(RBSA). This method has long been used for mutual funds and has recently
been applied to hedge funds as well. The drawback of the standard RBSA
method is the fact that it cannot deal with the style drift mentioned earlier.
That is, the style exposures are assumed to be fixed over time. To overcome
this issue, it has been proposed to use rolling regressions instead. However,
because the choice of the length of the rolling regression period is subjective
and ad hoc and because there are other conceptual problems, we use a more
dynamic model that was introduced by one of the authors of this chapter in
the context of mutual funds (Swinkels and Van der Sluis 2001). Here we
apply this method to the world of hedge funds, where we think it is even
more appropriate. Style drift is more severe and the style of the hedge fund
is much more opaque than in the case of mutual funds. Our method can be
used in several ways. One way is to analyze styles on basis of historical
returns from hedge fund databases. This may be useful to identify style
changes in response to changing market conditions or to identify interest-
ing hedge fund managers from a database. Another way is to track in real
time the style of a particular hedge fund that is in the investor’s portfolio.
This is useful for a fund of funds manager who wants to keep a certain style
allocation over time. Furthermore, estimates of the value at risk can be
made more precise and manager structure optimization can be better exe-
cuted if we are better able to incorporate style drift in the process.

INTRODUCTION 

Returns that hedge funds offer are attractive for investors, due to the diver-
sification benefits, and regardless of whether those returns come from carry
trading or from the genius of a hedge fund manager. Once it is decided to
invest in hedge funds, the first question is how much of the portfolio should
be allocated to hedge funds. This issue is not dealt with here but is covered
in Amin and Kat (2003b) and Till (2004a), among others. Researchers have
documented percentage allocation ranging from 0 percent to 100 percent.
The next question is how to create an optimal portfolio of hedge funds. To
answer this requires intimate knowledge of the distribution of other assets
in the portfolio and the objectives of the investor. As in other areas of port-
folio choice, a decomposition of the assets into factors may be of help.
Hedge funds can be decomposed in several factors or styles. These factors
are located on several risk dimensions of the investment universe. The tra-
ditional risk dimensions are equity risk and term spread premiums. Many
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alternative premiums have been unveiled recently. The bulk of hedge fund
returns can be explained by a combination of the traditional and alterna-
tive risk premiums. The search for new drivers continues, which should per-
haps result in explanation of even more hedge fund returns. Exposure to
one of these risk premiums is often called beta. Beta requires no timing or
selection skill, but it still requires a fair amount of implementation skill.
Alpha, however, is the product of timing and selection skills. Alpha is a
scarce good and can be systematically delivered only by the sharpest minds
of Wall Street. We believe one should not be obsessed with the alpha, but
also value the merits of the alternative betas hedge funds offer. The alter-
native risk premiums are based on insurance premiums for various risks
and a liquidity premium other market participants are willing to pay. Alter-
native premiums were available through traditional investments only to a
small extent. The diversification benefits of adding these alternative risk
premiums to an existing traditional portfolio can be huge. 

Since the exposures of individual hedge funds and hedge funds style
groups change over time to a much higher degree than most other asset
classes, we need to adequately measure these changes. One of the authors
of this chapter has proposed an adaptive method for dealing with this prob-
lem in the context of mutual funds. Swinkels and Van der Sluis (2001) dis-
cuss how accounting for time variation in style exposures using rolling
regressions is flawed. Because rolling regressions are inefficient due to their
ad hoc chosen window size, they propose instead to use the Kalman filter
to model time-varying exposures of mutual funds explicitly. This leads to a
testable model and more efficient use of the data, because influence of spu-
rious correlation between mutual fund returns and style indices is reduced.
Several stylized examples indicate that more reliable style estimates can be
obtained by modeling the style exposure as a random walk and estimating
the coefficients with the Kalman filter. The differences with traditional tech-
niques are substantial in their stylized examples. The results from their
empirical analyses indicate that the dynamic model estimated by the
Kalman filter improves style predictions and influences results on perform-
ance measurement.

HEDGE FUND INVESTMENT STYLES

There is a vast literature on how to classify hedge funds into styles. Hedge
funds use various trading strategies, each having different risk and return
characteristics and exposures to traditional asset classes (e.g., equity) that
vary strongly from negative to positive. Hedge funds have been labeled and
categorized by managers, database vendors, and academics. Because there

Analyzing Style Drift in Hedge Funds 85

c04_gregoriou.qxd  6/23/05  3:09 PM  Page 85



is no universal style classification, the classifications vary by database ven-
dor. A style classification in a database is often self-assigned. We have found
numerous examples of misclassified hedge funds. This does not mean the
classification is intentionally wrong. Due to their regulatory freedom, hedge
funds are not bound to specific asset classes, a fact that leads hedge funds
to invest in a variety of asset classes. Substantial differences between trad-
ing strategies of individual managers result in specific risk, return, and cor-
relation patterns. 

Classifications can be made with qualitative and quantitative methods.
The qualitative method classification type uses characteristics. Examples of
characteristics are geographic areas, the balance of long and short positions,
the type of asset classes, the degree of systematic trading, and the type of
opportunities that are exploited. Quantitative classification can be based on
returns and/or holdings. Most risk systems estimate portfolio risk by aggre-
gating all investment holdings. By aggregating the attributes of stocks, such
as market cap and region, one can classify the portfolio on size and geo-
graphical focus. Performance evaluation based on portfolio holdings can give
the most detailed information on attributes. Holdings-based analysis, how-
ever, uses information of one single point in time. If portfolio managers do
not change holdings, the holdings-based snapshot is useful going forward.
However, hedge fund managers add value by active management of positions.
It requires more thought to incorporate nonlinear assets and dynamic trading
strategies, such as options, into performance evaluation (Glosten and Jagan-
nathan 1994). Managers can also influence reporting quite easily. This prob-
lem is called window-dressing; fund managers sell strategically just before the
holdings report date. Therefore, we use return-based analysis in which returns
are constructed using two points in time. Returns will not only reflect the buy
and hold performance, but also performance stemming from the trading
strategy activities. Furthermore, window-dressing will not add value to the
manager. It probably would lead to lower performance due to costs of the
selling before and buying after reporting. Return-based style analysis gives
insight in the relationship of hedge fund returns with investment style returns.
In this chapter these investment style returns are either buy and hold or
dynamic trading strategy returns. The large number of possible investment
styles and the relatively small periods of hedge fund returns complicate mat-
ters. The model structure is of vital importance for inference. We therefore
should choose a parsimonious model. Clues on which factors to use can be
found in the style descriptions. If an investor invests in a hedge fund, one
should obtain additional information from the hedge fund manager to imple-
ment into the model building process.

We briefly define the style classifications and terminology of hedge
funds investment styles. We follow the standard classification in relative
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value and directional strategies. Relative value styles are styles that try to
eliminate traditional risks, such as market risk, and try to create value by
diversified arbitrage opportunities, such as pairs trading. This type of strat-
egy holds long and short positions at the same time. The returns usually dis-
play low volatility and low exposures to the traditional risk premiums.
Directional strategies bet on the direction of the market dynamically. These
strategies usually hold long or short positions. The long and short positions
change over time dynamically. The returns of these strategies have higher
volatility and high exposures to the traditional risk premiums. However,
when these exposures are measured over a longer horizon, they may be
close to zero, because long and short positions may cancel out. 

Relative Value 

Managers who primarily exploit mispricings between related securities 
are called relative value managers. As argued earlier, these funds take on
directional bets on more alternative risk premiums, while hedging out the
more traditional ones. Many relative value strategies can be found in the
following substyles.

Long/Short Equity Strategies This strategies include stock selection, timing,
pairs trading, sector rotation, and alternative equity risk premium strategies.
For instance, value and small stocks are perceived to carry a specific risk pre-
mium for financial distress, which could be exploited. Most long/short
strategies have an exposure to the equity market between 0 percent and 100
percent of capital. A special case is statistical arbitrage, which is more quan-
titative than long/short equity. Statistical arbitrage would look more at
short-term supply-demand anomalies, whereas long/short equity would also
look at valuations, accounting, synergies, and hidden assets. An example of
statistical arbitrage is to buy short-term losers and sell short-term winners,
hence providing liquidity to other trend-following investors. The portfolios
are matched in the sense that the long and short portfolios are of the same
size. Hedge funds of this style often try to be cash and/or beta neutral. The
sophisticated ones try to control their portfolios on other risk factors in the
markets, such as sectors, value, and market capitalization.

Dedicated Short and Equity Market Neutral In these other equity trading
styles, major differences are the amount of equity market exposure. A ded-
icated short manager attempts to have a negative exposure to the market.
An equity market neutral manager attempts to eliminate exposure to the
equity market. In general, equity market neutral is more quantitative than
long/short equity and has a longer horizon than statistical arbitrage. 
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Emerging Market Investing in equity and fixed income securities in emerg-
ing markets could deliver returns different from those obtained by investing
in developed markets. Market inefficiencies are potentially larger due to less
coverage by analysts, lower transparency, less developed investors, different
market structures, and government influence. Emerging market hedge fund
managers attempt to exploit these opportunities. These hedge funds assume
geopolitical and market distress risks, but may also exploit relative mis-
pricings in the emerging markets, similar to long/short equity.

Fixed Income Arbitrage This category includes bond selection, yield curve
timing, term structure arbitrage, and exploiting liquidity and default pre-
miums. Carry trades, whereby long-term bonds are bought and short-term
bonds are sold, and swap-spread trades are especially popular among many
hedge funds. Variants are the Asian carry trade and gold carry trade. A sim-
ple example of an Asian carry trade is to borrow money in Japan in the
local currency and lend in longer-dated assets, for example, Hungarian
Treasury bills. In the gold carry trade, gold is leased and then sold in the
market. The proceeds are then again invested in longer-dated riskier assets.
Most money invested in securities is invested in fixed income securities.
These vast markets are influenced by the deliberate deflationary short rate
manipulation by governments and central bank politics. 

Event Driven This style classification is reserved for managers who attempt
to benefit from events, such as mergers, takeovers, reorganizations, and
changes in financial structures. Often a separate style classification is used
for merger arbitrage funds. These funds systematically sell the bidder and
buy the takeover target. The bidder offers a price for the target above the
market value. If the merger succeeds, a premium is collected. These hedge
funds typically provide insurance against deal break. Another subset of
event-driven strategies is distressed/high yield. A specific event is a firm
becoming financially distressed. Financial distress causes institutions such
as banks and regulators to impose restrictions. Banks have larger capital
requirements for noninvestment-grade compared to investment-grade
loans. Basel II requirements have induced even more limitations on banks
to supply capital to distressed firms. The regulatory freedom of hedge funds
places managers in a superior position to benefit from investing in dis-
tressed firms. This particular event-driven style is called distressed debt or
regulation D. Regulation D of the Securities Exchange Commission allows
public firms to sell shares privately to a limited number of accredited
investors without formal registration. These shares are usually sold at a dis-
count. The intention of the legislation is to help distressed firms acquire
capital and become healthy again. Not all investors act in the spirit of the
law. Managers lock in a spread by simultaneously buying the convertible
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and shorting the stock. Moreover, there is substantial freedom in structur-
ing private equity investments in distressed firms. Structures include float-
ing rate convertible preferred stock, convertible resets, common stock
resets, and structured equity lines. Investors usually negotiate some form of
downside protection. Shorting the common stock results in receiving a put
option plus a premium, so managers benefit from further distress.

Convertible Arbitrage This is another important relative value type strat-
egy that was popular during the 1990s. Convertible bonds can be decom-
posed in an equity option and a bond. Firms that issue convertibles are
often perceived as being more risky than average. Issuing straight bonds
would be too expensive, and issuing equity could be unsuccessful for these
firms. The convertible is a bond with a relatively low yield, and equity is
diluted only if the firm is successful. Convertibles can be cheap relative to
the equity or the debt components. Basically, the differences in volatilities
of the debt and the equity part, or of the credit spreads, are exploited.
Hedge funds are in an excellent position to profit from these arbitrage
opportunities. They usually would be long the embedded option from the
convertibles and hedge these with the stock.

Equity Debt Arbitrage These managers attempt to exploit mispricings
between a firm’s debt and its equity. High-yield and credit default swaps are
fixed income investments with an equity risk part. This equity risk part can
be hedged, and if the fixed income market prices the risk differently from
the equity market, a premium can be obtained. Hedge funds increasingly
exploit the theoretical relationship between the firm’s equity and the credit
default swap (CDS). If market quotes differ from the theoretical relation-
ships, these hedge funds take positions. They buy or sell a company’s CDS
and dynamically delta hedge this position with the company’s equity or
bond. Another name for equity debt arbitrage is capital structure arbitrage.
This name is sometimes also used to identify the group of distressed debt,
convertible arbitrage, and equity-debt arbitrage. 

Directional Strategies

These styles take directional bets on the more traditional assets such as
equity, currencies, and commodities. There are three substyles of directional
strategies: global/macro, managed futures, and fixed income directional and
equity directional.

Global/Macro The macroeconomic status and politics can have substantial
impact on fixed income, foreign exchange, and commodity markets. Global
macro managers attempt to exploit macroeconomic mispricings. A famous
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example of a global macro trader is George Soros, who made a fortune
attacking the British pound in 1992, forcing it to devaluate below the Euro-
pean Monetary System exchange rate bound. Global macro traders tend to
take leveraged directional bets. Exposure to capital markets typically
exceeds their capital base, which makes these funds quite volatile. Global
macro traders often use forwards and futures. 

Managed Futures Some managers predominantly trade futures. Futures on
major market indices, interest rate products, and commodities are most of
the time highly liquid and easy to trade. Next to fundamental (macroeco-
nomic) indicators, many traders use indicators for market sentiment and
attempt to exploit patterns in prices and volatilities, which is called techni-
cal analysis. A trader could further use a judgmental or a systematic
approach. Fundamental traders often use judgment, while technical traders
(also called commodity trading advisors) use a more rigid trading model.
Managers who apply mixtures of these trading styles and select which mar-
kets to trade on are labeled discretionary. These strategies can be classified
as trend following. 

Fixed Income Directional and Equity Directional These styles take a direc-
tional fixed income and equity position and attempt to add some extra
return by adding alpha or some risk premiums.

Fund of Funds

Funds of funds are funds of hedge funds. Large institutional investors have
the resources to obtain knowledge and operations necessary for direct
hedge fund investing and are able to construct diversified portfolios of
hedge funds. Funds of funds are invented to deliver smaller investors expo-
sure to diversified portfolios of hedge funds. For their expertise in selecting
managers, fund of funds charge fees in excess of the fees paid to underlying
hedge funds, resulting in higher fees. The investor pays a management and
performance fee first to the individual hedge funds and second to the fund
of fund manager. Often the fund of funds itself is regulated, but the funds
it invests in are not. A variant is the multistrategy funds, which have differ-
ent investment styles, managed by the same organization. The advantage of
a multistrategy over a fund of funds is a more dynamical allocation among
the different strategies.

We conclude that hedge fund strategies are diverse. Hedge funds can apply
multiple styles or strategies simultaneously. Diversification over different
styles does not necessarily protect investors in market turmoil. 
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FACTOR MODELS FOR HEDGE FUNDS 

Modern portfolio theory offers the capital asset pricing model (CAPM) and
the arbitrage pricing theory (APT). Academics and practitioners in the tra-
ditional world of equities and bonds have used these models for a long time.
For example, in equities the so-called Fama-French model is used in most
empirical asset pricing work (Fama and French 1993). In this model the fac-
tors are the market, the spread between small- and large-capitalization
stocks, and the spread between value and growth stocks. The Fama-French
model was extended by Carhart’s momentum factor, which is the spread
between 12-month winners and 12-month losers (Carhart 1997). In fixed
income these factors are usually a parallel shift, steepness and convexity of
the yield curve, and the credit spread. In all these models the relation
between risk and return is linear. This is a too-tight constraint in the world
of hedge funds, where dynamic trading strategies and derivatives are fre-
quently used. These type of strategies give rise to nonlinear relations
between risk and return. We need factors that exhibit these nonlinear payoffs.
Before we will discuss the type of factor models that have been proposed, we
first discuss the model. The model (equation 4.1) can be written as: 

(4.1)

where Rt = return on a hedge fund at time t
K = number of factors

Fk,t = return on factor k at time t
bk = fund’s exposure to factor k

a = unexplained systematic part of the return
et = error term, which has expectation zero 

Modern portfolio theory teaches us to separate idiosyncratic and sys-
tematic risks. The pure active (idiosyncratic) risk is the volatility of the
alpha. We can measure the alpha by using the factor model. In this frame-
work, the selection of alpha is independent of the selection of the beta, since
the two are independent by construction. This gives rise to a two-step opti-
mization problem. First, the investor determines the right mix of hedge fund
betas. Conditional on this choice, the investor can do another optimization
where each hedge fund beta is staffed with managers. Research suggests
that within a style, at least five managers are needed to diversify away idio-
syncratic risk. Of course we want to pick the best manager in each style.
The factor models can be used to measure the skill of a manager. This is
similar to the Jensen’s alpha from the CAPM. We can measure the alpha
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with respect to the asset-based factors or relative to the peer group–based
factors. The active risk is the standard deviation of the error term in the fac-
tor model. This error term should be idiosyncratic to the hedge fund man-
ager. This means that the error term should be independent over time and
independent of other hedge funds managers. It should also be normally dis-
tributed, because if all the noise is idiosyncratic, there should be some form
of the central limit theorem at work. If independence and normality are not
observed, factors are probably missing from the model. 

Researchers have followed three different avenues in defining the factors
Fk,t: Peer group–based factors, return-based factors, and asset-based factors.

Peer Group–based Factors Lhabitant (2001) proposes to use peer group–
based factors, that is, hedge fund indices (e.g., the Hedge Fund Research
Index [HFRI] or the Credit Suisse First Boston/Tremont [CSFB/Tremont]
hedge fund [style] indices). The problem is that the classification of funds
over different databases is not consistent. Moreover, there is the problem of
style drift in individual hedge funds. As a consequence, an index may not
represent a homogeneous group of funds. Furthermore, the hedge fund
indices do not provide information about the underlying fundamental
processes. They just show how markets react under normal circumstances.
Another problem is the short history available and the biases in the under-
lying hedge fund data (see Posthuma and Van der Sluis 2004). The peer
group analysis is useful for measuring performance relative to peers or to
detect style drift.

Returns-based Factors This method is based on applying statistical meth-
ods to a hedge funds database. The returns are clustered by some distance
measure, so that a correlation or a principal components technique is
applied. One advantage is that the method is adaptive, so that the style drift
of a fund is automatically taken into account. The outcome of such an analy-
sis is a group of the funds that are correlated with each other. Empirical
analysis, shows that the number of common factors ranges from five to nine.
One common drawback is that the method is prone to noise fitting. As in the
peer group analysis, the short data history and the biases in the data sets are
other drawbacks. The interpretation of the factors may also be cumbersome.
For an overview of this method, see Brown and Goetzmann (2003).

Asset-based Factors An asset-based factor is the returns to a replication
strategy that systematically follows a certain investment strategy. This
approach underlies the Fama-French model. For example, we can form a
strategy that systematically follows a carry trade, by shorting short-term
Treasury bills and buying long-term strategies. Another example is to sys-
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tematically buy the acquired and sell the acquirer, mimicking merger arbi-
trage; see Mitchell and Pulvino (2001). Researchers have found that option-
type strategies are an important determinant in explaining the variation in
hedge fund returns because any dynamic trading strategy employed by a
leveraged investor with stop-loss rules displays asymmetric returns. Since
the data that are needed for the replicating portfolio are not limited to the
history of a particular hedge fund database, asset-based factors allow for a
much longer history than the history of hedge funds. Asset-based factors
bring insight to the underlying fundamentals. Furthermore, the construc-
tion of the factors is independent of the hedge fund returns, which has
important theoretical advantages. 

We first need to identify the risk and returns drivers of an individual hedge
fund. If the exposure of the fund to these risk and returns drivers is stable
over time, we can resort to the traditional factor approach to allocation.
There are at least two extra difficulties with this approach in hedge funds.

1. Since hedge funds use nontraditional assets and nontraditional instru-
ments, there are many potential factors.

2. Since hedge funds are active investors who employ dynamic trading
strategies and are opportunity driven, it is likely they change style more
often than traditional money managers. 

Factors should be mutually exclusive and exhaustive. “Exhaustive”
means that all aspects of the fund should be covered. “Mutually exclusive”
means that the factors should not have overlapping return patterns. Over-
lapping factors could give rise to estimation problems, such as multi-
collinearity. Statistical procedures could be used to construct orthogonal
factors. Principal components analysis is one way to create orthogonal fac-
tors. However, one of the drawbacks of principal components is in their
interpretation. The principal component factors are linear combinations of
the possible factors, which can be difficult to interpret. Another issue is the
rotation of the principal components, since it is possible to apply principal
component analysis on different combinations of factors. Due to the inter-
pretation and rotation problems, we opt for the asset-based factors and
peer group–based factors. We use only combinations of factors that are at
most moderately correlated. Track records of most hedge funds are short
and consist of monthly returns. This limits the number of factors that can
be included. Randomly picking factors is risky. In choosing the factors, one
should also employ some qualitative information about the fund. 

A line of research from Agarwal and Naik (2004) and Fung and Hsieh
(2001, 2002 a,c) shows how to decompose the hedge fund returns into fac-
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tor returns. Mainly using asset-based factors, researchers have found expo-
sures to (lagged) equity markets, volatility, credit spreads, the term spread,
and option trading strategies. The reported fit of these models (i.e., the R2)
is rather good. Agarwal and Naik used so-called location factors, which are
buy and hold investments in traditional instruments such as equity, and
bonds to explain hedge fund returns. They added so-called strategy factors,
which are returns of dynamic trading strategies. Options can be replicated
by dynamically trading the underlying. Dynamic trading rules also can be
replicated with options. Therefore, we can view a hedge fund as a portfolio
of options. For example, convertible bond arbitrage is similar to a long
option. Trend-following strategies, such as managed futures, are long a
straddle. A straddle corresponds to buying a put and a call. The holder of
the straddle benefits if the underlying moves significantly. It turns out that
strategies such as writing monthly out-of-the-money put options on the 
Standard & Poor’s (S&P) 500 explain a large part of the variation in
returns of event-driven hedge fund styles. High-yield bonds and emerging
market equity and debt are other risk factors on which the event-driven
style loads. The convertible arbitrage style can be explained for a significant
part by holding (high-yield) bonds, emerging market bonds, and shorting
equity. The Carhart momentum factor combined with the traditional Fama-
French factors are able to explain most of the long/short equity returns. The
amount of variation in returns explained by Fama-French factors, which
are very well-known trading strategies, is surprising. Two other well-known
strategies are the simple and Asian carry trade. The simple carry trade is
often defined by holding long-term government bonds and shorting Trea-
sury bills. The Asian carry trade was constructed by borrowing cheap
money in Japan and investing the proceeds in high-yield U.S. investments
(e.g., high-yield bonds). The momentum factor, emerging market equity, the
Asian and simple carry trade explain a significant part of the global macro
returns. Fung and Hsieh explain returns of global macro and managed
futures hedge funds with lookback straddles. Asian and simple carry strate-
gies are also present within the fixed income arbitrage style. This style is
further explained by mortgage-backed securities and credit spreads. 

The nonlinear relationship with underlying markets and the nonnor-
mality of returns have important implications for performance attribution
and risk management. Coskewness and cokurtosis between risk premium
factors induces phase-locking crash events, such as the liquidity crisis in
September 1998 (Lo 2001). The underlying fundamental factor of many
strategies is providing insurance and liquidity for risks that other investors
fear. We believe that the excess return over investable asset-based factors is
a measure that gives better insight in the capabilities of hedge fund man-
agers than absolute returns.
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ADAPTIVE STYLE ANALYSIS 

The eyes of a predator could be the eyes on the wings of a butterfly. What
you see is not necessarily what you get. Managers sometimes change invest-
ment style or misclassify themselves, which results in investors being
unaware about changing risks. Asset liability management and portfolio
construction based on wrongly perceived risk-return patterns could lead to
dangerous suboptimal portfolios. Since hedge funds are opportunistic in
nature, adherence to a stated investment style may not always hold true in
the world of hedge funds, where secrecy and flexibility are key. Hedge funds
are predominantly composed of a flexible staff that can swiftly take advan-
tage of market opportunities. There are recurring concerns about the risk
posture and risk tolerance of hedge funds over time. This phenomenon is
known as style drift. This is a major concern because hedge funds typically
have a three-year lockup period. Only against high costs with sufficient
advance notice can money be withdrawn from the hedge fund during the
lockup period. This makes hedge funds investing more challenging than tra-
ditional investing. The investor buys a three-year note in an asset, which
can change colors completely. Style drift causes a mismatch risk in the asset
allocation process. An investor may have a carefully designed portfolio of
hedge funds where the allocation is based on several style factors. It is also
important for a fund of funds (FoF) manager to mitigate the impact of a
single manager blowup. The FoF manager will therefore diversify across
and within styles. Style drift of an individual manager will cause over- and
underdiversification across and within styles and inefficient use of the risk
budget. To detect style drift, one can demand full position transparency
from the hedge fund and have the resources to distill relevant informa-
tion from these positions. It is also possible to use techniques such as style
analysis in which return of the hedge fund is compared to the asset-based
or peer-group factors by means of regression. Changes in the coefficients
indicate style drift. This is an important aspect of hedge fund modeling that
must be dealt with adequately. In this chapter we develop such a procedure.
We build on the seminal work on return-based style analysis (RBSA) of
Sharpe (1992). Sharpe’s framework can be seen as a multifactor extension
of the Jensen (1968) single-factor model. It decomposes portfolio returns
into style and skill. Style is the part of the returns that can be attributed to
market movements. For hedge funds, the “market” should be defined in a
broad sense. Skill is idiosyncratic to the manager.

Sharpe’s RBSA model (equation 4.2) can be written as a factor model

(4.2)R Ft k
k

k

k t t= + +
=

∑α β ε
1

,
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with constraints 

where Rt = return on a hedge fund at time t
K = number of factors

Fk,t = return on factor k at time t
bk = fund’s exposure to factor k

a = unexplained systematic part of the return
et = error term, which has expectation zero 

Sharpe’s RBSA model (equation 4.2) can be written as a factor model
with constraints:

In the case of hedge funds, the factors Fk,t can be asset-based factors
and the traditional assets, such as equity and bonds. The constant term a
measures manager skill conditional on the traditional assets. The advan-
tages are a bifurcation of the alphas and betas. 

The imposed restrictions on the betas are obsolete in many applica-
tions. Hedge funds are allowed to maintain short positions and use leverage
to increase absolute returns. The application to hedge funds is straightfor-
ward and has been shown useful by many authors. In its original form, the
exposures are fixed over time and estimated by means of regression or
quadratic optimization. Researchers in the mutual fund literature subse-
quently adopted a rolling regression approach to overcome the style drift.
Swinkels and Van der Sluis (2001) scrutinized the rolling regression
approach. They developed a superior technique, which does not suffer from
the critique. Their technique is adaptive in the sense that changes in the style
exposures are picked up automatically from the data. Their method is illus-
trated for mutual funds. We realized later that this approach was in fact
much more powerful for hedge funds. For some time now we have used
these tools in our practice to analyze hedge funds. The applicability of
our tools was also noticed by Lhabitant (2004, pp. 227–228) in his ex-
cellent hedge fund book, from which we quote: “The Kalman filter had
originally no particular link with finance. It is only recently that Swinkels
and Van der Sluis (2001) suggested applying it to a dynamic model of style
analysis.”

We first briefly summarize the model of Swinkels and Van der Sluis
here. In their paper they adapt the Sharpe model (equation 4.3) by dropping
the restrictions and allowing the beta to vary through time:

(4.3)

β β ηk t k t k t, , ,= +−1
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Here et and hk,t are normally and identically distributed with variance
s 2

e and s 2
h,k respectively. Note that the betas are following a random walk.

Unlike the ad hoc rolling regression approach, the time variation in the
exposures is explicitly modeled. Simulations in Swinkels and Van der Sluis
(2001) show that the random-walk model for beta is fairly robust to mis-
specification. For example, a sudden style change or block-wave type of
exposure are picked up fairly well, although the random-walk model is mis-
specified here. As in Agarwal and Naik (2000a) to allow for short positions
and leverage, no restrictions are imposed on the betas. This model is a state-
space model and can be estimated by using standard Kalman filter tech-
niques. No window size of ad hoc chosen length need be used. The Kalman
filter procedure chooses the optimal weighting scheme directly from the
data. The filter is an adaptive system based on the measurement and updat-
ing equations. The time update equations project forward (a priori update).
The measurement update equations receive the feedback (a posteriori
update). The betas are determined by the Kalman filter procedure. We usu-
ally estimate the parameters s 2

e and s 2
h,k by maximum likelihood, but they

can also be prespecified by the user. The statistical properties are well
known and model specification tests are well defined. In this chapter we use
a straightforward generalization of the R2 to the dynamic model as our
goodness-of-fit statistic. We define R2 as the percentage of variance of the

dependent variable that is explained by the model, that is, 

In the case R2 = 1, there is no tracking error, and the style factors fit per-
fectly. The number 1 − R2 can be used as an indicator of the level of active
management. This is only valid when the model is correctly specified. An
incomplete or inadequate set of factors will lead to a low R2 and could be
misinterpreted as an indication of active management.

Two different filtering procedures exist. The use of the entire data set for
each point is the smoothing method, which gives the smoothest pictures of
style shift and drift. In the smoothing procedure, the Kalman filter first runs
forward through the data then backward and combines the outcomes. The
filtering procedure runs only forward through the data. This means that for
each point, it employs only historical data to obtain estimates of the expo-
sures. The filtering procedure shows how the exposures were perceived in
real time. Constructing time-varying confidence bounds for exposures yields
additional information on the relevance of these exposures. The Kalman fil-
ter is optimal for a large class of problems and is a very effective and useful
estimator for an even larger class. A Bayesian approach easily ties in with the
Kalman filter. Here we limit ourselves to using noninformative priors for
the parameters. This case corresponds to the classical statistical interpreta-
tion. However, incorporation of prior information into the model is easy. It
is also relatively straightforward to incorporate additional information, such

R
R

2 1= − var( )
var( )

.
ε
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as holdings information. The use of additional information will improve the
precision of the estimations. In our applications we used Ssfpack for Ox by
Koopman, Shephard, and Doornik (1999), freely available from www.ssf
pack.com. Two important applications of the factor models that could be
further improved by our dynamic model could be the in the area of manager
structure optimization (MSO) and value at risk (VaR).

Manager Structure Optimization Since the alpha and the factors are inde-
pendent by construction, Waring, Whitney, Pirone, and Castille (2000) sug-
gest to split the problem of optimal portfolios in two components.

1. Find the right mix of style exposures (betas).
2. Conditional on this mix, find the best alpha managers.

From the factor model (4.1), we can deduce this expression for the
covariance of hedge funds: V = B′FB + W. In this expression, B is a matrix
of hedge fund exposures to the different factors, F is the covariance matrix of
the factor risk premiums, and W is a (diagonal) matrix of the residual risks.
In constructing a portfolio of hedge funds, one can choose the weights of
each fund in such a way that a certain style exposure is obtained. The idio-
syncratic risk could be diversified by adding hedge funds. Acknowledging
style drift in the estimation of the B matrix can be beneficial to the MSO
process.

Value at Risk A popular measure for measuring tail risk is VaR, which
reflects the equity capital (in currency units) that is needed to cover the
extreme losses that are experienced. In VaR modeling three parameters
should be set:

1. The probability level, which should be chosen very low, since there
should be a very low chance that the losses exceed the corresponding
VaR.

2. The target horizon, which reflects the time needed to raise additional
funds.

3. The accuracy of the VaR number. Of course, the accuracy should be as
high as possible. The accuracy is determined by the estimation method,
the model, and the data used.

A problem with position-based VaR is that it is static and ignores the
dynamic trading in most hedge funds. Furthermore, the use of option-type
strategies yields a step function in the payoff function. This is also prob-
lematic in the case of a position-based VaR. For example, a hedge fund that
writes puts with a probability of 4.99 percent of getting in the money has a
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very misleading position-based 5 percent VaR. Lhabitant (2001) points out
how a factor model can solve some of these problems and provide a more
reliable ex-ante assessment of the VaR. Using the factor model in equation
4.1, we can decompose the VaR measure into a value at market risk
(VaMR) and a value at specific risk (VaSR) for a portfolio of hedge funds,
as shown in equation 4.4:

(4.4)

The VaMR is defined as 

(4.5)

The VaSR equals zase , where za is the a quantile of the normal distri-
bution and se is the volatility of the error term in (4.1). In equation 4.5, the
ri,j are the correlation between monthly returns of the hedge fund indices
and F*

i is the a-percentile of the factor returns Fi. This percentile must be
estimated with great care. Standard techniques are not sufficient because it
is notoriously difficult to estimate tail events, which are rare or might not
even happened yet. Often we have too few observations from history to
obtain reliable estimates of the tail probabilities. For further details we refer
to Chapter 12 of Lhabitant (2004). 

EMPIRICAL FINDINGS 

Hedge fund managers should be paid for alpha and not for allocating to asset-
based style factors. Alpha is the sum of timing and selection skill. However,
it is quite complicated to decompose alpha in selection and timing skill
(Swinkels, Van der Sluis, and Verbeek 2003). Therefore, we do not attempt
to distinguish selection from timing skill. Glosten and Jagannathan (1994)
show how the alpha should be interpreted in the presence of timing skill. The
upshot of their research is that there is a trade-off between alpha and timing
skill in the sense that a contingent claim approach can show the value of
timing skill. This value should be compared to the alpha of the manager. 

The goal of our analysis is to show the potential benefits of adaptive
style analysis with asset-based factors. The adaptive style analysis method
is applied on the Credit Suisse First Boston (CSFB)/Tremont long/short
equity benchmark, a long/short equity fund, and a fund of funds.

In Figure 4.1, each fund’s exposure to the styles with 80 percent confi-
dence bounds are shown in the upper panel. In the bottom panel we show
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the payoff of the fund and the payoff from the exposure to each of the asset-
based factors. 

Style Drift in Long/Short Equity Hedge Funds

Most long/short equity hedge funds are not market neutral, but have
exposures to the equity market. Goodman, Shewer, and Horwitz (2002),
among others, point out that equity hedge funds have exposures to the
Fama-French-Carhart style factors (size, value/growth and momentum).
By using asset-based factors, we can study the characteristics of these fac-
tors over a long period of time. We can examine nonnormality in each of
them and see whether these returns tie in with the goals of the investor.
There is a caveat to this. Long/short equity funds also have nonlinear pay-
off patterns. Such patterns can be replicated by an asset-based factor
mimicking a portfolio of options. In our example we use a systematic
covered call-writing strategy. In order to investigate shifting style expo-
sures of long/short equity funds, we apply the Kalman filter procedure on
the monthly returns of the CSFB long/short equity style over the period
1994 to 2004. The risk factors we use consist of the standard market,
size, value, and momentum factors plus a covered call trading strategy
return factor. With these factors we are able to explain 83 percent of the
variation in the long/short equity style. The exposures are displayed in
Figure 4.1. The upper panel indicates a positive and significant exposure
to the momentum factor over the whole sample period. Furthermore,
long/short equity returns in 1994 look similar to returns from writing
covered calls, investing in the market index and overweighing growth
stocks. In 1995 the focus shifted toward growth and small-cap stocks. We
also note that the net long exposure to the market and the covered call
strategy declined since 1999. During the last year of the Nasdaq bull mar-
ket, long/short equity managers were on average exposed to growth and
large-cap stocks. Part of this substantial move can be explained by the
fact that small information technology companies turned into large-cap
companies with growth characteristics, due to the amount of money
pouring in these stocks. Exposures to the momentum and the market fac-
tor are most significant. The significance of the value factor changes
through time. Timing did deliver value, as evidenced, for example, by the
lower exposure to the market since 2000. The R2 calculated from the
residuals is 83 percent. The degree of explanation is high for an invest-
ment strategy that is supposed to deliver absolute returns, which are not
correlated with fundamental market factors. 

Figure 4.2 presents the analysis of individual long/short equity hedge
funds. We use the Kalman filter to obtain the time varying exposures to five
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risk factors. We use the same risk factors as in the previous example and the
same period under consideration. The R2 calculated from the residuals is 81
percent, which is rather high. The patterns of the individual fund are dif-
ferent from the style index. Exposures vary over time except for the
momentum strategy. Most of the time the exposures are significantly dif-
ferent from zero. During the whole period, the exposure to the market was
positive. The fund built up exposure to the market during the bull time of
the Nasdaq bubble in 1999 and decreased exposure in 2000. The fund
gradually shifted from growth in 1994 to value stocks in 1998. The value
position was decreased during the period from 2000 to 2003. In 2004 a net
growth position remains. The exposure to the covered call strategy
decreased in 1998 and 1999 and stayed positive until 2003. During the
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FIGURE 4.1 Style Analysis CSFB/Tremont Long-Short Equity
The upper panel shows the exposures of the CSFB/Tremont long/short equity index
to risk factors. The risk factors are the market, size, value, and momentum factors
plus a covered call trading strategy return factor. In the lower panel, the cumulative
payoff of the index in excess of the risk-free rate is shown together with the returns
from the exposures to the factors (the explained part). The alpha and error term
express the part of the excess return of the index, which is not explained by the
exposures to the factors. Together the explained and unexplained part sum up to
the excess payoff line.
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sample period the fund switched from large cap to small cap and back
again. This shift paid off during the period from 2000 to 2002, as can be
seen from the lower panel of the figure. The exposure to the market costs
money during the bear market running from 2000 to 2002. The alpha is
positive, although not statistically significant from zero. 

Analysis of Fund of Funds

Most investors in funds of funds do not know with certainty what they are
investing in, simply because they never see the funds’ actual holdings. This
blind way of investing is chosen by investors who are less able or willing to
invest directly in hedge funds. FoF managers are specialists who move
money in and out of hedge funds for their clients. For their expertise and

102 PORTFOLIO ALLOCATION IN HEDGE FUNDS

Exposures over time
1.0

0.5

0.0

−0.5

100

50

0

1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004

1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004

Alpha
Market
Size
Value
Momentum
CoveredCall
Error
Excess Return

FIGURE 4.2 Style Analysis Individual Long-Short Equity Funds
The upper panel shows the exposures of an individual long/short equity fund to risk
factors. The risk factors are the market, size, value, and momentum factors plus a
covered call trading strategy return factor. In the lower panel, the returns of the
index in excess of the risk-free rate are shown together with the returns from the
exposures to the factors (the explained part). The alpha and error express the part
of the excess return of the index, which is not explained by the exposures to the
factors. Together the explained and unexplained part sum up to the excess
payoff line.
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costs, they charge a fee on top of the fees charged by the underlying hedge
funds. They may even persuade hedge fund managers to move out of their
comfort zone to enhance performance. In this study we analyze a fund of
funds from a larger family of fund of funds. We use these factors: emerging
market equity and emerging market debt. Figure 4.3 shows the exposures
and returns of a fund of hedge funds specialized in the Asian region. The
excess return above the risk-free rate is negative over the total period. 
The fund especially lost money in the period before 1999. The exposure to
emerging market equity is positive, but changes. In 1998 and 1999, after
the liquidity crisis, the fund leveraged the equity component, which paid
off. The fund deleveraged equity during 1999 and 2000. The fixed income
component was held constant during the whole period but did not add
much value. 
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FIGURE 4.3 Style Analysis Fund of Funds
The upper panel shows the exposures of a fund of hedge funds to risk factors. The
risk factors are emerging market debt (embi) and emerging market equity (em eq).
In the lower panel, the returns of the index in excess of the risk-free rate are shown
together with the returns from the exposures to the factors (the explained part). The
alpha and error express the part of the excess return of the index, which is not
explained by the exposures to the factors. Together the explained and unexplained
part sum up to the excess payoff line.
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CONCLUSION

The growth in hedge fund assets, number of funds, and investment styles
has been enormous. Fund managers hungry for fees exploit every alterna-
tive risk premium besides the ones on traditional bonds and stocks. Several
strategy fields have already been exhaustively grazed by herds of managers.
Capacity limits have been met and new pastures are sought after. Hedge
fund managers continue to discover and develop new alternative fields,
pushing the financial frontier forward. Even if returns are not high, most
investors will benefit from the diversification benefits of hedge funds on tra-
ditional portfolios. The free and flexible nature of the hedge fund industry
together with the lockup period often imposed by its constituents is its key
asset, and a challenge for traditional institutional investors. The lack of
transparency and the freedom to apply virtually every imaginable trading
style, combined with organizational risks, result in an overall risk-return
profile that is difficult to assess. Hedge funds are opportunity driven and
therefore change style over time. Asset liability management and portfolio
construction becomes more difficult when managers are able to switch
styles. With our adaptive return-based style analysis, it is possible to esti-
mate the time-varying exposures of hedge funds to risk factors in an effi-
cient way. The advantage is that the method only requires a time series of
historical returns. Our method can be used in several ways. One way is to
analyze styles on the basis of historical returns from hedge fund databases.
This may be useful to identify style changes in response to changing market
conditions or to identify interesting hedge fund managers from a database.
Another way is to track in real time the style of a particular hedge fund that
is in the investor’s portfolio. This is useful for a fund of funds manager who
wants to keep a certain style allocation over time. Moreover, risk manage-
ment measures, such as VaR, and allocation tools, such as manager struc-
ture optimization, benefit from a timely detection of style drift. 
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CHAPTER 5
Hedge Fund Allocation under

Higher Moments and Illiquidity
Niclas Hagelin, Bengt Pramborg, 

and Fredrik Stenberg

This chapter investigates possible gains from diversifying into hedge funds.
The study shows that gains from allocating into hedge funds occur even

when possible effects of deviations from normality in the hedge fund return
data are taken into account. Using a decision function that includes all
higher moments of the return distribution produces portfolios that are very
similar to those constructed using a mean-variance approximation. This
finding is interesting and suggests that higher moments are dominated by
the first two moments, at least when portfolios are rebalanced on a monthly
basis. Further, the results indicate that the gains from including hedge funds
in the portfolios remain (although smaller) when the effects of “stale pricing”
are taken into consideration. Finally, the existence of lockup periods ham-
pers the possibility of rebalancing the allocation to hedge funds. This pre-
dicament may cause the portfolio to deviate from the targeted “optimal”
portfolio. Through a simple experiment we show that the inability to rebal-
ance the portfolio may seriously impact the benefits that hedge funds
appear to offer.

INTRODUCTION 

In the last decade, the number of existing hedge funds and the value of
the assets of these funds under management have witnessed tremendous
growth. The attractiveness of hedge funds may be explained by their good
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performance in terms of relatively high returns, low volatility, and low cor-
relation to other assets. However, recent research has robbed hedge funds
of some of their luster as an asset class. The reason for this is that hedge
funds are more complicated than traditional assets (i.e., common stocks
and bonds) and their benefits are more difficult to evaluate. This complex-
ity arises from the way hedge funds are administrated as well as from the
quality and the statistical properties of the return data itself.

It is well known that existing vendor databases provide an incomplete
picture of the hedge fund universe and that even this incomplete picture is
marred by biases such as survivorship, instant history, and selection. Recent
research highlights the care needed in handling the subtleties arising from
the lack of quality data (Ackermann, McEnally, and Ravenscraft 1999;
Brown, Goetzmann, and Ibbotson 1999; Fung and Hsieh 2000; Liang
2000; Posthuma and Van der Sluis 2004). Failure to account for these defi-
ciencies would lead investors to be grossly overoptimistic about the benefits
of hedge funds. This failure may not only cause investors to experience
some very unpleasant surprises in the future, but also lead them (on false
premises) to allocate too many resources to hedge funds.

Hedge fund return data often depart from normality. Amin and Kat
(2003b) and Kat (2004a), among others, show that hedge fund returns
exhibit significant negative skewness and excess kurtosis, both undesirable
to a risk-averse investor (Rubinstein 1973; Kraus and Litzenberger 1976;
Scott and Horvath 1980). Because of this departure from normality, the
usual application of the standard tools of portfolio analysis, such as mean-
variance portfolio optimization, may lead to wrong conclusions and sub-
optimal decisions. In response to this, research is emerging that tackles the
problem of optimization of asset allocation to hedge funds, taking into
account nonnormality in hedge fund returns. This research includes Bac-
mann and Pache (2004), Davies, Kat, and Lu (2004), and Hagelin and
Pramborg (2004b).1

Bacmann and Pache (2004) and Davies, Kat, and Lu (2004) construct
optimal hedge fund portfolios incorporating possible effects from skewness
and kurtosis. Specifically, Bacmann and Pache (2004) assume that investors
choose either a portfolio to minimize the risk that returns will fall below a

106 PORTFOLIO ALLOCATION IN HEDGE FUNDS

1Lee and Lee (2004) and Sharma (2004) are examples of other studies investigating
the possible effects from higher moments on hedge fund performance. While Lee
and Lee develop an alternative Sharpe ratio, Sharma constructs a performance metric
that computes the certainty equivalent gain from hedge funds.
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threshold level at some future date or a portfolio to maximize the ratio of
the expected gains above a threshold level to the expected losses below that
threshold level. They find that mean-variance portfolios usually overweight
hedge fund indices with negative skewness and high kurtosis relative to
portfolios constructed with the methodology they propose. These results
are broadly the same for both in-sample (static optimization) and out-of-
sample experiments and point in favor of their proposed methodology.
Davies, Kat, and Lu (2004) incorporate investor preferences into a polyno-
mial goal programming optimization function. This approach allows them
to solve for multiple competing hedge fund allocation objectives within the
mean-variance-skewness-kurtosis framework. Their analysis shows that
equity market–neutral funds are risk and kurtosis reducers while global
macro funds are skewness enhancers.

Hagelin and Pramborg (2004b) evaluate returns to portfolios that
include hedge fund investments, where the investor is assumed to allocate
optimally among asset classes (common stocks, bonds, a risk-free asset,
and hedge funds) and to rebalance those allocations regularly. They use the
discrete-time dynamic investment model proposed by Grauer and Hakans-
son (1985) that provides an interesting alternative to the standard mean-
variance analysis since it focuses on capital growth.2 Because the capital
growth rate is affected by the higher moments of the return distribution,
optimizing capital growth given a certain risk tolerance implicitly takes all
moments of the return distribution into account. Hagelin and Pramborg
(2004b) show that investors will optimally choose to allocate wealth to

Hedge Fund Allocation under Higher Moments and Illiquidity 107

2Grauer and Hakansson (1986) employed the model to construct and rebalance
portfolios of U.S. stocks, corporate bonds, government bonds, and a risk-free asset.
The results revealed that the gains from active diversification among the major U.S.
asset categories were substantial, especially in the case of highly risk-averse strate-
gies. In a later study, Grauer and Hakansson (1987) found that additional diversifi-
cation could be obtained from including non-U.S. asset categories in the portfolios.
Further, Grauer and Hakansson (1995) compared the investment policies and
returns on portfolios of stocks and bonds, with and without real estate. Their prin-
cipal findings were that the gains obtained by adding real estate to portfolios of U.S.
financial assets using an active strategy were rather large, especially in the case of
highly risk-averse strategies, but that the gains from adding U.S. real estate to port-
folios of global assets were mixed. In a recent paper, Hagelin and Pramborg (2004a)
used the model to investigate the gains from including emerging equity markets in
the investment opportunity set. They found that gains accrued from diversifying
into emerging equity markets were modest.
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hedge funds, even when they take into account deviations from normality
in hedge fund returns. In addition, they show that the optimal allocations
result in portfolio returns that have, in some cases, statistically signifi-
cantly greater returns compared to the cases where hedge fund investing is
not permitted.

This study uses the same utility maximization procedure as Hagelin and
Pramborg (2004b) to analyze the possible gains from diversifying into
hedge funds. We extend their analysis in two principal directions. First we
explicitly compare the returns and allocations of portfolios that are opti-
mally constructed using the discrete-dynamic investment model (i.e., taking
all moments into consideration) with portfolios that are constructed using
a mean-variance approximation. This is interesting since it facilitates a
direct analysis of the effect, and possible importance, of considering higher
moments when hedge funds are included in the investment opportunity set.
Second, we examine the possible effects from illiquidity on the return and
risk of portfolios that allocate resources to hedge funds and rebalance these
allocations regularly. Illiquidity is usually defined in terms of the costs
incurred to enter and exit an investment. This affects the evaluation of
hedge fund allocations in at least two ways.

First, illiquidity exists in the lockup periods and advance notice peri-
ods that are standard requirements among hedge funds. Singer, Staub, and
Terhaar (2003) suggest this may be important since these lockup periods
make hedge fund investments illiquid and consequently hamper the possi-
bility of rebalancing the portfolio. Since the investment model used in this
study and that of Hagelin and Pramborg (2004b) implicitly assumes that
monthly rebalancing is possible, the benefit from inclusion of illiquid
assets, such as hedge funds, may be overstated. However, the investment
model used in this study, assuming monthly rebalancing, provides a good
setting for investigating the possible effect of lockup periods on portfolio
return and risk.

Second, a signature of many hedge funds is that they undertake invest-
ments in illiquid assets, which results in valuations that are not completely
up-to-date (Asness, Krail, and Liew 2001). This “stale pricing effect”
induces positive serial correlation in hedge fund returns and underesti-
mation of their true standard deviations (Brooks and Kat 2002; Getmansky,
Lo, and Makarov 2003). In accordance with Davies, Kat and Lu (2004),
this study adapts the approach proposed by Geltner (1993) to account for
this deficiency in the return data.

The results of this study show, similar to Hagelin and Pramborg
(2004b), that gains from allocating into hedge funds occur even when the
possible effects of deviations from normality in the hedge fund return data
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are taken into account. In fact, using a decision function that includes all
higher moments of the return distribution produces portfolios that are very
similar to those that are constructed using a mean-variance approximation.
This finding is interesting and suggests that higher moments are dominated
by the first two moments, at least when portfolios are rebalanced on a
monthly basis. Further, the results indicate that the gains from including
hedge funds in the portfolios remain (although smaller) when the effects of
stale pricing are taken into consideration. Finally, the existence of lockup
periods hampers the possibility of rebalancing the allocation to hedge
funds. This predicament may cause the portfolio to deviate from the tar-
geted optimal portfolio. Through a simple experiment we show that the
inability to rebalance the portfolio may seriously impact the benefits that
hedge funds appear to offer.

METHODOLOGY 

Discrete-Time Dynamic Investment Model

Util ity Functions and Higher Moments of Returns The dynamic investment
model used in this chapter, based on the multiperiod portfolio theory 
of Mossin (1968), Hakansson (1971, 1974), Leland (1972), Ross (1974),
and Huberman and Ross (1983), and applied by, among others, Grauer and
Hakansson (1985, 1986, 1987, 1995, 2001), assumes investors with power
utilities. That is, the utility function (Equation 5.1), may be written

(5.1)

where r is the one-period return
g is a parameter for risk aversion

Higher values of γ imply more risk aversion, while g = 0 represents the risk-
neutral investor. A special case is when g →1, in which case the utility (Equ-
ation 5.2) is logarithmic:

(5.2)

The logarithmic utility implies, and is implied by, a strategy to maxi-
mize capital growth, and this utility is therefore often referred to as the
growth-optimal strategy. (For a comprehensive account of capital growth

u r r r( ) ln( ),1 1 1+ = + > −

u r r( ) ( ) , ,1
1

1
1 0 11+ =

−
+ ≥ ≠−

γ
γ γγ
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theory, see Hakansson and Ziemba 1995.) The utility functions differ from
the standard mean-variance framework in that all moments of the return
distribution affect the utility of the investor.

The significance of higher moments is supported by a growing number
of studies, such as Kraus and Litzenberger (1976), Scott and Horvath
(1980), Harvey and Siddique (2000), and Harvey, Liechty, Liechty, and
Müller (2003). Harvey and Siddique (2000) show that systematic skewness
in asset returns is economically significant and commands a risk premium.
Harvey, Liechty, Liechty, and Müller (2003) show empirically that portfo-
lios of assets may display large positive or negative skewness. They illus-
trate that, unlike the variance of a portfolio, there is no guarantee that the
portfolio skewness will be smaller than the linear combination of the
stocks’ skewness. It may be larger or smaller, and they observe a variety of
behaviors when portfolios are assembled from different types of assets.

However, as Grauer and Hakansson (1993) found, with more frequent
reallocations, the mean-variance (MV) model may approximate the power
utility quite well. They argue that, for well-diversified asset categories and
holding periods of one quarter or less, the first two moments appear to
leave little room for the higher moments to assert themselves. The MV
approximation (equation 5.3) to the utilities in (5.1) and (5.2) is

(5.3)

where m = expected return
s2 = variance

We assume that investors behave myopically. For power-utility inves-
tors, the use of myopic decision rules assumes that returns are independent
from period to period (but not that they are stationary). The growth-optimal
investor behaves myopically even if returns are not independent from pe-
riod to period. For more on intertemporal portfolio choice, see, for example,
Ingersoll (1987, Chapter 11) and Campbell and Viceira (2002, Chapter 5).

Practical Implementation Using the power or logarithmic utility (or the MV
approximation) in a multiperiod framework involves solving a constrained
nonlinear optimization problem. For this purpose, the investor is required
to choose a risk-aversion parameter g. In this study, g is set to 0, 0.5, 1, 2,
3, 5, 10, 20, 30, 40, and 60, respectively, indicating investors’ risk attitudes
ranging from risk neutral (g = 0) to very risk-averse (g = 60), and where g = 1
corresponds to the logarithmic utility in equation 5.2.

f r( ) ( )1
1

1
1
2

2+ = + −
γ

µ σ
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At the beginning of each period t, the investor chooses a portfolio, ϕϕt,
on the basis of some member g of the family of utility functions (equation
5.1) subject to the relevant constraints faced by the investor. For the power
investor, this is equivalent to solving this problem (equations 5.4 to 5.7) for
each period t:

(5.4)

subject to

(5.5)

(5.6)

(5.7)

where rts(ϕϕt) = the (ex ante) return on the portfolio in period t if state s
occurs,

g = the risk-aversion parameter which remains fixed over time
fit = the proportion of wealth invested in risky asset i in period t

fLt = the proportion lent in period t
fBt = the proportion borrowed in period t

ft = the vector of weights (j1t, . . . jnt,jLt,jBt)′
rit = the anticipated total return for asset i in period t

rLt,rBt = the interest rate on lending and borrowing at the beginning
of period t

mit = the initial margin requirement for asset i in period t
expressed as a fraction

pts = the probability of state s at the end of period t

Constraint (5.5) rules out short sales and (5.6) is the budget constraint.
Constraint (5.7) serves to limit borrowing. Here this constraint is applied by
setting the margin requirements, Mit, equal to unity, which, in effect, rules
out borrowing. For the MV investor in equation 5.3, we simply replace the
goal function (5.4), with the empirical equivalent of equation 5.3.

r r r rts t iti it Lt Lt Bt Bt( )ϕϕ = + +∑ φ φ φ
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i
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The inputs to the model are based on the estimation method to be
described, and at the beginning of each period, t, system (5.4) to (5.7) is
solved by a sequential quadratic programming method, using returns from
the estimation period preceding period t. At the end of the first estimation
month, t, the realized returns on the risky assets are observed, along with
the realized borrowing rate. Using the weights selected at the beginning of
the month, the realized return on the portfolio chosen for month t is
recorded. The cycle is then repeated for all subsequent months.

Estimation

To implement the model we need a method to estimate the distribution of
future asset returns (i.e., the rit and pts ). One estimation procedure used by,
among others, Grauer and Hakansson (1985, 1986, 1987, 1995, 2001), is
the empirical probability assessment approach (EPAA). With this approach,
estimation is based on looking back at past realized returns. An estimation
window is formed that looks back T periods. With an estimation window
of 36 months (T = 36), contemporaneous realized asset returns for each
past month, rt−j ( j = 1, . . . ,36), are used, and the set of realized returns for
each past month is given the weight 1/T (pts = 1/T) for each possible future
state). We assume 36 possible future states at the end of the subsequent
month, each equally likely, and each corresponding exactly to one of the
actual past observed sets of monthly asset returns. The estimate of returns 

for period t is then  Thus, using EPAA, estimates are

obtained on a moving basis and used in their raw form without adjust-
ments. Since the objective function (utility function) requires that the entire
joint distribution be specified and used, there is no information loss: All
moments and correlations are implicitly taken into account.

DATA

The data collecting process by data vendors and the fact that reporting is
voluntarily gives rise to a variety of biases in hedge fund data. These biases
include survivorship bias, instant history bias, and selection bias (Acker-
mann, McEnally, and Ravenscraft, 1999; Brown, Goetzmann, and Ibbotson
1999; Fung and Hsieh 2000; Liang 2000; Posthuma and Van der Sluis
2004). We obtain monthly observations for the Hedge Fund Research
(HFR) fund weighted composite index, the HFR equity hedge index, the
HFR merger arbitrage index, the HFR macro index, and the HFR distressed
securities index for the period January 1990 to October 2002. To account

Et t t jj− −=
  = ∑1 1

361
36r r .
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for the impact of survivorship bias, we adjust the indices in accordance with
the evidence presented by Liang (2000).3 All results in this study refer to
indices that have been adjusted for survivorship bias.

To represent stocks we use the Morgan Stanley Capital International
(MSCI) World index (containing 23 developed countries), the MSCI USA
index, the MSCI Europe index, and the MSCI Japan index. All returns are
expressed in U.S. dollars and represent total returns, since both dividends
and capital appreciation, or depreciation, are taken into account. The 10-
year U.S. Government Bond Return Index and the Dow Jones Corporate
Bond Return Index are used as proxies for investments in government and
corporate bonds, respectively. The Dow Jones Corporate Bond Return
Index includes bonds with sub-AAA ratings and has an average maturity of
20 years. The risk-free asset is assumed to be the one-month Treasury bill
rate. Table 5.1 presents the abbreviations of each asset being used, while
Table 5.2 presents descriptive statistics on the assets. 

RESULTS 

Here, we examine the gains accrued from diversifying into hedge funds
under two different settings. In the first setting, equities are approximated
by the MSCI World index (WORLD) and hedge funds by the HFR fund
weighted composite index (HFRI). The second setting uses three equity sub-
indices (the MSCI USA index [USA], the MSCI Europe index [EUR], and
the MSCI Japan index [JAP]) to proxy for equities and four hedge fund sub-
indices (the HFR Equity hedge index [EQ HEDGE], the HFR Merger arbi-
trage index [MERGER], the HFR Macro index [MACRO], and the HFR
Distressed securities index [DISTRESSED]) to proxy for the hedge fund

Hedge Fund Allocation under Higher Moments and Illiquidity 113

3In detail, we subtract 0.17 percent per month from the HFR fund weighted com-
posite index, which equals 2 percent on a yearly basis. Admittedly, this is a relatively
crude technique to adjust for the biases inherent in the hedge fund return data.
However, Hagelin and Pramborg (2004b) used a fee-adjusted HFR fund of funds index
to proxy for the “true” return of the hedge fund universe (see Brown, Goetzmann,
and Liang 2004). Fung and Hsieh (2000) argue that index data on funds of hedge
funds are almost free of the many biases contained in databases of individual
hedge funds. The use of the adjusted HFR fund weighted composite index and the
adjusted HFR fund of funds index provided qualitatively similar results in Hagelin
and Pramborg (2004b), and we direct the reader to their study for a comparison of
the results from using these two indices.
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TABLE 5.1 Asset Categories

Symbol Asset Category

Rf U.S. one-month T-bill rate
GovB 10-year Treasury Bond Total Return Index
CorpB Dow Jones Corporate Bond Total Return Index
WORLD MSCI World Gross Return Index
USA MSCI USA Gross Return Index
EUR MSCI Europe Gross Return Index
JAP MSCI JAPAN Gross Return Index
HFRI HFRI Composite Index*
EQ HEDGE HFRI Equity Hedge Index*
MACRO HFRI Macro Index*
DISTRESSED HFRI Distressed Securities Index*
MERGER HFRI Merger Arbitrage Index*

*All hedge fund indices are adjusted for survivorship bias (see note 3).

TABLE 5.2 Descriptive Statistics of Monthly Returns for Included Assets, 
January 1993 to October 2002

Standard
Mean Deviation Skewness Kurtosis

Rf 0.36 0.11 −0.65 2.55
GovB 0.69 1.99 −0.08 3.05
CorpB 0.59 1.32 0.02 4.03
WORLD 0.64 4.20 −0.66 3.56
USA 0.87 4.49 −0.57 3.44
EUR 0.77 4.45 −0.62 3.98
JAP −0.02 6.41 0.41 3.17
HFRI 0.88 2.20 −0.57 5.75
HFRI desmoothed 0.88 2.85 −0.50 5.24
EQ HEDGE 1.14 2.77 0.20 4.57
MACRO 0.93 2.44 0.23 3.64
DISTRESSED 0.78 1.66 −1.59 11.47
MERGER 0.79 1.09 −2.55 14.79
EQ HEDGE desmoothed 1.14 3.23 0.23 4.27
MACRO desmoothed 0.92 2.90 0.16 3.76
DISTRESSED desmoothed 0.75 2.98 −1.66 12.60
MERGER desmoothed 0.78 1.28 −2.41 14.15
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universe. The first subsection examines the possible impact from higher
moments while the second setting explores the possible impact from illiq-
uidity in hedge fund investments.

Importance of Higher Moments

Figure 5.1 plots the geometric means and standard deviations of the real-
ized annual returns from January 1993 to October 2002, a total of 118
months, using the MV and the power models with values of g ranging from
0 (risk neutral) to 60 (very risk averse). Strategies are run with and without
the inclusion of the HFRI.

Among the asset categories, the HFRI has the highest geometric mean
return (10.8 percent), comparing favorably with the equity market geo-
metric mean return (6.8 percent), as represented by the WORLD index.
As evidenced from Figure 5.1, hedge fund returns also compare favorably
with the returns from holding U.S. government bonds (GovB) or corporate
bonds (CorpB). This suggests that resources should be allocated into
hedge funds.

From Figure 5.1 it is apparent that the strategies produce very similar
results, independently of which of the two decision functions is applied (the
MV or the power model). This finding is interesting and may be interpreted
as evidence that portfolio allocation can be made without considering the
effect of nonnormality in the return data. There are at least two possible
explanations for this: The gains from incorporating higher moments into
the analysis are offset by estimation errors, or the possibility of reallocating
resources on a monthly basis mitigates the effects of higher moments on
capital growth. To explore this, we investigate how resources are allocated
under the two alternative decision functions. This examination shows that
the two decision functions typically generate very similar allocations for our
choice of assets and time period. In fact, the correlation between weights is
above 99 percent for almost every asset and strategy.4 This suggests that the
similarity in capital growth is due to the fact that the two first moments
dominate the effects of higher moments, which is in accordance with the
findings of Grauer and Hakansson (1993).

The evidence in Figure 5.1 shows that the presence of hedge funds as
an investment opportunity, as represented by the HFRI, tends to increase

Hedge Fund Allocation under Higher Moments and Illiquidity 115

4Only in three cases is the correlation below 99 percent, and for these three cases (g
= 30, 40, and 60 for the case based on the WORLD without inclusion of the HFRI)
is the correlation is above 90 percent.
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FIGURE 5.1 Annual Realized Returns for Portfolios with and without Hedge
Funds (1)
Annualized geometric mean returns and standard deviations for portfolios including
the equity markets of developed countries (WORLD), with and without survivorship-
adjusted hedge funds (HFRI) included in the investment opportunity set. Strategies
include power investors (Power) and mean-variance investors (MV). Monthly rebalan-
cing over the period from January 1993 to October 2002.

c05_gregoriou.qxd  6/27/05  3:01 PM  Page 116



the annual geometric returns for all investigated strategies. The average
increase in geometric mean returns is 2.4 percent and achieved at little or
no expense of increased standard deviations. (For consistency with the
geometric mean, the standard deviation is based on the log of 1 plus the
rate of return.)

There are a number of commonly accepted ways of testing for ab-
normal investment performance. We follow the example of Grauer and
Hakansson (1995) by using a paired t-test of the difference in investment
returns. We direct the reader to Grauer and Hakansson (1995) for a
detailed description of the test. Table 5.3 displays one-sided t-tests for the
Power model. The tests indicate that inclusion of the HFRI increases the
geometric mean return significantly for 5 out of the 11 strategies investi-
gated, at the 5 percent level. Significance is indicated for the more risk-
averse strategies. We note that this result corroborates the finding in
Hagelin and Pramborg (2004b) and suggests that hedge funds should be
included in the portfolio even when possibly adverse effects on capital
growth from higher moments are considered.

Figure 5.2 presents a similar analysis to that presented in Figure 5.1,
but allows for diversification into three equity subindices (USA, EUR, 
and JAP) and four hedge fund subindices (EQ HEDGE, MACRO, 
DISTRESSED, and MERGER). The choice of hedge fund indices is to some
extent arbitrary, but the EQ HEDGE index represents, in terms of assets
under management, the single largest hedge fund category. The results are
representative of other combinations of indices that we have tested. We
examine subindices because they typically exhibit statistical properties that
deviate more from normality than the properties of the broader index (see
Table 5.2). Hence the likelihood of capturing any possible impact from
higher moments on capital growth should be enhanced when the sub-
indices are used. Similarly, the possibility of encapsulating any differences
resulting from the choice between the two decision functions employed
should also increase.

Overall, the results in Figure 5.2 are similar to those presented in Fig-
ure 5.1. The inclusion of hedge funds as an additional investment opportu-
nity increases the average geometric returns for all strategies. The average
annual increase is 5.4 percent, and significant at the 5 percent level for
all 11 strategies (see Table 5.3). The geometric return and standard devia-
tion of portfolios constructed using the alternative decisions functions
are very similar. Pairwise correlations (per asset) in weights between the
power utility investors and the MV investors are never less than 90 percent.
This corroborates the finding in Figure 5.1 that higher moments are of
little importance when constructing portfolios that are rebalanced on a
monthly basis.
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FIGURE 5.2 Annualized Realized Returns for Portfolios with and without Hedge
Funds (2)
Annualized geometric mean returns and standard deviations for portfolios including
the equity markets of developed countries (USA, EUR, and JAP), with and without
survivorship-adjusted hedge funds (HF) included in the investment opportunity set.
Strategies include power investors (Power) and mean-variance investors (MV). HF
includes diversification among four hedge funds: EQ HEDGE, MACRO,
DISTRESSED, and MERGER. Monthly rebalancing over the period from January
1993 to October 2002.
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To shed light on the usefulness of hedge funds as active diversifiers, we
examine the portfolio allocations. Because of the great similarity between
the allocations that are made under the two alternative decision functions,
we present detailed results using only the power utility decision function.

Figure 5.3 depicts, for each active strategy investigated, the portfolio
allocation when the HFRI is used to proxy for the hedge fund universe. The
figure reveals that substantial allocations are made to hedge funds for all
investigated risk appetites. In fact, average allocations range from 38 per-
cent up to 68 percent. These high allocations are in contrast with how
investors typically allocate resources in reality, but are roughly in line with
the results of earlier studies (Edwards and Caglayan 2001a; Hagelin and
Pramborg 2004b). Figure 5.3 also shows that investors who accept more
risk include more equities and less of the risk-free asset in their portfolios
than more risk-averse investors do.

Figure 5.4 displays the allocation to hedge funds using the four hedge
fund subindices (EQ HEDGE, MACRO, DISTRESSED, and MERGER).
When these subindices are used to proxy hedge funds, risk-averse investors
allocate even more resources to hedge funds than suggested by Figure 5.3.
Interestingly, risk-averse investors rely on DISTRESSED and MERGER
while less risk-averse investors prefer to allocate resources to EQ HEDGE
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and MACRO. This result is natural considering that EQ HEDGE and
MACRO are characterized by higher standard deviation and returns than
DISTRESSED and MERGER (see Table 5.2).

Figure 5.5 plots the proportions of wealth allocated into HFRI and
equities (as represented by WORLD) over the sample period, for an
investor with a power utility with g = 10. From the plots it is evident that
the allocations change drastically over time. This is common for strategies
using a rolling window for estimates (Chopra, Hensel, and Turner 1993;
Hagelin and Pramborg 2004b). For the first half of the evaluation period,
the investor invests roughly 100 percent of wealth in hedge funds. From
September 1998 until December 1999 the investor chooses to allocate no
resources to hedge funds at all. Instead, the investor allocates roughly half
the resources to equities, the remaining being mostly allocated to govern-
ment bonds. From January 2000 and onward the investor goes in and out
of hedge funds. To conserve space, we do not present any detailed results
for investors with other g values but note that the propensity to choose
drastic portfolios solutions, in Figure 5.5, is shared with other investors as
well. However, more risk-averse investors tend to choose more diversified
portfolios than less risk-averse investors do.
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index. The sum of weights allocated to hedge funds is shown, as well as the alloca-
tion to HFRI from Figure 5.3.

c05_gregoriou.qxd  6/27/05  3:01 PM  Page 122



Importance of Illiquidity

Here we explore the impact from illiquidity in hedge funds on portfolio
allocations and capital growth. Specifically, we investigate two aspects of
illiquidity in hedge fund investments, one that is induced by serial corre-
lation in hedge fund returns and one that comes from lockup periods and
advance notice periods.

Serial correlation in hedge fund returns is caused by hedge fund man-
agers’ difficulty in obtaining accurate values of the many illiquid positions
that the hedge fund has taken (Asness, Krail, and Liew 2001; Getmansky,
Lo, and Makarov 2003). The illiquidity in these positions produces a sys-
tematic smoothing valuation error effect that tends to not be diversified
away. This “smoothing” translates into serial correlation and underestima-
tion of the hedge fund’s true standard deviations. Brooks and Kat (2002)
adapt the approach proposed by Geltner (1993) to reconcile stale price
problems in hedge fund returns. In accordance with these authors, and
with Davies, Kat, and Lu (2004), we use this approach to unsmooth hedge
fund returns.

For brevity, we direct our presentation to the results for the setting
using the broader indices (HFRI and WORLD) and the power models. Fig-
ure 5.6 plots the annual geometric means and standard deviations of the

Hedge Fund Allocation under Higher Moments and Illiquidity 123

1.2

1

0.8

0.6

0.4

0.2

0

−0.2
Jan 1993 Jan 1995 Jan 1997 Jan 1999 Jan 2001 Oct 2002

al
lo

ca
tio

n

month

WORLD 
HFRI

FIGURE 5.5 Allocations for the g = 10 Power Investor
Allocations to the WORLD index and to the HFRI index from January 1993 to
October 2002 for a power-utility investor with a risk-aversion parameter, g,
equaling 10.

c05_gregoriou.qxd  6/27/05  3:01 PM  Page 123
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the period from January 1993 to October 2002 for all assets, except for the HFRI
when the lockup constraint is in effect.
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portfolios. As evident from the plot, using desmoothed hedge fund returns
produces portfolios with somewhat less tractable features. Specifically, the
use of desmoothed hedge fund data results in portfolios with lower geo-
metric returns for all 11 strategies and higher standard deviations for eight
of the strategies. Still, the inclusion of hedge funds results in higher geo-
metric returns for all 11 strategies, and significantly so among four of them
(see Table 5.3).

Panel A in Figure 5.7 displays the impact from desmoothing on alloca-
tions to hedge funds. As expected, use of desmoothed hedge fund returns
results in reduced allocations to hedge funds. In particular, allocations
decrease with investors’ willingness to accept risk. In fact, the most risk-
averse investor (g = 60) reduces the average allocation to hedge funds from
38 percent to 22 percent, while investors who accept more risk make
modest changes in their allocations. From panel B it can be seen that the
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the HFRI is survivorship adjusted only and when it is also desmoothed.
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decrease in hedge fund allocations is not necessarily evenly distributed over
the evaluation period.

Illiquidity is induced by the lockup periods and advance notice periods
that are standard requirements among hedge funds. These two features
hamper the possibility of rebalancing the portfolio. To explore the possible
impact of this form of illiquidity, we perform a simple experiment. We
introduce a lockup period in the implementation of hedge funds alloca-
tions into our model. (For simplicity, we do not impose an advance notice
period.) Specifically, the investor undertakes the same optimization proce-
dure as in the previous section to decide each month which assets to include
in the portfolio and in what proportions. However, with regard to hedge
funds, the investor is able to decide the optimal allocation only once a year,
and this allocation is then fixed for one year. For the remaining 11 months,
the investor allocates resources to other assets conditioned on the amounts
that have (or have not) been locked up in hedge funds. Note that this sim-
ple procedure for analyzing the effect of lockup periods cannot capture the
true effect from lockup periods. A detailed model, which would include
individual funds’ specific terms, is not possible with the limited data we
have access to. We therefore keep this experiment simple. However, it sheds
light on the possible problems that lockup periods constitute in terms of
rebalancing the portfolio regularly. The results from the experiment are dis-
played in Figures 5.6 and 5.8, as well as in Table 5.3.

It is evident from Figure 5.6 that the inclusion of lockup periods into
the analysis leads to lower geometric returns. For power investors, the geo-
metric return increases by less than 1 percent when the HFRI is included in
the investment opportunity set. While 4 out of the 11 strategies still experi-
ence significantly higher capital growth after the inclusion of lockup periods
to the analysis, the returns for 5 of the strategies decrease with the inclusion
of hedge funds in the opportunity set.

Figure 5.8 displays, for the g = 1 investor, the portfolio growth (panel A)
and the weights allocated to the HFRI (panel B) when the HFRI is
desmoothed only and when it is also subject to the 12-month lockup period
constraint. The HFRI is a very attractive investment during the first part of
the period; indeed, the allocation equals 1.0 up until 1996, and the lockup
constraint does not have any effect. However, panel B reveals that the
weights differ quite substantially from this point on. From 1996 until early
1998, the lockup constraint results in no allocation to hedge funds at all,
where the unconstrained investor allocates large amounts into HFRI at sev-
eral intervals. Also, notably around the years 1998 and 2001, and at the very
end of the sample period, the lockup constraint affects the investor trying to
increase or decrease the stake in hedge funds, with negative consequences.
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We interpret the results in Figure 5.6, Figure 5.8, and Table 5.3 as evi-
dence that lockup periods force investors to have portfolios that, because of
the problem with rebalancing, deviate from their targeted optimal portfo-
lios, which in turn may result in lower capital growth. The higher return
that comes from the inclusion of hedge funds in the portfolio could be a
required compensation for carrying the risk and discomfort of illiquidity.

CONCLUSION

In this study we use the discrete-time dynamic investment model to evalu-
ate the gains from including hedge funds in the investment opportunity set.
This model allows investors to care about all the properties of the return
distribution and to rebalance their portfolios regularly. In short, our results
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FIGURE 5.8 Capital Growth and Allocation for a Power-Utility Investor with g = 1
Panel A displays the growth of portfolios from January 1993 to October 2002 for a
power-utility investor with a risk-aversion parameter, g , equaling 1 when the HFRI
index is desmoothed and when it is desmoothed and the lockup constraint is imposed,
respectively. Panel B displays the corresponding allocations to the HFRI index for the
period.
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show that investors will optimally choose to allocate wealth to hedge funds
even when they take into account deviations from normality in hedge fund
returns. These optimal allocations result in portfolios that have greater cap-
ital growth compared to the case in which hedge fund investing is not per-
mitted. We also find that investors who form portfolios on a monthly basis,
taking all moments of the return distribution into account, construct port-
folios that are very similar to the portfolios being constructed by investors
who care only about the expected return and the standard deviation. This
suggests that the two first moments of the return distribution dominate
higher moments, at least when portfolios are rebalanced on a monthly
basis. Our results suggest that the positive effect on capital growth from
including hedge funds into the portfolios remains (although smaller) when
the so-called stale pricing effect is taken into account. Finally, the lockup
periods and advance notice periods may force investors to have portfolios
that deviate from their targeted (ex ante optimal) portfolios. This inability
to rebalance hedge fund allocations toward the targeted level may seriously
reduce the gains that hedge fund allocations appear to offer.
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CHAPTER 6
Revisiting the Role of Hedge

Funds in Diversified Portfolios
Jean Brunel

Hedge funds have become one of the most important building blocks in
diversified portfolios over the last several years. This study examines 

the error associated with the classification of hedge funds strategies under
one single header (hedge funds). We demonstrate that the hedge fund uni-
verse heterogeneous and should be the broken down into distinct sub-
groups. We revisit the critical issue of the difference in the return
distribution experienced by hedge funds in general: the skewness of many
return series, the survivorship bias inherent in these series, the dangers
associated with self-reporting, the excess kurtosis that affects many strate-
gies, and their general lack of tax-efficiency. Finally, we address the role of
hedge fund strategies in a diversified portfolio and find that a traditional
mean-variance optimization model is not likely to produce a successful
allocation. 

INTRODUCTION 

Hedge funds have become one of the most important building blocks in
diversified portfolios. Ineichen (2004) suggests that hedge funds may

129

This chapter originally appeared in the Journal of Wealth Management, Volume 7,
Number 3 (2003), pp. 35–48. This article is reprinted with permission from Insti-
tutional Investor, Inc.
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become the preferred strategy for investors who do not see performance rel-
ative to an index as the relevant measure. Yet this segment of the investment
universe remains somewhat clouded in mystery, misconceptions, and at
times even plainly erroneous views.

In this chapter we address three important issues that need to be bet-
ter understood by investors. First, as discussed in Brunel (2003), we exam-
ine the error associated with the classification of hedge fund strategies
under one single header. We demonstrate that the hedge fund universe
quite heterogeneous and should therefore be broken down into distinct
subgroups. We identify at least two general subsets: absolute return strate-
gies on one hand, and semidirectional strategies, managed futures, and
global macro on the other.

Second, we revisit the critical issue of the difference in the return dis-
tribution experienced by hedge funds in general. Numerous authors have
pointed to the fact that hedge funds tend to offer less readily analyzable
performance characteristics. Kat (2003b), for instance, discusses a num-
ber of relevant issues, such as the skewness of many return series, the
survivorship bias inherent in these series, the dangers associated with self-
reporting, and the excess kurtosis that affects many strategies. For
investors with tax concerns, hedge funds often tend to be somewhat tax
inefficient, although Gordon (2004) discusses how to make them more 
tax efficient.

Third, we address the question of the role of hedge fund strategies in a
diversified portfolio and suggest that a traditional mean-variance optimiza-
tion model is not likely to produce a successful allocation. One of the most
critical issues faced by wealth managers when dealing with hedge funds is
deciding how to incorporate them into the portfolio optimization process.
The statistical issues related to their performance history make the standard
optimization approach at best suboptimal if not completely faulty, because
of three important failings.

1. Using historical return and risk statistics for each strategy is unaccept-
able given the survivorship bias and self-reporting features of most
databases (Amin and Kat 2003c).

2. Mean-variance optimizers do not recognize higher statistical moments
such as skewness and kurtosis, and thus do not realize that the unusu-
ally high Sharpe ratio often shown by hedge funds may simply be a way
of paying for negative skewness and high kurtosis.

3. Hedge fund strategies should be placed on a continuum with higher-
manager-risk traditional strategies (i.e., long only), to allow total port-
folio exposure to manager risk to be well understood.
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HEDGE FUNDS ARE NOT A SIMPLE OR EVEN A 
SINGLE ASSET CLASS 

Table 6.1 compares individual and aggregated hedge fund strategies to
selected traditional capital market indices for the longest possible period
(January 1990 to June 2004) and for the last five years. The Hedge Fund
Research (HFR) Index database from which the raw hedge fund data is
sourced only goes back to January 1990. Many industry specialists attach
relatively little validity to data collected prior to 1994. To have as long a
period to review as possible, we elect to stay with that full data set, but rec-
ognize that our conclusions are somewhat hampered. For each time period,
the data are ranked in order of ascending volatility to allow us to focus on
a very important element of the problem, namely where individual hedge
fund strategies fit in the overall alternative risk spectrum. Our study has four
important ramifications:

1. In either time period, it is clear that individual hedge fund strategies can
be found across the full risk spectrum, suggesting that one cannot cover
all strategies under a single header such as hedge funds. Indeed, if hedge
funds were to be a specific asset class, alongside cash, bonds, or equi-
ties, they would have to have certain common risk or return character-
istics (Horvitz 2000). In fact, the data seem to suggest that the risk
spectrum associated with the full variety of “hedge fund” strategies is
about as wide as the spectrum covered by the traditional asset or sub-
asset classes, ranging from home currency cash at the low end of the
scale to emerging market equities at the higher end.

2. Although there is some variability in the specific strategy rankings
across the two periods under consideration, there is still a high degree
of consistency in the risk inherent in each of these strategies. This is not
surprising, since the risk inherent in each strategy is a function of both
the area of the capital market on which each manager focuses and the
nature of the bets typically made. Variations in observed return volatil-
ity might arise as a result of success in markets or changes in leverage
or market exposure levels driven by perceived opportunities, or lack
thereof.

3. Looking at the data more closely, we can identify hedge fund strategy
clusters. They encompass approaches that would be expected over time
to produce return and risk statistics falling within a similar range. At least
two such clusters can be identified: strategies whose risk profiles fall in
the same range as traditional fixed income strategies and those whose
risk profiles exceed fixed income and approximate equities. The first

Revisiting the Role of Hedge Funds in Diversified Portfolios 131

c06_gregoriou.qxd  6/23/05  3:16 PM  Page 131



132

R
et

ur
n

V
ol

at
ili

ty
R

et
ur

n
V

ol
at

ili
ty

90
-D

ay
 T

-B
ill

s
4.

50
%

0.
57

%
2.

67
%

0.
60

%
E

qu
it

y 
M

ar
ke

t 
N

eu
tr

al
9.

14
%

3.
22

%
R

el
at

iv
e 

V
al

ue
 

7.
15

%
1.

81
%

In
te

rn
at

io
na

l B
on

ds
—

H
ed

ge
d

7.
37

%
3.

27
%

Fi
xe

d 
In

co
m

e 
A

rb
it

ra
ge

6.
73

%
2.

43
%

Fi
xe

d 
In

co
m

e 
5.

47
%

3.
30

%
In

te
rn

at
io

na
l B

on
ds

—
H

ed
ge

d
5.

52
%

2.
65

%
C

on
ve

rt
ib

le
 

10
.6

4%
3.

40
%

Fi
xe

d 
In

co
m

e 
T

ot
al

8.
33

%
2.

87
%

Fi
xe

d 
In

co
m

e 
T

ot
al

10
.3

6%
3.

51
%

E
qu

it
y 

M
ar

ke
t 

N
eu

tr
al

4.
79

%
2.

96
%

R
el

at
iv

e 
V

al
ue

 
11

.8
9%

3.
67

%
M

er
ge

r 
A

rb
it

ra
ge

4.
27

%
3.

01
%

Sa
lo

m
on

 B
IG

 I
nd

ex
7.

53
%

3.
93

%
C

on
ve

rt
ib

le
 

8.
51

%
3.

07
%

St
at

is
ti

ca
l A

rb
it

ra
ge

8.
65

%
3.

98
%

Fu
nd

s 
of

 F
un

ds
4.

00
%

3.
25

%
Fi

xe
d 

In
co

m
e 

M
or

tg
ag

e 
B

ac
ke

d
7.

83
%

4.
26

%
St

at
is

ti
ca

l A
rb

it
ra

ge
1.

86
%

3.
87

%
M

er
ge

r 
A

rb
it

ra
ge

10
.1

7%
4.

32
%

Fi
xe

d 
In

co
m

e 
M

or
tg

ag
e 

B
ac

ke
d

11
.3

8%
4.

02
%

Fi
xe

d 
In

co
m

e 
A

rb
it

ra
ge

8.
33

%
4.

41
%

Sa
lo

m
on

 B
IG

 I
nd

ex
7.

41
%

4.
16

%
Fu

nd
s 

of
 F

un
ds

9.
76

%
5.

69
%

F
ix

ed
 I

nc
om

e 
H

ig
h 

Y
ie

ld
7.

59
%

4.
26

%
Se

ct
or

 R
ea

l E
st

at
e

6.
93

%
6.

08
%

Fi
xe

d 
In

co
m

e 
D

is
tr

es
se

d
 

10
.5

3%
4.

53
%

D
is

tr
es

se
d

14
.6

0%
6.

20
%

12
.3

7%
5.

11
%

Fi
xe

d 
In

co
m

e 
H

ig
h 

Y
ie

ld
9.

47
%

6.
48

%
M

ac
ro

9.
50

%
5.

80
%

E
ve

nt
 D

ri
ve

n
14

.1
3%

6.
66

%
Fu

nd
 W

ei
gh

te
d 

C
om

po
si

te
5.

72
%

6.
00

%
M

ar
ke

t 
T

im
in

g
12

.4
4%

6.
76

%
M

ar
ke

t 
T

im
in

g
4.

66
%

6.
23

%
Fu

nd
 W

ei
gh

te
d 

C
om

po
si

te
13

.7
2%

7.
03

%
E

ve
nt

 D
ri

ve
n

9.
23

%
6.

37
%

H
ig

h 
Y

ie
ld

 B
on

ds
9.

22
%

7.
27

%
Se

ct
or

 R
ea

l E
st

at
e

10
.5

5%
6.

89
%

M
ac

ro
15

.7
8%

8.
55

%
E

qu
it

y 
H

ed
ge

4.
21

%
7.

43
%

1/
90

 t
o 

6/
04

7/
00

 t
o 

6/
04

90
-D

ay
 T

-B
ill

s

TA
BL

E 
6.

1
H

ed
ge

 F
un

d 
St

ra
te

gi
es

 a
nd

 T
ra

di
ti

on
al

 A
ss

et
s,

 R
an

ke
d 

by
 V

ol
at

ili
ty

c06_gregoriou.qxd  6/23/05  3:16 PM  Page 132



133

E
qu

it
y 

H
ed

ge
16

.9
4%

9.
01

%
Se

ct
or

 M
is

ce
lla

ne
ou

s
1.

76
%

8.
81

%
M

an
ag

ed
 F

ut
ur

es
8.

56
%

9.
63

%
E

m
er

gi
ng

 M
ar

ke
t 

G
lo

ba
l

8.
44

%
9.

05
%

Se
ct

or
 M

is
ce

lla
ne

ou
s

14
.9

4%
10

.6
5%

H
ig

h 
Y

ie
ld

 B
on

ds
6.

55
%

9.
85

%
Se

ct
or

 F
in

an
ci

al
16

.1
6%

11
.0

5%
M

an
ag

ed
 F

ut
ur

es
10

.9
8%

10
.1

8%
Fi

xe
d 

In
co

m
e 

C
on

ve
rt

ib
le

 
8.

64
%

11
.2

6%
Se

ct
or

 F
in

an
ci

al
17

.8
7%

10
.6

9%
R

ea
l E

st
at

e
12

.2
5%

13
.0

5%
E

m
er

gi
ng

 M
ar

ke
t 

T
ot

al
10

.7
2%

11
.2

8%
E

m
er

gi
ng

 M
ar

ke
t 

A
si

a
10

.5
1%

13
.7

8%
E

m
er

gi
ng

 M
ar

ke
t 

B
on

ds
11

.1
7%

11
.8

6%
Se

ct
or

 T
ot

al
18

.7
8%

13
.8

2%
E

m
er

gi
ng

 M
ar

ke
t 

A
si

a
6.

41
%

12
.0

2%
E

m
er

gi
ng

 M
ar

ke
t 

G
lo

ba
l

13
.1

4%
13

.9
5%

Se
ct

or
 T

ot
al

0.
43

%
13

.2
5%

E
qu

it
y 

N
on

he
dg

e
16

.1
9%

14
.4

1%
Se

ct
or

 E
ne

rg
y

13
.0

4%
13

.7
5%

E
m

er
gi

ng
 M

ar
ke

t 
B

on
ds

8.
44

%
14

.7
8%

R
ea

l E
st

at
e 

17
.3

3%
14

.4
2%

U
.S

. L
ar

ge
 C

ap
 E

qu
it

ie
s

11
.4

0%
14

.8
2%

E
qu

it
y 

N
on

he
dg

e
4.

80
%

14
.9

1%
E

m
er

gi
ng

 M
ar

ke
t 

T
ot

al
15

.1
3%

15
.1

6%
Fi

xe
d 

In
co

m
e 

C
on

ve
rt

ib
le

 
1.

67
%

16
.1

0%
Se

ct
or

 E
ne

rg
y

15
.9

0%
16

.6
8%

E
A

FE
 E

qu
it

ie
s

−2
.1

6%
16

.3
3%

E
A

FE
 E

qu
it

ie
s

5.
07

%
16

.8
7%

Se
ct

or
 T

ec
hn

ol
og

y
−6

.2
7%

16
.5

7%
U

.S
. S

m
al

l C
ap

 E
qu

it
ie

s
12

.0
3%

18
.9

5%
U

.S
. L

ar
ge

 C
ap

 E
qu

it
ie

s
−3

.1
1%

16
.9

5%
Se

ct
or

 T
ec

hn
ol

og
y

18
.1

8%
19

.0
1%

Se
ct

or
 H

ea
lt

hc
ar

e—
B

io
te

ch
7.

93
%

17
.2

2%
E

m
er

gi
ng

 M
ar

ke
t 

L
at

in
 A

m
er

ic
a

17
.5

9%
20

.0
7%

E
m

er
gi

ng
 M

ar
ke

t 
L

at
in

 A
m

er
ic

a
3.

36
%

17
.3

1%
Se

ct
or

 H
ea

lt
hc

ar
e—

B
io

te
ch

 
15

.3
5%

20
.7

0%
Sh

or
t 

Se
lli

ng
12

.0
8%

20
.9

4%
Sh

or
t 

Se
lli

ng
3.

93
%

21
.8

2%
U

.S
. S

m
al

l C
ap

 E
qu

it
ie

s
6.

91
%

21
.1

4%
E

M
 E

qu
it

ie
s

9.
93

%
23

.2
3%

E
M

 E
qu

it
ie

s
4.

27
%

22
.5

0%

TA
BL

E 
6.

1
(c

on
ti

nu
ed

)

c06_gregoriou.qxd  6/23/05  3:16 PM  Page 133



group typically comprises approaches where managers seek to hedge all
market risk and whose returns should thus be viewed as combinations of
some risk-free bond (whose duration would be equal to the average hold-
ing period in each strategy) and manager alpha generated through the
successful identification of arbitrage opportunities. Table 6.2 displays a
possible listing of these absolute return strategies. The second group com-
promises strategies whose risk profiles exceed fixed income and approxi-
mate equities, typically approaches where managers seek to generate alpha
from both individual security selection decisions and some market expo-
sure (which may be driven by top-down or bottom-up processes). They
should thus be viewed as combinations of some average or structural net
market exposure and manager alpha generated through security selection
or net market exposure variations. Table 6.3 displays a possible listing of
these directional and semidirectional strategies.

4. Although the risk across most hedge fund strategies appears relatively
constant in both time periods, the returns seem considerably lower in
the most recent time interval. Although it is tempting to attribute all of
the difference to greater market efficiency—itself brought about by the
exponential growth of funds managed by hedge funds—the data do not

134 PORTFOLIO ALLOCATION IN HEDGE FUNDS

Return Volatility Return Volatility
Equity Market Neutral 9.14% 3.22% 4.79% 2.96%
Fixed Income Diversified 5.47% 3.30% 10.53% 4.53%
Convertible Arbitrage 10.64% 3.40% 8.51% 3.07%
Fixed Income Total 10.36% 3.51% 8.33% 2.87%
Relative Value Arbitrage 11.89% 3.67% 7.15% 1.81%
Statistical Arbitrage 8.65% 3.98% 1.86% 3.87%
Fixed Income Mortgage Backed 7.83% 4.26% 11.38% 4.02%
Merger Arbitrage 10.17% 4.32% 4.27% 3.01%
Fixed Income Arbitrage 8.33% 4.41% 6.73% 2.43%
Distressed 14.60% 6.20% 12.37% 5.11%
Fixed Income High Yield 9.47% 6.48% 7.59% 4.26%
Event Driven 14.13% 6.66% 9.23% 6.37%
Market Timing 12.44% 6.76% 4.66% 6.23%

90-Day T-Bills 4.50% 0.57% 2.67% 0.60%
International Bonds—Hedged 7.37% 3.27% 5.52% 2.65%
Salomon BIG Index 7.53% 3.93% 7.41% 4.16%
High Yield Bonds 9.22% 7.27% 6.55% 9.85%

1/90 to 6/04 7/00 to 6/04

TABLE 6.2 Return and Volatility Statistics, Absolute Return Strategies
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support this contention. Indeed, funds classified in the fixed income
universe tend to earn a return that can be broken down into two major
components: a risk-free rate and the manager’s alpha. By contrast,
funds classified in the equity universe tend to earn a return that should
be broken down into three components: the manager’s alpha, the fund’s
typical average equity market exposure, and the residual short-term
fixed income exposure associated with the equity market risk hedged
away. Computing implied overall alphas for both broad segments sug-
gests that the alpha earned by managers has declined. Yet Table 6.4
shows that the most recent period, which was affected by less favorable
financial market environments, saw some erosion in the basic return
available to managers.
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Return Volatility Return Volatility

Sector Real Estate 6.93% 6.08% 10.55% 6.89%
Macro 15.78% 8.55% 9.50% 5.80%
Equity Hedge 16.94% 9.01% 4.21% 7.43%
Managed Futures 8.56% 9.63% 10.98% 10.18%
Sector Miscellaneous 14.94% 10.65% 1.76% 8.81%
Sector Financial 16.16% 11.05% 17.87% 10.69%
Fixed Income Convertible Bonds 8.64% 11.26% 1.67% 16.10%
Emerging Market Asia 10.51% 13.78% 6.41% 12.02%
Sector Total 18.78% 13.82% 0.43% 13.25%
Emerging Market Global 13.14% 13.95% 8.44% 9.05%
Equity Nonhedge 16.19% 14.41% 4.80% 14.91%
Emerging Market Total 15.13% 15.16% 10.72% 11.28%
Sector Energy 15.90% 16.68% 13.04% 13.75%
Sector Technology 18.18% 19.01% −6.27% 16.57%
Emerging Market Latin America 17.59% 20.07% 3.36% 17.31%
Sector Healthcare —Biotech 15.35% 20.70% 7.93% 17.22%
Short Selling 3.93% 21.82% 12.08% 20.94%

Real Estate 12.25% 13.05% 17.33% 14.42%
Emerging Market Bonds 8.44% 14.78% 11.17% 11.86%
U.S. Large Cap Equities 11.40% 14.82% −3.11% 16.95%
EAFE Equities 5.07% 16.87% −2.16% 16.33%
U.S. Small Cap Equities 12.03% 18.95% 6.91% 21.14%
EM Equities 9.93% 23.23% 4.27% 22.50%

1/90 to 6/04 7/00 to 6/04

TABLE 6.3 Return and Volatility Statistics, Directional and Semidirectional
Strategies
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In short, rather than looking at hedge funds as a homogeneous group
of investments, it is more sensible to classify them according to their under-
lying risk profiles. At a minimum, a number of market-neutral strategies
could be viewed as related to the fixed income universe, while the balance
can be viewed as more like equity-risk.

One might ask whether the excess return earned by hedge fund man-
agers could not simply be attributable to the leverage present in many strate-
gies, whether the returns earned by absolute return strategies could be
replicated by applying leverage to traditional fixed income returns, and
whether those of semidirectional strategies could be replicated by applying
some leverage to traditional equity returns. Evidence suggests that such an
approach would not work. Indeed, except for absolute return strategies dur-
ing the January 1990 to June 2004 period, during which 20 percent leverage
would have raised traditional fixed income risk to the same level as absolute
return strategy volatility while still experiencing a significant return shortfall,
hedge fund strategies produced higher returns and lower risk than compara-
ble traditional alternatives. Thus, the higher returns must be attributable in
large part to manager skills and the lower risk to the partial or total market
risk hedge inherent in most of these hedge fund–type strategies.

AN IMPORTANT CAVEAT: 
DIFFERENT RETURN DISTRIBUTIONS

While the observed risk of various hedge fund strategies does appear to
allow the foregoing classification, one should immediately note that there
are important differences between traditional and nontraditional investment
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TABLE 6.4 Comparison of Basic Return between 1/90–6/09 and 7/00–6/04

1/90 to 6/04 7/00 to 6/04

Risk-free Return 4.50% 2.67%
Fixed Income Return 7.53% 7.41%
U.S. Overall Equity Return (65/35) 11.62% 0.40%

Absolute Return Strategies Return 10.24% 7.49%
Semidirectional Strategies Return 13.68% 6.91%

Implied Absolute Return Alpha 5.75% 4.83%
Implied Semidirectional Alpha 4.31% 2.66%
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strategies. Brunel (2003) proposes a methodology for dividing total strategy
risk between market and manager risk components based on the assumption
of zero correlation between manager and market risk. Despite the questions
raised by that assumption, the results of the compilations provided demon-
strate that traditional strategies are principally market-risk driven, while
nontraditional strategies are considerably more dependent on manager risk.

We propose a simple method to differentiate traditional and nontradi-
tional investment strategies. Traditional strategies draw most of their risk
and return characteristics from the markets in which the underlying securi-
ties are traded. Indeed, traditional managers use index-based investment
strategies with important constraints to manage tracking error—the risk
taken by the manager by deviating from the relevant index. Thus, total
strategy risk principally comprises market risk and only secondarily man-
ager risk. By contrast, nontraditional strategies draw most of their risk and
return characteristics from the decisions made by managers. These decisions
are driven both by the strategy typically employed by the manager, such as
the strategies presented in Table 6.1, and the way in which the manager
implements that strategy. Thus, total strategy risk comprises manager risk,
and to a certain extent, market risk.

The importance of strategy and manager risk relative to broad market
risk helps explain the fact that nontraditional strategies tend to be exposed
to less desirable statistical moments, as discussed in Anson (2002a) and
Amin and Kat (2003b).

Indeed, certain strategies, particularly those where the number of
investment opportunities is somewhat limited, will tend to display negative
skewness. This is especially true if the trades carried out within that invest-
ment process tend to offer payoff patterns characterized by a large number
of small positive outcomes and an occasional poor result. Merger arbitrage
would be a good example of such a strategy. Typically, merger arbitragers
trade in announced mergers, most of which eventually come to fruition.
The risk premium available to the arbitrager is thus fundamentally limited,
explaining why most managers employ leverage to bring the expected
returns to an acceptable level. However, occasionally an announced merger
will fail. In that case, the trade can prove very unprofitable, in part because
of the leverage applied to it. Thus, the distribution of expected returns com-
prises a number of small profitable trades and a very small positive tail. By
contrast, when an anticipated merger fails to take place, an important neg-
ative tail will appear.

Similarly, manager risk tends to be associated with a higher kurtosis.
This makes sense because high kurtosis implies that the tails of the return
distribution will be fatter than if returns were normally distributed. Consider
the activity of a manager who makes bets away from the index. The fewer
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the bets, the more likely the returns will differ from those of the underlying
index, thus causing either tail to comprise more observations than would
normally be predicted. Kurtosis will therefore tend to rise when traditional
managers (managers using only long security positions) make a small num-
ber of large bets, thus creating concentrated portfolios. By contrast, the kur-
tosis of a highly diversified fund of hedge funds might actually be lower than
that of a highly concentrated traditional manager, if the resulting number of
individual underlying bets is so large as to create sufficient diversification.

Table 6.5 presents an analysis of skewness over the last 5 and 15 years
for all the individual hedge fund strategies together with selected traditional
market indices. The strategies are ranked from the most negative to the
most positive skewness. Traditional indices are represented in bold, while
absolute return strategies are in italics and directional and semidirectional
strategies are in plain font. Averages for each group of strategies are shown
and similarly ranked at the bottom of the table. Although the classification
is far from perfect, traditional strategies tend to be found in the middle of
the distribution, absolute return strategies have the most negative skew, and
directional and semidirectional strategies have the least negative skew. This
reflects the intuition expressed earlier, in that absolute return strategies will
typically be those where the number of opportunities is most finite and the
distribution of expected outcome the most regular with the occasional
adverse outlier.

Table 6.6 presents a similar analysis of kurtosis for the same sample of
strategies, with the same formatting convention—directional and semidi-
rectional strategies appear in normal type, absolute return strategies appear
in italics, and traditional strategies appear in bold type. The table indicates
that traditional strategies tend to have minimal kurtosis, while hedge fund
strategies tend to have significant excess kurtosis. This reflects the observa-
tion that manager risk is most important in the determination of total strat-
egy risk for nontraditional strategies. As a group, absolute return strategies
tend to have a higher kurtosis than those that incorporate more significant
an exposure to market risk.

Our classification, however, is somewhat unfair. Indeed, we compare
nontraditional strategies where manager activity is quite significant to
unmanaged indexes for which there is, by definition, no manager role. It is
reasonable to assume that indexes of actively but traditionally managed
portfolios would fall somewhere within the range we create here. The most
active managers would tend toward the outcomes associated with nontra-
ditional managers, while the managers most seeking to replicate an index
would tend toward the results associated with indexes.

Our cursory analysis confirms the findings of Kat (2003a), among others,
and demonstrates that nontraditional strategies incorporate certain risks or
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7/00 to 6/04 1/90 to 6/04

Fixed Income Mortgage Backed −2.99 −3.83
Merger Arbitrage −1.33 −2.71
Emerging Market Bonds −0.20 −2.05
Emerging Market Global −0.20 −1.87
Fixed Income Arbitrage −0.47 −1.71
Event Driven −0.75 −1.36
Sector Financial 0.42 −1.22
Convertible Arbitrage −0.27 −1.19
Relative Value Arbitrage 0.07 −0.92
Emerging Market Total −0.53 −0.80
Fixed Income High Yield −0.87 −0.77
EM Equities −0.30 −0.71
Distressed −0.10 −0.68
Fund Weighted Composite −0.31 −0.62
High Yield Bonds −0.64 −0.53
U.S. Small Cap Equities −0.44 −0.52
Equity Nonhedge −0.28 −0.51
Salomon BIG Index −1.23 −0.46
U.S. Large Cap Equities −0.18 −0.46
Fixed Income Total −0.06 −0.34
International Bonds—Hedged −0.26 −0.31
Funds of Funds −0.23 −0.26
Real Estate −1.29 −0.24
90-Day T-Bills 1.03 −0.24
Fixed Income Diversified 0.88 −0.23
Fixed Income Convertible Bonds 0.17 −0.19
EAFE Equities −0.25 −0.16
Statistical Arbitrage −0.72 −0.10
Sector Real Estate −0.42 −0.09
Sector Total −0.43 0.06
Market Timing 0.06 0.13
Equity Market Neutral 0.87 0.13
Short Selling 0.19 0.13
Equity Hedge −0.16 0.17
Emerging Market Asia −0.27 0.18
Macro 0.39 0.29
Sector Technology −0.57 0.35
Emerging Market Latin America −0.16 0.59
Managed Futures −0.09 0.75
Sector Energy 0.44 0.89
Sector Miscellaneous −0.84 1.74
Sector Healthcare—Biotech 0.37 2.24

Average Absolute Return −0.44 −1.04
Average Traditional −0.38 −0.57
Average Directional and Semidirectional −0.13 0.12

Skew

TABLE 6.5 Ranked Skewness for Hedge Funds and for Traditional Assets
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90-Day T-Bills −0.34 −0.57
Fixed Income Diversified 1.34 −0.57
Market Timing −0.86 −0.48
Equity Market Neutral 1.98 0.25
International Bonds—Hedged −0.75 0.26
EAFE Equities −0.18 0.40
Macro 0.94 0.41
Statistical Arbitrage −0.20 0.51
Equity Nonhedge −0.58 0.57
U.S. Large Cap Equities −0.51 0.59
Salomon BIG Index 2.16 0.75
U.S. Small Cap Equities 0.21 0.89
Emerging Market Asia −0.75 1.00
Short Selling 0.14 1.34
Equity Hedge −0.31 1.35
Real Estate 3.35 1.38
EM Equities −0.52 1.76
Sector Technology 0.57 1.93
Sector Energy 1.56 2.46
Convertible Arbitrage 0.07 2.52
Fund Weighted Composite −0.39 2.77
Managed Futures −0.58 2.85
Emerging Market Latin America −0.48 2.91
Sector Total 0.30 2.96
Sector Real Estate 2.91 3.27
High Yield Bonds 1.37 3.53
Emerging Market Total −0.63 3.75
Fixed Income Convertible Bonds 1.56 3.94
Funds of Funds −0.57 4.23
Fixed Income Total 2.07 4.70
Event Driven 1.06 4.89
Distressed −0.40 5.49
Fixed Income High Yield 1.39 6.34
Sector Financial 2.10 8.55
Fixed Income Arbitrage 1.25 9.82
Relative Value Arbitrage 0.29 10.74
Merger Arbitrage 2.76 11.96
Emerging Market Bonds −0.15 12.99
Sector Miscellaneous 2.02 13.15
Emerging Market Global −0.44 13.84
Sector Healthcare—Biotech 0.36 13.94
Fixed Income Mortgage Backed 15.77 26.22

Average Absolute Return 2.04 6.34
Average Directional and Semidirectional 0.41 4.48
Average Traditional 0.42 2.20

7/00 to 6/04 1/90 to 6/04

Kurtosis

TABLE 6.6 Ranked Kurtosis for Hedge Funds and for Traditional Assets
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nondesirable attributes that are not taken into consideration when carrying
traditional mean-variance optimizations. 

NONTRADITIONAL STRATEGIES IN 
DIFFERENT MARKET ENVIRONMENTS 

The next step in our review is to torture the data to illustrate further the
fundamental fallacy of using traditional tools to construct portfolios com-
prising both traditional and nontraditional strategies. We call this “tor-
ture” because this analysis is meant to extract information from the data
series. We re-create time series that suit our desired market environment,
but do not correct for the resulting loss of serial correlation. Therefore,
while our analysis does present interesting results, it has no predictive abil-
ity. We revisit the return distribution characteristics of various portfolios
and confirm that traditional mean-variance analysis tends to overempha-
size hedge fund strategies because the negative attributes associated with
skew and kurtosis are not taken into consideration. A reasonable observer
would conclude that these negative attributes must by definition be offset
in the real world, by higher returns, by lower volatility, or by some com-
bination of both.

In this analysis, we follow a three-step process, still applied to the Jan-
uary 1990 to June 2004 period:

1. We create an efficient frontier using a selection of both traditional and
nontraditional strategies by dividing the investment universe into
“fixed income–like” and “equitylike” groups.

2. We reconstruct the data series to reflect specific market environments.
In the fixed income portion of the analysis, we simply divide the time
period among months when the Salomon Broad Investment Grade
Index produced positive returns and those when it produced negative
returns. In the equity portion of the analysis, we create three different
groups, those months when the Standard & Poor’s (S&P) 500 posted
negative returns, those when it posted substantially positive returns
(more than 15 percent annualized), and those in between.

3. We then re-create efficient frontiers for each set of market conditions.

Table 6.7 and 6.8 present the fixed income and equity-efficient frontiers
derived using return and risk characteristics calculated over a period encom-
passing all kinds of market environments. They show that a traditional
mean-variance optimizer will seek to use as much nontraditional exposure
as possible at any given risk level. Our absolute return proxy is a proprietary
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index calculated using a linear combination of individual absolute return
strategies. It is constructed with two goals in mind:

1. It must approximate the kind of portfolio composition generally found
among the most reputable and successful funds of funds managers.

2. It aims to minimize correlation between its returns and those of the S&P
500 index.

In both instances, portfolios have minimal exposure to traditional
strategies. Only in the fixed income–like universe do traditional strategies
play a role, but this simply reflects the fact that cash is a risk-free asset and
is thus chosen when the goal is to minimize total risk.

142 PORTFOLIO ALLOCATION IN HEDGE FUNDS

Expected Return 4.53% 6.61% 9.28% 11.71% 11.92%
Expected Risk 0.56% 1.00% 1.99%  2.99% 3.11%

Target Risk 0.56% 1.00% 2.00%  3.00% 4.00%

Portfolio Composition
Cash 100% 70% 31% 0% 0%
Bond 0% 3% 9% 5% 0%
Absolute Return Strategies 0% 27% 60% 95% 100%

Total 100% 100% 100% 100%100%

TABLE 6.7 Efficient Frontier Portfolio Characteristics, Fixed Income–like
Universe

Expected Return 15.62% 16.64% 16.65% 16.65% 16.65%
Expected Risk 8.59% 9.00% 9.05% 9.05%

Target Risk 8.59% 9.00% 10.00% 11.00% 12.00%

Portfolio Composition
Equity 0% 0% 0% 0% 0%
Equity Hedge 0% 99% 100% 100% 100%
Equity Nonhedge 0% 0% 0% 0% 0%
Managed Futures 0% 0% 0% 0% 0%
Global Macro 100% 1% 0% 0% 0%

Total 100% 100% 100% 100% 100%

9.05%

TABLE 6.8 Efficient Frontier Portfolio Characteristics
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Tables 6.9a and 6.9b show the efficient frontiers derived within the
fixed income–like universe, when fixed income returns are positive and
when fixed income returns are negative. Predictably, the model seeks to
minimize exposure to bonds when they generate negative returns, but
increases exposure when negative return periods are eliminated. Clearly,
absolute return strategies do have a diversification role to play, but their
unusual return distribution characteristics (negative skewness and high kur-
tosis) prevent them from taking the lead role when the impact of these char-
acteristics is negated by eliminating negative bond return months.
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Expected Return 4.58% 8.12% 13.08% 13.62%
Expected Risk 0.60% 1.00% 2.00% 2.54%

Target Risk 0.60% 1.00% 2.00% 3.00%

Portfolio Composition
Cash 100% 60% 3% 0%
Bond 0% 26% 62% 100%
Absolute Return Strategies 0% 14% 35% 0%

Total 100% 100% 100% 100%

TABLE 6.9a Efficient Frontier Portfolio Characteristics 
with the Salomon BIG Producing Positive Returns, Fixed
Income–like Universe

Expected Return 4.16% 4.96% 6.09% 7.10% 8.07% 8.87%
Expected Risk 0.72% 1.00% 2.00% 3.00% 4.00% 4.83%

Target Risk 0.72% 1.00% 2.00% 3.00% 4.00% 5.00%

Portfolio Composition 
Cash 100% 83% 60% 38% 17%
Bond 0% 0% 0% 0% 0%

0%
0%

Absolute Return Strategies 0% 17% 40% 62% 83% 100%

Total 100% 100% 100% 100% 100% 100%

TABLE 6.9b Efficient Frontier Portfolio Characteristics with the Salomon BIG
Producing Negative Returns, Fixed Income–like Universe
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Tables 6.10a, 6.10b and 6.10c present a similar analysis for the equity-
like universe. They suggest similar, but not identical, conclusions. The sam-
ple of strategies we selected incorporated traditional equities (S&P 500),
long/short equities, concentrated equity portfolios with very significant
residual equity market exposure, managed futures, and global macro, the
latter two in part because of their traditional equity-diversification charac-
teristics. The model tends to prefer equity nonhedge to traditional equities
in all but the most favorable equity market environments.
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Expected Return 32.55% 22.54% 42.98% 42.83% 42.83%
Expected Risk 6.76% 7.75% 8.75% 8.94% 7.58%

Target Risk 6.76% 7.75% 8.75% 9.75% 10.75%

Portfolio Composition
Equity 63% 37% 3% 0% 100%
Equity Hedge 0% 0% 0% 0% 0%
Equity Non-Hedge 0% 0%   97% 100% 0%
Managed Futures 37% 63% 0% 0% 0%
Global Macro 0% 0% 0% 0% 0%

Total 100% 100% 100% 100% 100%

TABLE 6.10a Efficient Frontier Portfolio Characteristics in a High Equity Return
Environment, Equity-like Universe

Expected Return 8.51% 15.17% 18.29% 17.45% 16.94%
Expected Risk 1.02% 3.50% 6.00% 8.50% 10.60%

Target Risk 1.02% 3.50% 6.00% 8.50% 11.00%

Portfolio Composition
Equity 100% 0% 0% 0%
Equity Hedge 0% 68%

20%
0% 0% 0%

Equity Non-Hedge 0% 10% 76% 25% 0%
0%Managed Futures 0% 0% 0% 0%

Global Macro 0% 2% 24% 75% 100%

Total 100% 100% 100% 100% 100%

TABLE 6.10b Efficient Frontier Portfolio Characteristics in a Modest Equity
Return Environment, Equity-like Universe
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We conclude that nontraditional strategies have a meaningful role to
play in diversified portfolio construction and that such a role needs to be
carefully analyzed, but without using traditional mean-variance optimiza-
tion. Nontraditional strategies are most useful in negative traditional mar-
ket environments, but lose most if not all of their attractiveness when
traditional markets do very well. A simple strategy of that chooses only
nontraditional strategies will lead to substantial portfolio underperfor-
mance in favorable market conditions.

A SIMPLE APPROACH TO PORTFOLIO OPTIMIZATION

Our initial conclusion that traditional mean-variance optimization is not
sufficiently powerful begs the question of whether an alternate method
exists. Although traditional finance has argued that incorporating higher
statistical moments in the optimization process does not produce better
results, a different view is adopted once we accept that one crucial issue
faced by individual investors is their sensitivity to intermediate stages. For
many individuals, decision risk, defined here as the risk of changing strat-
egy at the point of maximum loss, is so important that they need to be sat-
isfied that the selected strategy is both efficient over time and acceptable at
all intermediate points in time (Brunel 2003). Investors will therefore
reduce a portfolio’s exposure to negative skew and high kurtosis, as the
combination of these two increases the probability of bad surprises, which
are most likely to induce a strategic change at the worst possible time. This
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Expected Return 1.09% −12.01% −16.20% −22.30% −27.83%
Expected Risk 7.37% 8.49% 9.75% 11.00% 12.24%

Target Risk 7.37% 8.48% 9.73% 10.98% 12.23%

Portfolio Composition
Equity 0% 0% 0% 0% 0%
Equity Hedge 0% 0% 58% 30% 6%
Equity Non-Hedge 0% 44% 42% 70% 94%
Managed Futures 0% 0% 0% 0% 0%

Global Macro 100% 56% 0% 0% 0%

Total 100% 100% 100% 100% 100%

TABLE 6.10c Efficient Frontier Portfolio Characteristics in a Negative Equity
Return Environment, Equity-like Universe
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contrasts with many institutional investors who focus solely on utilities
based on terminal values at certain points in time.

We design a simple optimization process based on the goal of maxi-
mizing a z-score to test the changes in allocation that could occur once
higher statistical moments are taken into consideration. Our analysis
defines an objective function as: Maximize (Expected Return – Volatility +
Skewness – Kurtosis). Skewness and kurtosis are scaled to reflect investor
preferences or aversions. To keep the analysis simple, we choose kurtosis
rather than excess kurtosis. Table 6.11 shows the result of one such opti-
mization in the fixed income–like universe using the same data as in previ-
ous exhibits for the sake of consistency. Note that if one simply scales
skewness and kurtosis (by dividing each by 100) to the same order of mag-
nitude as return and risk, and performs the optimization with monthly
data, the model will finds no room for absolute return strategies. If λ
denotes the scaling constant for skewness and γ the scaling constant for
kurtosis, both of which reflect investor aversion to negative skewness and
positive kurtosis, then the objective function becomes Maximize (Expected
Return – Volatility + λ × Skewness – γ × Kurtosis).

We next investigate how the results would change under higher prefer-
ence for first two moments (expected return and volatility), and lower pref-
erence for the next two moments. Table 6.12 shows the results of a similar
optimization, halving the relative importance of the roles of skewness and
kurtosis in the objective function. Note that an important exposure to
absolute return strategies ensues in the appropriate risk category.
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Return 0.37% 0.46% 0.52% 0.55% 0.63%
Volatility 0.16% 0.41% 0.66% 0.81% 1.13%
Skewness −0.24 −0.46 −0.47 −0.47 −0.46
Kurtosis −0.57 1.01 0.90 0.84 0.75

Target Risk 0.16% 0.41% 0.66% 0.81% 1.13%

Portfolio Composition
Cash 100% 67% 44% 30% 0%
Bond 0% 33% 56% 70% 100%
Absolute Return Strategies 0% 0% 0% 0% 0%

Total 100% 100% 100% 100% 100%

TABLE 6.11 z-Score Based Efficient Frontier Portfolio Characteristics, Fixed
Income–like Universe, with λ = 0.01 and γ = 0.01
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Table 6.13 and 6.14 present a similar analysis in the equitylike uni-
verse. These results are comparable to what we found in the fixed income
universe. Exposure to traditional strategies tends to rise as the model is
made more adverse to negative skewness and high kurtosis. In particular,
the allocation to traditional equities falls dramatically when the sensitivity
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Return 0.37% 0.46% 0.52% 0.79% 0.63%
Volatility 0.16% 0.41% 0.66% 0.81% 1.13%
Skewness −0.24 −0.46 −0.47 −0.57 −0.47
Kurtosis −0.57 1.01 0.90 0.47 0.75

Target Risk 0.16% 0.41% 0.66% 0.81% 1.13%

Portfolio Composition
Cash 100%  67%  44%   0%   0%
Bonds   0%  33%  56%  55% 100%
Absolute Return Strategies   0%   0%   0%  45%   0%

Total 100% 100% 100% 100% 100%

TABLE 6.12 z-Score Based Efficient Frontier Portfolio Characteristics, Fixed
Income–like Universe, with λ = 0.005 and γ = 0.005

Return 1.03% 1.01% 0.99% 0.97% 0.95%
Volatility 2.47% 2.92% 3.37% 3.83% 4.28%
Skewness −0.09 −0.32 −0.41 −0.45 −0.46
Kurtosis 0.90 0.65 0.59 0.58 0.59
Z-Score −0.02 −0.03 −0.03 −0.04 −0.04

Target Risk 2.47% 2.92% 3.37% 3.83% 4.28%

Portfolio Composition
Equity  42%  58%  73%  86% 100%
Equity Hedge  13%   9%   6%   3%   0%
Equity Unhedge   5%   4%   3%   2%   0%
Managed Futures  23%  16%  11%   5%   0%
Global Macro  17%  12%   8%   4%   0%

Total 100% 100% 100% 100% 100%

TABLE 6.13 z-Score Based Efficient Frontier Portfolio Characteristics, Equity-like
Universe, with λ = 0.01 and γ = 0.01
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to skewness and kurtosis is halved. In fact, the main difference between the
sets of portfolios presented in Tables 6.13 and 6.14 is the shift from tradi-
tional to concentrated equities (equity unhedged), when the aversion to neg-
ative skewness and positive kurtosis is halved. Note also that both sets of
results provide a reasonable and intuitively predictable set of exposures to
the more highly diversifying (low correlation) strategies such as managed
futures or global macro.

The “efficient frontier” generated by the model, however, is unusual in
terms of the risk return trade-off in both negative skewness and kurtosis
aversion scenarios: The higher the risk defined in standard deviation terms,
the lower the expected return. This is a reflection of unusual features of the
data series. The traditional relationship between volatility and return does
not hold, with certain strategies, such as equity hedge (long/short portfo-
lios) or global/macro tending. These strategies tend to offer the highest
returns and lowest volatility simultaneously. Although accounting for skew-
ness and kurtosis corrects for these obvious shortcomings (in terms of cap-
ital market theory), the experiment still produces results that should be
further verified with a more powerful model that covers many more sets of
asset classes or strategies.
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Return 1.16% 1.17% 1.16% 1.15% 0.95%
Volatility 2.48% 2.93% 3.39% 3.85% 4.28%
Skewness 0.00 −0.39 −0.57 −0.65 −0.46
Kurtosis 0.65 0.55 0.60 0.66 0.59
Z-Score −0.02 −0.02 −0.03 −0.03 −0.04

Target Risk 2.47% 2.92% 3.37% 3.83% 4.28%

Portfolio Composition
Equity   4%  20%  35%  49% 100%
Equity Hedge  10%   7%   4%   1%   0%  
Equity Unhedge  43%  46%  47%  47%   0%
Managed Futures  26%  16%   8%   1%   0%
Global Macro  16%  11%   6%   2%   0%

Total 100% 100% 100% 100% 100%

TABLE 6.14 z-Score Based Efficient Frontier Portfolio Characteristics, 
Equity-like Universe, with λ = 0.01 and γ = 0.01
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CONCLUSION

Our work suggests that there is indeed a role for nontraditional, hedge
fund–type strategies in diversified portfolios, although we have admittedly
not expanded the analysis to issues of tax efficiency, which are well covered
in the literature. We believe that rather than considering hedge funds as one
single asset class, investors should allocate certain strategies to the portfo-
lio’s equity exposure and other strategies to its fixed income component.
This would allow a more reasonable allocation where comparable risk lev-
els are contained in the appropriate pockets.

Since these strategies typically provide exposure to less desirable return
distribution characteristics, we conclude that a traditional constrained
mean-variance analysis is insufficient. Thus, we introduce a simple model
that attempts to incorporate all four statistical moments. This approach is
inherently imperfect, at least to the extent that it generates portfolio weight-
ings based on actual return distributions. It belongs more in the simulation
family of models than in the broader solver family. It is different from tra-
ditional solvers in that it cannot generate portfolio weights when only the
usual statistical properties of return distributions for various asset classes or
strategies are given. Thus, it can be used only on historical return distribu-
tions, unless it is possible to generate simulated distributions based on the
complete set of statistical properties, which includes the four first statistical
moments (average, standard deviation, skewness, and kurtosis) and their
respective correlation, coskewness and cokurtosis matrices. In short, it rep-
resents only one possible path and is much too sensitive to the dependency
of future performance on past performance.

Recent work by Davies, Kat, and Lu (2004) constitutes a very impor-
tant step forward. They develop a model that incorporates investor prefer-
ences for return distributions’ higher moments into polynomial goal
programming (PGP) optimization, which allows them to allocate hedge
funds in a mean-variance-skewness-kurtosis framework. This model, which
belongs to the solver family of models, has a similar architecture to our 
z-score in that it incorporates skewness and kurtosis in the same manner,
together with scaling or preference variables that correspond to investor
utility. It would be interesting to use such a model to build diversified port-
folio-efficient frontiers with various hedge fund strategies and to contrast
the characteristics of these portfolios with those of alternatives constructed
using a traditional mean-variance optimizer. 
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CHAPTER 7
Hedge Fund Selection: 

A Synthetic Desirability Index
Jean-Pierre Langevin

Benefits stemming from the addition of a hedge fund component in any
portfolio should be twofold: more alpha (positive returns under various

conditions) and lower global portfolio risk (through little or no correla-
tion). In this chapter, we develop a synthetic Desirability Index, which bal-
ances the need for both high risk-adjusted returns and low correlations. By
applying this indicator to the Credit Suisse First Boston (CSFB)/Tremont
subindexes from 1994 to date, we illustrate that although certain strategies
are less alpha “efficient” than others, their ability to diversify is such that their
overall ranking nonetheless makes them more desirable in a portfolio.

INTRODUCTION 

Many institutional investment committees have opted to enter the hedge
fund asset class because of its recognized absolute return component, namely
its ability to generate alpha. In doing so, however, investors sometimes
disregard one important characteristic of hedge funds: the near absence of
correlation of their returns with their current institutional portfolios.

The inclusion of hedge funds in a portfolio of assets, be it traditional
long-only or fund of hedge funds, ought to be based on the very basic prin-
ciples elaborated 50 years ago by Markowitz (1952). Each addition should
be viewed in the context of increased return (α generation) and global port-
folio risk reduction (diversification). The latter is a direct function of asset
correlations and appears to be seldom considered to its full extent, espe-
cially in the case of hedge funds. 
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Some institutional investors (specifically funds of hedge funds and large
pension plans) make use of both variables through software optimization.
Recent theoretical developments have overcome the limitations of mean
variance optimization and allow the use of additional statistics to find a set
of roughly optimal portfolios. These statistics include the third and fourth
moments (skewness and kurtosis) of hedge fund return distributions. These
distributions are usually not normal.

The majority of pension plans have chosen funds of hedge funds,
viewed as less risky than individual hedge funds. Moreover, funds of funds
require less supervision and offer more or less the same benefits, although
at a cost equivalent to the fees charged by the fund of funds (FoF) manager.
However, with over 7,000 hedge funds and funds of funds available world-
wide, representing more than US$1 trillion, selecting a group of strategies,
funds, or merely a few funds of funds, can rapidly become a daunting task.

In this chapter we develop a simple technique that institutional investors
can use to assess the potential added value of each hedge fund product. 
Our synthetic Desirability Index (D-Index) takes into account the quest for
both high positive marginal risk-adjusted returns (RAR) and low correla-
tion (COR) with any current portfolio. It recognizes the fact that even
though a hedge fund product might present a lower RAR than that of the
current portfolio, its correlation profile could be attractive enough to make
it worth including. 

THEORETICAL FRAMEWORK

The approach is developed around investors’ preference sets and utility
functions. Since both RAR and COR variables can have a significant impact
on an institutional portfolio return/risk profile, each of these two charac-
teristics is assumed to generate a certain level of utility to the investor in
relation with a current given portfolio. However, utilities induced by these
two variables must be considered in a “unit utility” framework.

Assume the following:

RARp = Expected risk-adjusted return of current institutional port-
folio p

RARi = Expected risk-adjusted return of hedge fund i
∆R(i,p) = RARi − RARp= Difference between the expected risk-adjusted

return of hedge fund i, and that of portfolio p
r(i,p) = Expected correlation between the returns of hedge fund i and

those of portfolio p

152 PORTFOLIO ALLOCATION IN HEDGE FUNDS
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∆R(i,p) and r(i,p) can be seen as having the domains Φ in Equations 7.1
and 7.2:

(7.1) 

(7.2)

When examining a potential investment in hedge fund i, the investor
naturally wishes that DR(i,p) be as high as possible and that r(i,p) be as low
as possible. Accordingly, these axioms of preference sets are postulated
for DR(i,p):

More ∆R(i,p) is always preferred to less (7.2a)
Positive ∆R(i,p) has positive utility (7.2b)
Negative ∆R(i,p) has negative utility (7.2c)

For r(i,p) we postulate that:

Utility derived from correlation is always nonnegative (7.3)
Small values of r(i,p) are always preferred over large ones (7.4)
Investors show correlation-aversion over Φ[r(i,p)] (7.5)

Axiom 7.5 states that, as correlation increases, its utility becomes less
valuable. To allow for the processing of the two utilities U(∆R(i,p)) and
U(r(i,p)) in a unit utility framework, this constraint must imposed: Utility U
derived from both ∆R(i,p) and r(i,p) must be limited to the domain [−1;+1].
This condition is already met in the case of correlation (Equation 7.2), but
not for the differential risk-adjusted return, as can be seen from Equation 7.1.

ON THE CORRELATION

In the case of correlation, Equation 7.3 imposes Φ[U(r(i,p))] = [0;+1], which
is a subset of the domain constraint [−1;+1] imposed earlier. The expected
correlation domain Φ[r(i,p)] = [−1;+1] must therefore be transformed through
a utility function whose domain is defined as Φ[U(r(i,p))] = [0;+1], while
meeting the requirements of Equations 7.3, 7.4, and 7.5. 

Equation 7.4 implies that, and Equation 7.5 implies

that δ δ
δρ

δ'' ( ') .
( , )

= <
i p

0

δ
δ ρ

δρ
'

( )
,( , )

( , )

=
  <
U i p

i p

0

Φ ρ( , ) ;i p
  = − + 1 1

Φ ∆R i p( , ) ;  = −∞ +∞( )
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Assuming a general polynomial utility function U(x) = c0 + c1x + c2x2

+ . . .+ cnxn, a unit utility function can transform the correlation domain and
meet the concavity requirements specified above. This results in Equation 7.6:

(7.6)

Applying the correlation domain limits, it is easily verified that U(r(i,p)) = 1
when r(i,p) = −1 and that U(r(i,p)) = 0 when r(i,p) = +1. These two cases corre-
spond to the return series of hedge fund i and portfolio p being perfectly
negatively correlated and being perfectly positively correlated, respectively.
The proposed correlation unit utility function is illustrated in Figure 7.1.

The unit utility is respectful of the investor’s preference sets and in-
tuitively appealing. It assigns maximum correlation utility to any hedge fund
product showing perfect inverse correlation with the current portfolio. As
correlation increases and approaches zero, correlation utility also decreases
at an increasing rate, to the point where for r(i,p) = +1, no correlation utility
is generated. Indeed, no diversification benefit would be gained from adding
an asset perfectly correlated to a given portfolio. With r(i,p)= 0, an enviable
characteristic available from only a few products and strategies, the correla-
tion utility (0.75) is much closer to that of r(i,p) = −1 than it is for r(i,p) = +1.
This functional asymmetry rapidly rewards lower correlations. 

U i p
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2
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FIGURE 7.1 Utility of Correlation between Hedge Fund i and Porfolio p, as a
Function of r(i,p).
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ON THE DIFFERENTIAL OF RISK-ADJUSTED RETURN

The case for the differential of risk-adjusted return, ∆R(i,p), is trickier. One
may argue that, both technically and intuitively, Equations 7.2b and 7.2c,
which describe investors’ preference set, could be complemented with 
two more axioms: that investors like positive ∆R(i,p) and that they dislike

negative ∆R(i,p). The first suggests with

for ∆R(i,p) > 0, while the second implies for ∆R(i,p) < 0, 

changing sign at ∆R(i,p) = 0. However, as explained earlier, the original
domain Φ[∆R(i,p)] = (−∞; +∞) is bounded by −1 and +1, once transformed
by the unit utility function. No continuous function satisfying Equation
7.2a can accomplish this while simultaneously preserving the asymptotic
character of the upper and lower limits imposed to the domain and centered
on zero. Instead, we assume that for each gain in ∆R(i,p), the gain in utility
generated by the next gain increases until ∆R(i,p) reaches 0, after which
point it decreases until the investor becomes indifferent to extreme values
of positive ∆R(i,p). Equation 7.2a, however, must still be satisfied.

One utility function that can transform the original domain Φ[∆R(i,p)] =
(−∞; +∞) into Φ[U(∆R(i,p))] = (−1; +1) asymptotically while meeting the
requirements specified by Equations 7.2a, 7.2b, and 7.2c is given by Equa-
tion 7.7:

(7.7)

Its first derivative, , is always positive,

while its second derivative, is negative for

∆R(i,p) > 0 and positive for ∆R(i,p) < 0. By applying the differential risk-adjusted
return domain limits, it is easily verified that U(∆R(i,p))→1 when ∆R(i,p)→+∞,
that U(∆R(i,p))→−1 when ∆R(i,p)→−∞, and that U(∆R(i,p)) = 0 when ∆R(i,p) = 0.
The unit utility function for the differential risk-adjusted return is illus-
trated in Figure 7.2.

As can be seen from Figure 7.2, each additional unit of risk-adjusted
return differential brings a positive contribution to utility. As long as this
risk-adjusted return differential is negative—that is, as long as the hedge
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fund has a lower risk-adjusted return than that of the portfolio—utility will
always be negative. Conversely, each positive unit of risk-adjusted return
differential will always be rewarded by a positive utility, up to unity when
the risk-adjusted return differential reaches +∞. As for the correlation util-
ity, even a small positive risk-adjusted return differential (e.g., ∆R(i,p)=5) can
generate nonnegligible utility (0.447). 

COMBINING THE TWO UTILITIES IN AN INDEX

At this point, we have two unit utility functions for each of ∆R(i,p) and r(i,p),
for hedge fund i. Each of these two functions emphasizes the investor’s
desire, on one hand, for the largest ∆R(i,p) values and, on the other hand,
for the lowest possible r(i,p) to a given portfolio. By adding these two unit
functions, we create the Desirability Index appearing in Equation 7.8:

(7.8)

D-Index = ( ) + ( )
= −
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FIGURE 7.2 Utility of Risk-Adjusted Return Differential between Hedge Fund i
and Portfolio p, as a Function of DR(i,p).

c07_gregoriou.qxd  6/23/05  3:23 PM  Page 156



The index’s domain, Φ[D-Index], will therefore be the sum of the two
utility functions’ domain limits (Equation 7.9):

(7.9)

All possible combinations of U(r(i,p)) and U(∆R(i,p)) will therefore be
contained within −1 and +2. Since U(r(i,p)) is always positive or nil, only a
negative differential risk-adjusted return can induce a D-Index less than
zero. However, if a negative differential risk-adjusted return is accompanied
by an amount of correlation utility that more than compensates the loss of
differential risk-adjusted return utility, the D-Index will be positive. To illus-
trate, the Figure 7.3 displays the possible domain of the D-Index as a func-
tion of differential risk-adjusted return.

The domain of the D-Index is delimited by the bold upper and lower
bounds defined by correlation values of −1 and +1. As expected, lowering
the correlation induces a higher index level. A D-Index isoline, shown in
bold strike, illustrates the different possible combinations of correlations
and differential risk-adjusted returns to obtain a level of 0.5 in this case. A
fund showing a differential risk-adjusted return of +0.6, coupled with per-
fect correlation (+1) with the current portfolio, will have the same D-Index
value as one with a differential risk-adjusted return of +0.09 but with a cor-
relation of 0.5. A differential risk-adjusted return of −0.3, coupled with a
correlation of zero, would yield the same D-Index value.

The idea is not so much to examine the D-Index value in absolute terms
but to form a basis with which an investor can rank potential candidates. By
mixing both the added value brought on by differential risk-adjusted returns
with the expected decrease in total portfolio risk brought on by correlation
inferior to one, investors can rapidly detect which funds deserve further
analysis.

AN ILLUSTRATION 

Assume that a pension plan has approved the inclusion of hedge funds as an
asset class in its portfolio. The question is to determine which fund strategies
have the greatest added value, in terms of higher risk-adjusted returns or
lower total portfolio risk. The D-Index can help rank opportunities.

In this example, a mix of 40 percent Morgan Stanley Capital Interna-
tional (MSCI) (total return in U.S. dollars) and 60 percent J.P. Morgan
Global Government Bond index, rebalanced every month, serves as a proxy
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for the current global institutional portfolio. The CSFB/Tremont Hedge
Fund Index and 14 strategy subindices are used to proxy hedge fund strate-
gies. The reference period covers December 1993 to November 2004,
which represents the entire CSFB/Tremont database history. The expected
correlations between our global portfolio and the different strategies are
proxied by the actual value of the correlation coefficients between the
return series during the reference period. The expected risk-adjusted return
of the current portfolio is proxied by the Sharpe ratio of the simulated
world portfolio. Finally, the risk-free rate is the U.S. three-month Treasury
rate. The expected risk-adjusted return of the strategies and funds consid-
ered is proxied by the Sharpe ratios of the 14 different strategies, sub-
strategies, and main index reported by CSFB/Tremont. The expected
differential risk-adjusted return of each strategy is therefore calculated by
subtracting the portfolio’s actual Sharpe ratio from each strategy’s actual
Sharpe ratio.

Table 7.1 shows, for the CSFB Hedge Fund main index and each of the
14 strategies and substrategies, the annualized return, volatility (standard
deviation), risk-adjusted return, differential risk-adjusted return, correlation
versus global portfolio during the period, and the value of the D-Index. The
rank occupied by each strategy/substrategy appears in parentheses.

Despite some strategies showing negative differential risk-adjusted
returns, all strategies show a positive D-Index. In other words, the lack of

158 PORTFOLIO ALLOCATION IN HEDGE FUNDS

FIGURE 7.3 Desirability D-Index, as a Function of Differential Risk-Adjusted
Return, for Various Levels of Correlations between Fund i and Portfolio p.
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performance above the current portfolio appears to be more than compen-
sated for by the correlation profile of that strategy. For example, the nega-
tive differential risk-adjusted return value of −0.94 for Dedicated Short Bias
(rank 14) is accompanied by an impressive correlation of −0.70 (rank 1).
Though the resulting D-Index ranking is near the bottom, at 13, and its
value is very low, the diversification effect of this strategy in the global port-
folio can be expected to compensate for a significant portion of the global
portfolio performance decrease that its inclusion would induce.

The main CSFB index is ranked only 10 out of 14 possible, which
means that two-thirds of the strategies have the potential to bring a higher
added value in the global portfolio than the main index. Fixed-Income
Arbitrage, for example, although not very value additive in terms of differ-
ential risk-adjusted return at +0.20 (versus +0.29 for the CSFB index),
shows a correlation near zero. Combined, these two numbers bring its total
D-Index score to 0.90, corresponding to rank 7.

Some strategies hold their original differential risk-adjusted return rank
through the D-Index. Others find a higher level (midpoint ranking) because
of favorable correlation structure. Some, such as Multistrategy, go from
rank 4 on both variables to rank 2 on the D-Index. In this latter case, the
combination of high differential risk-adjusted return and low correlation is
responsible for the overall attractive ranking.

HOW MEANINGFUL IS THE D-INDEX?

For the D-Index to be meaningful, it needs to provide the practitioner with
a valuable filter that can help determine the best subgroup of funds or
strategies for a given portfolio.

To answer this question, 14 portfolios are simulated over the same
period and rebalanced at each month-end. Each portfolio is composed of 80
percent of the same global equity and bond portfolio and an arbitrary level
of 20 percent of each CSFB strategy. The new annualized returns, volatili-
ties, and Sharpe ratios are then obtained and compared to the original no-
hedge fund component values appearing in Table 7.1. The change in Sharpe
ratio is used as a base to rank the added value of each strategy included in
the world portfolio. The last column on Table 7.2 shows the rank expected
by the D-Index, as per Table 7.1.

Of 14 strategies, 11 show the Sharpe ratio ranking very close (within
two ranks) to the one predicted by the D-Index. In fact, of the first 5
(approximately 35 percent of the sample) top-ranking strategies expected
by the D-Index—Convertible Arbitrage, Equity Market Neutral, Event 
Driven, Distressed Securities, and Multistrategy—four belong to the same
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group that contributes to the largest positive changes in Sharpe ratios. The
largest discrepancy between the rankings is with Global Macro, expected to
rank 8 while it actually ranked 3. The D-Index appears to underestimate the
importance of the absolute level of return of a given strategy, that is, with-
out taking into account the volatility component. Nonetheless, the index
appears to fulfill the main objective of helping investors determine the most
promising pool of funds and strategies susceptible to produce favorable
return/risk profiles.

CONCLUSION

The Desirability Index is not an absolute measure of utility, nor does it pre-
tend to capture in a single number all subtleties of covariance. It merely tries
to combine two important descriptive characteristics of investments that are
too often examined independently. The D-Index is a tool for ranking each
investment opportunity according to its combined return increase and risk
reduction effects. 

The example used in this chapter was built around a limited set of
opportunities, namely the CSFB/Tremont Hedge Fund Index and its 14
strategies. The problem faced by practitioners is much larger and involves
sorting, analyzing, comparing, interviewing, and finally selecting among
hundreds of hedge funds and hedge fund products. The methodology pre-
sented in this chapter should help investors identify the pool of most prom-
ising funds and products. The greater dispersion of D-Index values expected
in the case of individual hedge funds, compared to indices, would most
likely yield better differentiation between products. By narrowing choices,
investors can focus in greater detail on the critical issues of mathematical
simulation and due diligence.

This chapter is a first examination of the D-Index as applied to hedge
funds and, as such, needs further refinement. More work is needed to
avoid potential alpha errors that can arise when a product is assigned a
lower rank than deserved. Furthermore, it should be emphasized that the
differential risk-adjusted return and correlation inputs should be expected
values. Long-term history is not necessarily a valid proxy for these two
variables, especially in the case of the differential risk-adjusted return. 
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PART

Two
Hedge Fund Management

Chapter 8 explores the increased interest in hedge fund index investing. It
extends several index tracking models that are commonly used for equity

portfolios to construct hedge fund index tracking portfolios. These portfo-
lios are designed to observe the usual constraints for funds of funds, such
as lock-in periods and minimum capital invested. Empirical results demon-
strate that it is relatively easy to track a hedge fund index with only few
funds and that the availability of different models grants increased flexibil-
ity for the design of the tracker fund. 

Chapter 9 takes a look at the last five years in which hedge fund assets
under management have soared while average returns have fallen signifi-
cantly. As the hedge fund industry has become more competitive, many
management companies have been raising their fees. This chapter explores
how some common incentive fees may not be in the investor’s best interest.
Funds that offer investor-friendly fee structures may have a competitive
advantage in attracting and retaining assets.

Chapter 10 provides three analyses of hedge fund profiles against con-
ventional asset markets. These profiles—of daily hedge fund indexes, short
selling indexes, and managed futures indexes—provide new insight into the
relationship between hedge funds and conventional asset markets and illus-
trate both consistency and diversity in hedge index properties. 

Chapter 11 profiles the technology developed by banks to securitize
their corporate loans that has recently been adopted by hedge funds, creat-
ing a new financial product known as collateralized fund obligations. These
CFOs provide considerable benefits to both hedge fund managers and
investors. CFOs enable managers to obtain relatively low-cost, long-term,
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investment financing for their hedge funds; for investors, CFOs offer diver-
sification benefits in form of credit-rated debt instruments. This chapter
explains the structure of CFOs and examines the key legal issues arising out
of the application of this new technology to hedge funds.

Chapter 12 analyzes monthly fund returns, and the authors show that
volatility persistence in hedge fund returns increases the likelihood of larger
maximum drawdowns relative to the case where hedge fund returns are
random. The return behavior of various classes of hedge funds, including
single-strategy funds, fund of funds, and commodity trading advisors, indi-
cate that volatility persistence and an accompanying increase in the likeli-
hood of larger maximum drawdowns are present in about 30 percent of the
sample of over 2,000 funds. Interestingly, while average kurtosis and
volatility persistence statistics are similar across funds, the relationship
between these statistics and maximum drawdown statistics is stronger for
less diversified the funds. 
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CHAPTER 8
Hedge Fund Index Tracking 
Carol Alexander and Anca Dimitriu

This chapter reviews some important innovations in quantitative strategies
for investment management. We summarize the advantages and limita-

tions of applying cointegration and principal component analysis to port-
folio construction. Empirical examples show that by exploiting the presence
of common factors, both models can significantly enhance traditional opti-
mization strategies. More important, such strategies can be used success-
fully both for traditional investments such as equities and for optimizing
more complex portfolios such as funds of hedge funds. 

INTRODUCTION 

In addition to offering considerable alpha opportunities, hedge funds pres-
ent very attractive diversification opportunities due to their low correlation
with traditional asset classes and also within their peer group. The benefits
of adding hedge funds to traditional asset classes portfolios have long been
illustrated through the use of hedge fund indexes as investable instruments
(Schneeweis and Spurgin 1998a; Schneeweis, Karavas, and Georgiev 2002;
Indjic 2002). To this end, investors have the choice of selecting one of the
readily investable hedge funds indices (e.g., the ones provided by Standard
& Poor’s (S&P), Hedge Fund Research (HFR), Credit Suisse First Boston
(CSFB)/Tremont, or Morgan Stanley Capital International (MSCI)) or con-
structing a custom-made index tracking portfolio. The main advantage of
the latter scenario is the possibility to control both the fund selection and
the portfolio management as to include the investor’s preferences. 

Hedge funds portfolio optimization is a somewhat controversial topic,
with the majority of research on alternative investments still focusing on the
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absolute performance portfolios (see Favre and Galeano 2002; Krokhmal,
Uryasev, and Zrazhevsky 2002; Amenc and Martellini 2003c). Despite the
significant enhancements brought to portfolios in traditional asset classes,
Liew (2003) argues that hedge fund indexing might not be optimal, given
that after adjusting for market exposure and nonsynchronous trading, the
majority of hedge funds exhibit negative performance. However, hedge
fund alpha estimation is prone to considerable specification and sampling
errors, which makes the construction of absolute performance portfolios
rather complex. As demonstrated recently (Amenc and Martellini 2003a;
Alexander and Dimitriu 2004a), the absolute alpha benefit of hedge fund
investing is very difficult to measure with any reasonable degree of accu-
racy. Due to the myriad of strategies employed by hedge funds, their highly
dynamic nature, and the extensive use of derivatives and leverage inducing
nonlinear relationships of their returns with the traditional asset classes,
models for hedge fund returns are inherently complex (Fung and Hsieh
1997a; Schneeweis and Spurgin 1998b; Agarwal and Naik 2000c; Amenc
and Martellini 2003a). 

There seems to be considerable interest in hedge funds indexing mod-
els. Martellini, Vaissié, and Goltz (2004) review the issue of hedge fund
indices in an attempt to reconcile investability with representativity. Their
solution follows the methods of Fung and Hsieh (1997a) for constructing
portfolios to replicate the principal components of hedge fund returns.
However, the range of models available for indexing is considerably
larger. In the equity world, many index tracking models have been devel-
oped (Roll 1992; Rudolf, Wolter, Zimmermann 1999; and Alexander and
Dimitriu 2005), and practitioners now use them extensively. In the alter-
native investment universe, the portfolio management process has signif-
icant particularities, and no hedge fund indexation models have been
studied in the extant research literature. In a realistic portfolio manage-
ment setting, one should attempt to gain exposure to the hedge fund uni-
verse with a portfolio comprising a reasonably small number of funds and
optimized to replicate a broad index without frequent rebalancing. There
are at least two predominant considerations for any hedge fund indexa-
tion model:

1. There are significant operational restrictions to actively trading hedge
funds, such as minimum investment limits, long lockup periods and
advance notice, regular subscriptions and redemptions as rare as once
per year, and sales and early redemption fees. To include these in the
optimization model constraints on the general objective of tracking
accuracy must be added.

2. The optimization model should result in a stable portfolio structure since
we are aiming for a passive investment in an alternative asset class.

166 HEDGE FUND MANAGEMENT
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With these properties in mind, this chapter examines three popular
indexing models that are commonly employed for standard equity strate-
gies: the classic tracking error variance minimization model (Roll 1992), the
cointegration-based index tracking model (Alexander 1999), and the com-
mon factor replication model (Alexander and Dimitriu 2004a). As the name
suggests, the third model is more than an indexing model, focusing on repli-
cating only the common trends affecting fund returns rather than tracking
a traditional benchmark. If there is a strong common movement in fund
returns, their first principal component will be highly correlated to tradi-
tional benchmarks, and explain them to a large extent.1 The use of princi-
pal component analysis for indexing purposes in alternative investments
has been recently promoted by Amenc and Martellini (2003b), as providing
the best one-dimensional summary of the information conveyed by several
competing indexes. Fung and Hsieh (1997a) have examined the perform-
ance of portfolios of hedge funds constructed to replicate the first principal
components of fund returns, noting the similarity between the first princi-
pal components portfolio (PC1) and a broad index. 

Given the predominant considerations just mentioned, for hedge fund
indexing, these models need to be implemented with constraints such as no
short sales, and minimum investment limits, and the rebalancing frequency
should be set to no less than six months. Our out-of-sample results show
that it is possible to obtain fair replicas of hedge fund benchmarks, which
preserve most of their features and comprise a relatively small number of
funds. Of the models investigated, the standard tracking error variance
minimization model produced a reasonable replica of the benchmark, with
the lowest turnover. The cointegration portfolio was the most accurate
tracker, but at the expense of additional transaction costs. Funds of funds
seeking absolute outperformance of a hedge fund index would be well
advised to employ a common factor replication framework. All these mod-
els produce portfolios that are highly correlated with the benchmark, and
more attractive in terms of higher moments. 

MODELS FOR INDEX TRACKING

Classic Tracking Error Variance Minimization

Fueled by the increased interest in indexing and the practice of evaluating
managers’ performance relative to a benchmark, an extension of classical
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1In a perfectly correlated system, the first principal component will be in fact the
equally weighted index of all the system components.
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mean-variance analysis was made to accommodate a tracking error opti-
mization of equity portfolios (Rudd 1980; Rudd and Rosenberg 1980; Roll
1992; Rudolf, Wolter, and Zimmermann 1999).2 In this setting, the prob-
lem faced by the investor is formulated in terms of expected tracking error
and its volatility, rather than expected absolute return and its volatility. As
emphasised by El-Hassan and Kofman (2003), the tracking error can be
either the investment goal for a passive strategy that seeks to reproduce
accurately a given benchmark or an investment constraint for an active
strategy that seeks to outperform a benchmark while staying within given
risk limits defined by the benchmark. 

A general form of indexing model minimizes the tracking error variance
for a given expected tracking error. (In the case of a pure index fund, this
would be zero.) The intuition behind it is that a fund that meets its return
target consistently has no volatility in the tracking error. The analytic solu-
tion derived by Roll (1992) is not applicable for portfolios comprising only
a subset of the stocks in the benchmark. Instead, the following numerical
optimization in equation 8.1 needs to be implemented:

where rindex,t = the return on the index 
rk,t = the return on the kth fund, both measured at time t
wk = the weight assigned to the kth fund

The model minimizes the variance of the tracking error subject to the
constraint of zero expected tracking error, and unit sum of weights. Given the
specifics of hedge funds investing, we need to impose a positive lower bound
L on portfolio weights. The upper bound U is needed for diversification so
that the tracking portfolio is not concentrated in just a few hedge funds.
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2The tracking error is defined as the difference between portfolio returns and bench-
mark returns.

(8.1)
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Optimization models based on tracking error are known to have some
drawbacks, which limit their applicability to a passive investment frame-
work. One is that the attempt to minimize the in-sample tracking error with
respect to an index that, as a linear combination of stock prices, comprises
a significant amount of noise may result in large out-of-sample tracking
errors. This is a result of the well-known trade-off between the in-sample fit
and the out-of-sample performance of a model. An optimization based on
tracking error will attempt to overfit the data in-sample, but this is done at
the expense of additional out-of-sample tracking error. Moreover, the in-
sample overfitting may result in an unstable portfolio structure that is
unsuited to passive investments as it implies frequent rebalancing and sig-
nificant transaction costs.

Classic tracking error models are optimized using a covariance matrix
of asset or risk factor returns; these models have additional weaknesses gen-
erated by the very nature of correlation as a measure of dependency: It is a
short-term statistic, which lacks stability; it is only applicable to stationary
variables, such as asset returns. It requires prior detrending of level vari-
ables and has the disadvantage of losing valuable information (the common
trends in level variables); and its estimation is very sensitive to the presence
of outliers, nonstationarity, or volatility clustering, which limit 
the use of a long data history. All these exacerbate the general problems
created by optimization and small sample overfitting. 

We therefore examine two other models that are specifically designed
to suit a passive investment framework: a variant of the cointegration-based
index tracking (Alexander 1999) and the common factors replication
(Alexander and Dimitriu 2004b). Both models have been shown to pro-
duce, in the equity universe, stable portfolios having strong relationships
with either the benchmark itself or with only one of its components (i.e., the
common factors affecting stock returns). Their enhanced stability results in
a low amount of rebalancing and, consequently, reduced transaction costs. 

Cointegration-Based Index Tracking

The most general form of cointegration model allows the replication of any
type of index. The rationale for constructing portfolios based on a cointe-
gration relationship with the market index rests on two features of cointe-
gration:

1. The value difference between the index and the portfolio is, by con-
struction, stationary, and this implies that the tracking portfolio will be
tied to the benchmark in the long run.

2. The portfolio weights are based on the history of prices rather than
returns, and as a result they have an enhanced stability. 

Hedge Fund Index Tracking 169
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As pointed out in the introduction, the issue of transaction costs is cen-
tral for passive investments. Along with the absolute tracking error and its
variance as performance criteria, the amount of transaction costs incurred
in managing the tracking portfolio also plays an important role. In these cir-
cumstances it seems sensible to include a proxy for the transaction costs in
the optimization model. 

The most general form of the cointegration model for index tracking
(Alexander 1999) is minimizing the variance of the log price spread be-
tween the tracking portfolio and the benchmark, subject to zero sum 
of price spreads (equivalent to zero in-sample tracking error), unit sum of
weights that also lie within a lower bound and an upper bound, and, finally,
stationary series of price spreads. Instead of minimizing the variance of the
price spread, an alternative objective function minimizes the number of
trades required to adjust the portfolio weights from one period to another,
subject to the same set of constraints, of which the most important is the
cointegration with the benchmark. Starting with an initial tracking portfo-
lio cointegrated with the benchmark, the model identifies the new portfolio
structure that is closest to the current one, thus involving a minimum num-
ber of rebalancing trades, and that preserves the feature of cointegration
with the benchmark. 

The new optimization problem can be written as: 

where indext = the value of the index, 
Pk,t = the value of the kth fund, both measured at time t
wk = the weight assigned to the kth fund

Common Factors Replication

The third indexing model investigated is a general portfolio construction
model based on principal component analysis. From all possible portfolios
containing all the assets in the benchmark and subject to the unit norm con-
straint on the weights, this model identifies the portfolio that accounts for
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the largest amount of the total joint variation of the asset returns. Such a
property makes it the optimal portfolio for capturing only the common fac-
tors driving asset returns, thus filtering out a significant amount of varia-
tion that can be ascribed to noise. 

The ith principal component, where i = 1, . . . , k, may be written as:

Pi = w1ir1 + w2ir2 + . . .+ wkirk (8.3)

where r1, . . . , rk = the returns on the hedge funds in the portfolio
(w1i, . . . , wki)′ = the ith eigenvector of the returns covariance matrix

In Alexander and Dimitriu (2004b) the portfolio replicating the first
principal component is constructed directly from the normalized eigenvec-
tors of the covariance matrix of asset returns. However, the sampling in the
hedge funds universe is an essential feature to preserve, so we will use the
first eigenvector as a selection criterion. The higher the loading of a fund on
the first principal component, the higher will be its contribution to the com-
mon factor. Given that the first eigenvector is determined so as to maximize
the variance of the corresponding linear combination of fund returns, high
factor loadings will be allocated to funds that have been highly correlated
with their group over the calibration period. Such funds should be the most rep-
resentative in their groups. Having selected the funds according to their
loading on the first principal component, the portfolio is optimized to have
maximum correlation with that principal component, subject to the usual
constraints: nonnegativity and an upper bound on individual weights. The
optimization problem can be written as:

(8.4)

HEDGE FUND DATA AND BACKTESTING PROCEDURE

Hedge fund data are subject to several measurement biases caused by the
data collection process and by the nature of the industry: survivorship bias,
when a database does not include the performance of funds that ceased
operating during the sample period; selection or self-reporting bias, when
the hedge funds in the database are not representative of the population of
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hedge funds; instant history bias, when the funds entering the database are
allowed to backfill their results; and multiperiod sampling bias, when the
analysis is restricted to funds having a minimum amount of history available.
Fung and Hsieh (2000c) provide an extensive analysis of biases in the TASS
hedge fund database. They estimate a survivorship bias of approximately 3
percent per annum. Regarding the instant history bias, they found an aver-
age incubation (backfilled) period of one year with an associated bias of 1.4
percent per annum while the multiperiod sampling bias was negligible. 

Our fund data comes from the Hedge Fund Research (HFR) dead and
alive funds databases, from which we select the period December 1992 to
May 2003. We restrict our analysis to U.S.-domiciled funds reporting net of
all fees in U.S. dollars, having funds under management above $10 million,
and not using leverage. Additionally, to minimize the sample bias of alpha
estimates, we require that each fund has at least five years of reporting his-
tory. After imposing these selection criteria, our database comprises 282
funds. 

To determine the impact of the instant history bias in our database, for
each fund we examine the difference between the monthly average of the
excess return (over Standard & Poor’s [S&P] 500 index) in the first year
and the monthly average of the excess return in the first five years. The dif-
ference is equivalent to 3.97 percent, and the standard deviation of the differ-
ence is 1.01 percent per annum so there is a clear first-year bias in the
reported fund performance. In order to eliminate the instant history bias on
alpha, we use dummy variables for the first year of reporting in all factor
models. The estimated multiperiod bias is negligible, at .33 percent per
annum. Selection and survivorship biases are addressed by including dead
funds that have sufficiently long reporting history. But this is still not suffi-
cient to ensure that the portfolio performance is identical to the experience
of an investor in these funds, because there is no information on the per-
formance of individual funds after having ceased reporting. Statistics show
that some funds stopped reporting to HFR because of extraordinarily good
performance, but some also because of negative performance. If some funds
were liquidated, their investors probably recovered only part of the net
asset value last reported. To deal with all these potential biases, we con-

172 HEDGE FUND MANAGEMENT

3A more realistic alternative would be to construct a value-weighted index of all
funds. However, the net asset value data are missing for some funds and are dis-
continued for some others. In order to preserve the number of funds in the selected
database, we can only construct the index based on an equal-weighting scheme.
Still, as demonstrated by Larsen and Resnick (1998), equally weighted indexes are
the most difficult to replicate, and our results can therefore be interpreted as mini-
mal for the case of more commonly value-weighted indexes of hedge funds.
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struct an equally weighted index of all funds in our selected database.3 This
will be affected by the same biases. An indexing model needs to be evalu-
ated on a relative basis; with this equally weighted benchmark its perform-
ance measurement is bias free, as both the tracking portfolios and their
benchmark are affected by the same biases.

In order to test the out-of-sample performance of these models, we use
a rolling sample of 60 months prior to the portfolio construction moment
for calibration purposes. The first index tracking portfolios are set up in
December 1997 and left unmanaged for the next six months as this is the
typical lock-in period for hedge fund investments. The portfolios are then
rebalanced every six months, reselecting funds based on the relevant crite-
rion and optimizing them according to the indexing model used. We impose
a nonnegativity constraint and a 15 percent upper bound constraint on
portfolio weights.4

OUT-OF-SAMPLE PERFORMANCE ANALYSIS

In order to construct realistic hedge fund portfolios, we need to restrict the
number of funds selected. Considering the evidence of maximum diversifi-
cation benefits with around 30 funds, we use a relevant selection criterion
to pick, at each rebalancing moment, approximately 30 funds that are the
most likely to support the index tracking objective. Given that several fund
allocations will not satisfy the lower bound constraint, the indexing port-
folios will contain less than 30 funds. In fact, our indexing portfolios gen-
erally contain no more than 10 percent of the total number of funds in the
benchmark. Figures 8.1 to 8.4 plot the evolution of each portfolio weights
over the sample period. In general, the index tracking portfolios invest in
no more than 10 percent of the funds in the universe. Note that the
moments when the portfolio structure changes significantly are not the
same for the four models. 

Tracking Error Variance Minimization Model (TEV)

Since the objective of this model is to minimize the tracking error variance
(TEV), a natural candidate for a selection criterion is the correlation of the
fund returns with the equally weighted index returns. That is, at each
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4In order to accommodate the minimum investment constraint in our hedge funds
portfolio, we eliminate all portfolio holdings of less than 0.5 percent and renormalize
the remaining ones. Given the fact that this applies to very small holdings, the dif-
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rebalancing moment, we select the funds that had the highest correlation
with the index returns over the calibration period. 

The out-of-sample performance results are summarized in Table 8.1.
The TEV portfolio is very highly correlated with the equally weighted port-
folio of all funds (correlation coefficient 0.94), but it has a slightly lower
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FIGURE 8.1 Performance of Tracking Portfolios versus Equally Weighted Benchmark
(Dec 97 = 100)

FIGURE 8.2 Weights in TEV Portfolio
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information ratio (1.26 as compared to 1.48), mostly due to higher volatil-
ity. This comes as no surprise, given that the number of funds included in
the TEV portfolio is less than 10 percent of the total number of funds, and
because they are selected to have high correlation with the index they also
have high correlation with each other. Apart from volatility, in terms of
higher moments, the TEV portfolio is very similar to the equally weighted
benchmark.

Figure 8.5 plots the evolution of a $100 investment in this portfolio,
alongside an investment in the equally weighted index. The TEV portfolio
outperforms the equally weighted benchmark until mid-2001. Since then 
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FIGURE 8.4 Weights on Correlation Selected Cointegration Portfolio

FIGURE 8.3 Weights in ADF Cointegration Portfolio

c08_gregoriou.qxd  6/23/05  3:41 PM  Page 175



it has underperformed, but over the five-year horizon it still remains above
the benchmark. 

Cointegration-Based Index Tracking Portfolio

As an alternative to the TEV model for constructing index-tracking hedge
fund portfolios, we implement the cointegration tracking model described
in the previous section. Under the constraint of a cointegration relationship
between the value of the portfolio and the value of the benchmark, the opti-
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FIGURE 8.5 Weights in Common Factors Portfolio

TABLE 8.1 Performance of Portfolios Designed to Replicate the Equally Weighted
Portfolio of All Funds (Equally Weighted Portfolio of All Funds Included for
Comparison)

Correlation
ADF Selected Common Equally

TEV Cointegration Cointegration Factors Weighted
Portfolio Portfolio Portfolio Portfolio Portfolio

Annual returns 9.72 10.24 9.34 12.10 10.16
Annual volatility 7.73 7.46 12.07 11.85 6.85
Skewness 0.32 –0.38 0.04 –0.21 –0.18
Excess kurtosis 2.99 1.86 1.01 2.08 2.10
Information ratioa 1.26 1.37 0.77 1.02 1.48
Turnover 5.83 10.74 8.91 7.10 4.92
Correlation EW 0.94 0.88 0.94 0.94 1.00

aThe information ratio is computed as average annual portfolio returns divided by
annualized returns volatility.
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mization target now focuses on the stability of the portfolio structure,
rather than the correlation with the benchmark. The weight constraints are
the same as for the TEV model.

In order to control the number of funds in the tracking portfolio, we
implement a selection criterion that is consistent with the cointegration
constraint. We select the funds according to the degree of cointegration of
their cumulative returns with the cumulative returns of the equally weighted
index. We note that it is by no means necessary for each individual fund to be
cointegrated with the benchmark in order to be able to find a linear combi-
nation of them that is cointegrated with the benchmark. However, selecting
funds that are individually cointegrated with the benchmark is likely to facil-
itate the task of finding portfolios that are cointegrated with the benchmark. 

As a proxy for the degree of cointegration, we use the augmented
Dickey-Fuller (ADF) statistic for the residuals of univariate regressions of
index cumulative returns on each individual fund cumulative returns. At
each rebalancing moment, we select the 33 funds having the lowest ADFs
(highest degree of cointegration with the benchmark) and optimize the
portfolio so as to generate the minimum amount of trades subject to the
cointegration constraint on the portfolio-index values relationship.

The out-of-sample performance summary is presented in Table 8.1 In
terms of both returns and volatility, the cointegrated tracking portfolio out-
performs the TEV model, being only slightly more volatile than the equally
weighted portfolio of all funds. Again, this performance is remarkable,
because it is achieved with only 10 to 15 percent of the funds in the bench-
mark universe. As expected, the correlation with the equally weighted
benchmark is lower than in the case of the TEV model, but remains very
high (0.88). One respect in which the cointegrated portfolio is less attrac-
tive is turnover, which at 10.7 is much higher than in the TEV model. Thus,
the additional feature of cointegration appears to be costly particularly in
terms of transaction costs. This can be due to three reasons:

1. The cointegration constraint is very strong, and it requires significant
changes to the portfolio structure from one period to another.

2. The ADF fund selection criterion does not result in a stable group of
funds to be further optimized under the cointegration constraint.

3. The ADF fund selection criterion is not consistent with the cointegra-
tion constraint, which is not well supported by the data on the selected
funds.

The last alternative is the most unlikely. 
In order to identify the cause of the portfolio instability, we have

replaced the ADF fund selection criterion with the correlation criterion used
in the TEV model. Even though this criterion is less consistent with the

Hedge Fund Index Tracking 177

c08_gregoriou.qxd  6/23/05  3:41 PM  Page 177



cointegration constraint than the ADF criteria, it produced a relatively sta-
ble portfolio structure for the TEV model. When implementing the correla-
tion-based selection criterion in conjunction with the cointegration model,
we find that the turnover is significantly reduced (8.9, as compared to 10.7
for the ADF selection). As expected, the correlation with the benchmark is
very high (0.94). However, the drawback is the increase in volatility, which
results in a lower information ratio (0.77, as compared to 1.37 for the ADF
selection and 1.26 for the TEV model). 

Clearly, the increased instability of the ADF based cointegration model
has to do with the features of the hedge fund returns. The average of the
lowest 33 ADF statistics computed on the residuals of univariate regres-
sions of the benchmark cumulative returns on the individual fund cumula-
tive returns is approximately 2.7, which is well above the critical value for
the Engle-Granger test for cointegration (usually less than −4, depending on
the number of funds in the portfolio and the length of the data sample).
Despite the fact that at each rebalancing moment we manage to find a port-
folio of hedge funds that is cointegrated with the equally weighted index,
the stochastic common factors driving fund returns are weaker than in the
case of equities, and cointegration relationships are more difficult to find.

Of all the portfolios analyzed, the ADF cointegration portfolio was the
most accurate tracker of the index for the largest part of the sample period,
(until September 2001). Over the next six months it underperformed the
benchmark, and from mid-2002 to the end of the sample it outperformed
it. Overall, it matched the return over five years of the equally weighted
index of all funds. Note that from mid-2002 to the end of the sample, the
performance of the ADF and the TEV portfolios was not synchronized.
Hence one may consider combining them to produce a more accurate
replica of the benchmark and to reduce the portfolio volatility.

Common Factors Replication Portfolios 

As expected, the portfolio replicating the first principal component is much
more volatile than the equally weighted portfolio of all funds. However, its
returns are also significantly enhanced to 12 percent per annum, as com-
pared to 10 percent for the benchmark. Overall, the information ratio of
this portfolio is less than the one of the benchmark, but their correlation
remains very high (0.94). The turnover of this portfolio is between those of
the TEV model and the ADF models. In terms of higher moments, the first
principal component 1 (PC1) portfolio is the most similar to the benchmark
of all three portfolios. 

The common factors portfolio clearly outperformed the equally
weighted index of all funds until February 2000. Given that during the five
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years prior to this moment technology funds were very popular front run-
ners and were highly correlated as a group, the portfolio replicating the first
principal component was overweighting them relative to the benchmark,
and hence it made significant gains. When the technology bubble burst, this
portfolio became much more volatile than the benchmark, despite the fact
that in terms of returns, the difference between them did not changed dra-
matically. 

CONCLUSION

Despite the modeling complexity caused by biases present in data, noisy
correlation structure, alphas that are difficult to estimate, and institutional
limitations to trading, alternative investments represent attractive opportu-
nities. The diversification potential of investments in hedge funds has long
been advocated, and the next natural step is to look for models to replicate
the performance of hedge funds indices. Such models can be a valuable tool
for managing funds of hedge funds portfolios. Aiming to develop such a
fund selection and optimal allocation process for funds of hedge funds, we
have analyzed the out-of-sample performance of a number of index-track-
ing models that were originally designed for equity portfolios and have
adjusted them to fit the special features of alternative investments. 

We have shown that it is possible to obtain fair replicas of hedge fund
benchmarks that preserve most of their features and comprise only a small
number of funds. Each of the models investigated appears to suit a differ-
ent investment profile: The TEV portfolio generates a reasonable perform-
ance associated with low turnover; the ADF cointegration portfolio
represents a more accurate replica of the benchmark, but during turbulent
periods of regime changes its turnover can be high; finally, the PC1 portfo-
lio represents the model of choice for investors aiming at enhancing index
returns while keeping a high correlation with the benchmark and a reason-
able turnover.
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CHAPTER 9
Designing a Long-Term 

Wealth Maximization Strategy
for Hedge Fund Managers 

Keith H. Black

It is no secret that hedge fund fees can be lucrative for fund managers, aver-
aging two to four times those found in mutual funds trading similar secu-

rities. Until now, hedge fund managers have been in a seller’s market, being
able to charge whatever fees they choose, as investors have had an insa-
tiable demand for hedge funds, evidenced by hedge fund assets that
increased by U.S. $600 billion in just the last six years. However, as com-
petition rises in the hedge fund industry, we would expect returns to decline
and the power in the industry shift to investors. Hedge fund managers who
offer fee structures that are better aligned with investor objectives will find
themselves growing assets at a faster rate than those managers whose fee
structures have more perverse incentives. This chapter suggests several in-
vestor-friendly fee structures that can improve the asset-gathering and reten-
tion skills of hedge fund managers in an increasingly competitive market. 

INTRODUCTION 

Hedge fund managers are typically compensated by a combination of a
fixed management fee and an incentive fee that increases with the returns
of the fund. This structure can be inappropriate for risk-averse investors, as
it encourages hedge fund managers to manage high-volatility funds in order
to maximize their potential incentive fee income. This myopic structure
may have the perverse effect of maximizing current-year income, while
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potentially reducing the longevity of the fund and, therefore, the lifetime
income of the fund manager. Managers who seek to maximize current-year
fee income may be managing volatile funds that are prone to large losses
and investor defections. While managers of volatile funds may earn a high
fee income in a given year, their volatile strategies may cause their fund to
have a short life. It is possible that fee income over the life of the manager
could be higher when the fund focuses on a lower-volatility strategy that
allows the manager to maintain investor assets for a longer period of time.
Several fee structures are suggested that can reduce the volatility of the fee
income earned by a hedge fund manager, while offering less conflict
between the goals of the investor and the hedge fund manager. 

Hedge funds are lightly regulated investment pools that can invest in
equities, commodities, and/or fixed income securities, often adding lever-
age, derivatives, and short selling. Their goal is to provide positive returns,
regardless of market direction. Investors find hedge funds attractive as port-
folio diversifiers when their returns are uncorrelated to traditional invest-
ments, as this lack of correlation improves the risk/reward ratios of their
portfolios, often reducing total portfolio volatility without sacrificing much
return. Hedge fund managers have a different incentive, as they desire to
attract assets in order to earn large investment management fees. 

The Center for International Securities and Derivatives Markets
(CISDM) manages a proprietary database that contains information on the
fees, returns, and strategies of the managers of hedge funds and managed
futures funds. As of January 2004, the database contained information on
577 managed futures funds and 1,441 hedge funds with stated fee struc-
tures and current operations. At that date, the average hedge fund charged
an annual management fee of 1.10 percent, while managed futures funds
averaged 2.02 percent. The management fee is an annual fee that is charged
regardless of the level of return of the fund. 

Hedge funds had an average incentive fee of 17.51 percent of profits,
while managed futures funds charged a mean 19.41 percent of profits. In a
period when the fund is earning profits for investors, the fund managers
share in the profits to the extent stated by the incentive fee. When the fund’s
investors are losing money, however, the managers earn a zero incentive fee.
Once incentive fees are paid, the fund has established a high-water mark
with their highest-monthly closing net asset value (NAV). When the value
of the fund declines below the high-water mark, due to trading losses, no
incentive fees are earned until the fund NAV increases beyond this level.
The purpose of a high-water mark is to ensure that managers earn incentive
fees only once for earning a particular gain. Black (2004) quotes a study by
Van Hedge Fund Advisors that states that 89 percent of hedge funds (at the
end of the first quarter of 2003) had fee structures that contain a high-
water-mark provision. The same study shows that only 18 percent of funds
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have a hurdle rate; 82 percent of funds have no hurdle rate. With a hurdle
rate, the incentive fee is not earned until a minimum return is earned, fre-
quently designated as the risk-free rate or a fixed return. The total incentive
fees earned by a fund decline with the size and existence of a hurdle rate.
For example, assume that a fund earns an incentive fee of 20 percent of
profits, which are 10 percent in a given year. Without a hurdle rate, the
manager earns an incentive fee of 2 percent of assets, which is 20 percent
of the 10 percent return. With a 4 percent hurdle rate, the manager only
earns an incentive fee of 1.2 percent, which is 20 percent of the 6 percent
return (10 − 4 percent) above the 4 percent hurdle rate. Evidently, manager
income declines and investor returns increase with the size and the existence
of a hurdle rate. 

A 20 percent incentive fee is the most common in the industry, and 51
percent of hedge funds in the CISDM database charge a 20 percent incen-
tive fee combined with a management fee of 1, 1.5, or 2 percent. Managed
futures funds typically have a higher fee structure, where nearly 40 percent
of funds charge a management fee of 2 percent with an incentive fee of 20
percent (“2 plus 20”). We find, however, that fees can vary widely across
funds. In extreme cases, managed futures funds have charged fees of 6 per-
cent plus 25 percent of profits or 1 percent plus 35 percent of profits. The
largest fee structures found among hedge funds range from 2 percent plus
40 percent of profits to 4.8 percent plus 20 percent of profits. We would
hope that hurdle rates are most prevalent among funds with the largest
incentive fees. 

While most actively managed U.S.-focused mutual funds earn a total
management fee of less than 1.5 percent per year, the fee potential of hedge
funds can be significantly higher. Assuming a 15 percent annual perform-
ance, the average total fee of all hedge funds in the CISDM database
(assuming no hurdle rates) is 3.72 percent of assets each year, while man-
aged futures funds earn an average of 4.93 percent of assets. The distribu-
tion is skewed, as 71 percent of managed futures funds earn over 5 percent
of assets, with a theoretical maximum of 9.75 percent of assets in a year of
gross returns of 15 percent. Using the same example, we find that 56 per-
cent of hedge funds earn greater than 4 percent of assets, while the fund
with the most lucrative fee structure can earn 8 percent of assets for pro-
viding investors gross returns of 15 percent. This lucrative fee structure
attracts significant talent to the hedge fund industry, but managers’ behav-
ior may not be in the best interest of long-term investors, especially when
managers can earn more than one-half of the gross returns in a given year.
If hedge fund managers seek to maximize their current fees, they may
increase the volatility of their fund returns beyond the level desired by fund
investors who often are seeking to invest in hedge funds to reduce the
volatility of their portfolio. 
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It may seem that a high-water-mark (HWM) provision protects inves-
tors, as investors pay no incentive fee in times when the performance of the
fund has receded from recent highs. Goetzmann, Ingersoll, and Ross
(2003), however, believe that the high-water mark can be costly to
investors. If hedge funds increase the risk of their trading strategies at times
when incentive fees are zero and performance is below the high-water
mark, these funds become less attractive to investors, even though fees are
lower in the current period. This increased risk is a temptation to fund man-
agers who may find it more attractive to “swing for the fences” rather than
accept the realization of a zero incentive fee in the current period. 

Ennis and Sebastian (2003) explain the trade-offs created when using
incentive fees relative to the flat management fees that are prevalent among
hedge fund managers. Flat management fees give fund managers the incen-
tive to attract and retain assets, but not to maintain a level of performance.
These fees can give perverse incentives when the large asset size of the fund
leads to weaker performance, as the manager gets paid more while the
investors earn less. Incentive fees could be appropriate for hedge funds, as
these fees give managers the incentive to deliver large levels of performance,
while preserving the incentive to stop accepting assets at a point where
returns decline. Black (2004) gives examples of how a fund can earn a
larger total management and incentive fee revenue by managing a smaller
amount of assets while maintaining a large return than managing a larger
asset base with reduced returns. 

Coleman and Siegel (1999) and Anson (2001) explain that there are two
agency issues with incentive fees. Anson (2001) describes the similarities
between the incentive fees earned by hedge fund managers and call options. 

Per Share Incentive Fee = Max (20% × (End NAV − Beginning HWM NAV), 0)

Dollar Incentive Fee = Max (20% × ($ Profits Earned on Total Assets), 0)

The potential size of the incentive fee is similar to the payoff formula
of a call option. When investors place assets with a hedge fund manager,
they are granting the manager a free call option on the increase in the value
of their assets. By understanding the Black-Scholes options valuation
model, we can see that the potential incentive fee increases with the amount
of assets under management, the length of time the hedge fund manager
controls the assets, and the volatility of the fund’s investment strategy. As
the manager is able to retain investor assets for longer periods of time, the
potential value of their incentive fee increases. 

While investors may be better served with low-volatility strategies that
are relatively uncorrelated to traditional investments, hedge fund managers
earn the highest potential payday by pursuing the most volatile strategies.
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With the lack of transparency that many hedge funds offer investors, man-
agers may change strategies and volatilities without informing their
investors. While hedge fund investors may be risk averse, they have given
hedge fund managers the incentive to be risk seeking. 

The second agency problem is that of asymmetry. When the fund has
large positive returns, both the investor and the fund manager earn large
profits. However, the investor suffers much more than the manager during
times of losses, as the manager does not earn negative fee income or give
back any prior fees at this time. We can assume that the losses are more
painful for investors than a lack of incentive income is for hedge fund man-
agers, especially when the manager is still earning the management fee. 

Anson (2001) believes that fund managers have the simple incentive to
maximize the volatility of fund returns in order to maximize the potential
size of the current-year incentive fee. Coleman and Siegel (1999), however,
refute this idea. They believe that the manager is risk seeking, increasing
volatility when fund returns are below the high-water mark, in order to
increase the probability of earning a positive incentive fee. However, fund
managers may become more risk averse when returns are far above the 
high-water mark, as they may reduce volatility, or even stop trading, in
order to ensure that they do not lose the incentive fees already earned in the
current period. 

These fee structures, combined with six problems, serve to make the
current standard fee structures difficult for investors. Surprisingly, some
investor-friendly fee structures may also improve the risk/reward trade-offs
of managing a hedge fund. 

PROBLEMS

Problem 1: Is There a Hedge Fund Bubble?

Even though many hedge fund strategies are said to have a limited capacity
to manage assets, TASS Research (quoted in Barreto [2004]) estimates that
investors contributed over $100 billion to hedge funds in the first nine
months of 2004. Brandon (2004) quotes Hennessee Group estimates that the
hedge fund community managed $795 billion in January 2004, taking the
year-end total in 2004 to over $900 billion. Assets have increased nearly 300
percent since January 2000, when hedge funds managed only $324 billion.
Hedge funds managed less than $100 billion as recently as January 1996. 

Unfortunately, this increase in hedge fund assets may have contributed
to the decline in returns to hedge funds. From 1994 to 1997, the Credit
Suisse First Boston (CSFB)/Tremont Hedge Fund Index returned an aver-
age of 16.37 percent, earning between 21 percent and 26 percent each year
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from 1995 to 1997. From 1998 to 2003, the average return fell to only 8.47
percent, exceeding 5 percent only in 1999 (23.43 percent) and 2003 (15.46
percent). 

If investors view this trend toward lower returns as permanent, they
may question the skill of hedge fund managers and the high fees that they
earn. While the large inflows continue to make hedge funds a manager’s
market, where the fund can dictate the fee structure, a time may come
where the lower returns and increasing number of hedge fund managers
make for an investor’s market, when investors will demand lower or more
investor-friendly fee structures. It is clear that 2004 was still a manager’s
market, as the standard fee structure moved from 1 plus 20 to 2 plus 20. 

Problem 2: Manager Incentive Fee Income Goes to Zero
When Fund Returns Are Below the High-Water Mark

Benjamin (2003) explains that managers may be tempted to close their fund
when their performance is far from the high-water mark. If it is difficult to
earn incentive fees, then some managers simply would like to close the fund
and start over with new investors. CSFB/Tremont estimates that 73 percent
of the 2,000 hedge funds in their database failed to earn incentive fees in
2002, as their declining fund values failed to exceed previous high-water
marks. When a fund earns no incentive fee, managers gain only a 1 to 2
percent management fee, which is barely sufficient to pay their fixed costs. 

According to the president of CSFB/Tremont, over 20 percent of hedge
funds were liquidated in 2003. Recent performance of many hedge funds
leaves managers far below their high-water mark, so many managers assume
that there is little probability of earning incentive fees in the near future.
Once a fund falls 25 to 30 percent below its high-water mark, the manager
gives serious thought to closing and reopening the fund, as the high-water
marks in the current fund may seem unattainable. It seems that hedge fund
managers are eager to give up their free options granted by their original
investors by closing down the fund. After liquidating their original fund,
hedge fund managers will seek to open a new fund, thereby repricing their
free options using the assets of new investors, while terminating the oppor-
tunity of their original investors to regain their losses. This short-term men-
tality can give the industry a bad reputation, because it seems that managers
are more worried about their own bonuses than earning high returns for,
and building a long-term relationship with, their investors. 

While this may not seem fair to investors in the previous fund, there are
claims that managers far from their high-water mark (who continue to
serve their original investors) would have the perverse incentive to increase
the volatility of their returns in order to more quickly regain their incentive
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fees. While managers may be tempted to liquidate a fund and reopen with
a new name and new investors, there can definitely be risks and costs to this
strategy. While there are direct expenses, such as the legal costs to design a
new fund entity and marketing costs to find new investors, the indirect
expenses can be even larger. As managers are taking time to start the new
fund, they may have little or no assets under management, which means
that they will be earning no management or incentive fees during this time.
Perhaps the largest cost could be the cost to a manager’s reputation, as
potential investors in future funds sponsored by this manager may decline
to invest given the managers’ lack of respect to the investors in the previous
fund. Investors may not appreciate paying large fees to the manager when
performance is positive, while not having the chance to make up losses in a
time where there is a reduced fee burden. 

Problem 3: Investors May Have an Aversion to High Fees,
Especially When Their Objective Is Diversification and
Risk Reduction Rather than High Returns

The 2003 Greenwich Associates survey describes the attitudes of institu-
tional investors toward hedge funds. Institutional investors that do not cur-
rently invest in hedge funds cite the lucrative fee structures of hedge funds
as their main barrier to placing assets with alternative investment managers.
Funds that make their fee structures more attractive to investors, provided
that investors do not assume that lower fee funds have lower-quality man-
agement or lower potential returns, may be able to increase their assets
under management faster than funds with less investor-friendly fee structures. 

However, institutional allocations to hedge funds continue to grow,
even in the face of rising fees. Many of these institutions may believe that it
is the net returns that matter, not just the size of the fees. Investors may also
continue to allocate assets to hedge funds, regardless of the fee structures,
in a time where hedge fund returns are expected to be larger than equity
market returns. Should equity markets enter a large bull market, we can
expect that funds without large equity exposures would find it difficult to
attract and retain assets. 

Problem 4: Managers of Extremely Volatile Funds May
Earn Large Incentive Fees Right before the Fund Loses
a Large Portion of Investor Capital 

Sender and Singer (2003) describe the rapid demise of the Eifuku master
fund, a $300 million Tokyo-based long-short equity hedge fund. After
returning 18 percent in 2001 and 76 percent in 2002, the fund lost nearly
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all of its value in seven trading days in January 2003. This fund was
extremely risky, making highly leveraged bets on concentrated positions in
small, illiquid Japanese equity securities. In fact, the fund’s positions were
so large that some investors speculated that the demise of this fund could
increase the level of systemic risk in the Japanese markets. 

Despite the fact that the fund lost nearly all of the investors’ money, the
manager likely earned a 2002 incentive fee exceeding $20 million, much of
which may have been paid before the demise of the fund. John Koonmen, the
young manager, lived a posh lifestyle of sports cars, luxury vacations, and
penthouse condos while taking large and risky bets with investors’ money. 

If the private placement memorandum was well written, investors con-
sciously agreed to accept the risks of leverage, illiquidity, and concentrated
positions. If leverage and hubris were Koonmen’s only sins, he may have no
legal or criminal liability, and may be able to keep the incentive fees, despite
the massive losses of his investors. 

This makes us wonder if the manager was lucky or skilled. Clearly,
investors would like to invest with skilled managers, even though it is diffi-
cult to separate the two types of managers in a short time period. 

Problem 5: There Is Persistence in Hedge Fund Risk,
but Not Hedge Fund Return

Herzberg and Mozes (2003) present a statistical study that concludes
there is little persistence in hedge fund returns. Simply knowing that a
fund has had high returns in the past does not allow an investor to cor-
rectly predict that the fund will have high returns in the future. Funds
with recent high returns frequently are high-volatility funds that are cor-
related with traditional investment markets. High-return funds are likely
to increase their assets under management, which can lead to new chal-
lenges for the hedge fund manager, whose strategy may work well with
small amounts of assets yet struggle to profit with sharply higher asset
levels that can lead to declining liquidity and inefficiencies and increased
trading costs. 

However, there is persistence in hedge fund risk and correlations to tra-
ditional investment returns. Funds with a lower historic volatility of returns
tend to remain low-volatility funds in the future, while funds with a volatile
history tend to remain volatile. Funds with a recent low correlation to
underlying markets tend to remain uncorrelated in the future. This obser-
vation leads to a credible trading strategy, where an investor chooses hedge
funds based on a 36-month trailing Sharpe ratio. Investors who buy the
funds with the highest recent Sharpe ratio—defined as the fund return in
excess of the risk-free rate divided by the volatility of the fund—are likely
to own funds with average future returns and very low future volatility. Can
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we conclude, then, that more hedge fund managers are skilled at managing
risk than at managing returns? If so, we may wish to compensate managers
who best manage risk, rather than the current fee structure that encourages
managers to take more risk. 

Problem 6: While Competition Between Hedge Funds
Continues to Grow, Top Managers Continue to 
Increase Fees

The distribution of assets and performance between hedge funds is quite
uneven. Brandon (2004) quotes research by the Hennessee Group that there
were 7,000 hedge funds managing nearly $800 billion in assets in January
2004. Of the managers surveyed, 34 percent managed less than $100 mil-
lion in assets, while 67 percent managed less under $500 million. There
were fewer funds that were very large, with 25 percent controlling over $1
billion in assets, with only 3 percent larger than $5 billion. These numbers
are quite different from those in a study by Van Hedge Fund Advisors
quoted by Black (2004). At the end of 2002, this study suggests that the
median hedge fund manages only $33 million, with 77.4 percent of funds
managing less than $100 million and only 3.5 percent of funds managing
more than $500 million. Given that institutional investors now constitute
the majority of new asset flows to hedge funds, we can expect continued
consolidation of assets into the largest fund companies. 

Many of these smaller funds may find it difficult to attract assets. This
difficulty could come from a short track record, undistinguished perform-
ance, underdeveloped infrastructure, or the idea that institutions typically
contribute assets to the largest funds. If an institution has allocated $1
billion to hedge funds it is likely to contribute $50 million to 20 different
fund managers. Most institutions will place this amount of assets to an indi-
vidual fund only after the fund is already managing over $200 million, as
many large investors do not desire to be the largest customer of a very
small fund. 

The largest funds, and those with the best performance, may be able to
continue to attract new assets, despite the trend toward higher fees. How-
ever, the smaller funds and those with average historical returns may need
to distinguish themselves in other ways to attract assets in this competitive
environment. These funds may want to focus on investor-friendly fee struc-
tures in order to survive and attract higher levels of new asset flows. How
do hedge fund managers maximize their personal wealth? We believe that a
long-term relationship with investors that leads to continually growing
asset levels and moderate returns can earn much higher total fees than a
fund that has a phenomenal year or two of performance before failing in a
volatility-induced death spiral. 
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An innovative fee structure recently introduced by Steve Mandel, man-
ager of the Lone Pine Capital funds, shows the current pricing power of star
managers. Jenkins (2004) explains how some of the largest and most pow-
erful management companies have been able to do away with the high-
water mark, which has been one way to protect investors from volatility.
The “Mandel fee structure,” as it has been called by one fund of funds man-
ager, allows the hedge fund manager to earn an incentive fee even when per-
formance is below the high-water mark. When making new highs, the fund
earns a 20 percent incentive fee. When recovering from a drawdown, but
below the previous high-water mark, the fund earns a reduced 10 percent
incentive fee, effectively earning fees multiple times for earning the same
profits. The fund continues to earn this 10 percent incentive fee until it has
earned back 150 percent of the drawdown amount. After that point, the
incentive fee reverts to 20 percent. This fee can be sold as a positive to
investors, even as it may increase the total fees paid in a given period.
Because this fee reduces the volatility of the fee revenue of the manager, the
manager may be less likely to liquidate the fund during a time of poor per-
formance. Should good performance reappear in the future, investors can
benefit from the longevity of their fund. We can see the power of these fund
managers, as investors are paying incentive fees on the same gain multiple
times, while the fund managers maintain a stream of incentive fees even
after a period of investment losses. 

SOLUTIONS

Implications and Possible Solutions

This leads us to assume that many institutional investors may be conduct-
ing a buy versus build decision when deciding how their alternative invest-
ment portfolio should be managed. The higher the fee structure, the lower
the transparency, and the higher the volatility of fund trading strategies, the
more likely institutions may be to build their own in-house alternative asset
management capabilities. It seems that the short-term greed and hubris of
hedge fund managers may work against them, serving to maximize their
short-term wealth but to minimize their probability of building a long-term
business franchise. 

Out of nearly 7,000 hedge funds, there are, at most, several hundred
funds that are run by star managers who can command whatever fees they
request. Institutional investors are attracted to funds with high returns, low
standard deviation of returns, high transparency, and a long track record of
success. For this reason, most institutions invest with the largest and most
established funds. While many top managers will retain the power to charge
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whatever fees the market will bear, the vast majority of hedge fund man-
agers only charge “1 and 20” because that has historically been the stan-
dard hedge fund fee structure. 

When the majority of institutional investors realize that their potential
investment size gives them the leverage to negotiate fee structures, especially
with smaller or younger hedge funds, hedge fund managers will need to
negotiate fees with these investors. These small and/or new funds will be
more likely to attract institutional investment and increase the longevity of
their funds by adopting investor-friendly policies, including more rational
fee structures and a covenant to continue to serve existing investors, even
during adverse market conditions. 

Hedge fund managers need to align incentives to alleviate the princi-
pal/agent problem. These managers must somehow become more risk
averse, or be willing to earn the rewards of their risky behavior over longer
periods of time. 

Of course, investors must be willing to place their assets with the funds
for longer periods of time. Many hedge fund managers feel pressured to
deliver large gains in short periods to quell the threat of investor defections.
If investors make short-term decisions when they allocate assets to or with-
draw assets from hedge funds, managers cannot be criticized for short-term
thinking. However, if investors are willing to commit assets to a specific
fund for longer periods of time, the hedge fund manager should reciprocate
with a fee structure designed to maximize the length of the relationship, and
not simply maximize their current-year compensation. Reducing the volatil-
ity of returns clearly reduces the threat of investor withdrawals when those
withdrawals are correlated to the percentage of assets lost in a given year. 

Institutions should consider pressing for one or more of the four mod-
ified fee structures in order to better align the manager’s incentives with the
investor’s need for low-risk, absolute return hedge fund performance:

1. Increase the use of hurdle rates
2. Redesign incentives/fees to resemble a deferred compensation plan
3. Introduce capped incentive fees
4. Compute incentive fees based on risk-adjusted returns

Increase the Use of Hurdle Rates

The average annual net return to the CSFB/Tremont Hedge Fund Index was
11.6 percent from 1994 to 2003. Van Hedge Fund Advisors estimates that
only 18 percent of hedge funds calculate fees using a hurdle rate. Without
a hurdle rate, investors will pay fees totaling 4.17 percent (1 percent plus
20 percent of the gross return of 15.8 percent) to earn this level of
performance. Investors would prefer to pay incentive fees only for truly
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exceptional performance, such as the amount exceeding the risk-free rate or
a fixed rate, such as 5 percent. A hurdle rate based on the risk-free rate may
be especially warranted when the fund earns a large portion of its return
from risk-free securities, such as the collateral used in managed futures
funds or the interest earned on the proceeds for short sales. 

The return on short-term fixed income instruments is often used as the
hurdle rate, which makes sense as this risk-free rate is a key variable in the
calculation of the Sharpe ratio, a measure that is often used to evaluate
hedge fund managers. For example, assuming that the risk-free rate is 5 per-
cent, the incentive fee would be paid only on the 10.8 percent return in
excess of the risk-free rate, for a total fee of 3.16 percent (1 percent + 20
percent of 10.8 percent). The lower fees not only improve investor returns
(from 11.6 to 12.6 percent), but also improve the performance history of
the hedge fund manager. This improved track record can be another advan-
tage in increasing assets under management. 

Redesign Incentive Fees to Resemble a 
Deferred Compensation Plan

Under current hedge fund contracts, investors typically pay the entire incen-
tive fee at the end of each calendar year (or calendar quarter) in which a
new high-water mark is achieved. Therefore, a fund such as Eifuku can earn
a large incentive fee and then liquidate in the next year. Similarly, hundreds
of other funds have chosen to return capital to their current investors when
it is clear that their funds will earn no incentive fees in the current year.
Clearly it is not in the best interests of investors to pay a large incentive fee
to a manager who will immediately liquidate the fund and terminate the
relationship with the investors. Hedge funds may choose to return assets to
investors in a time when they do not expect to earn incentive fees, especially
when the cost of managing the fund exceeds the income earned from the
management fees. 

In order to prevent these liquidations that are used simply to reprice the
fund manager’s free option, a vesting period or a deferred compensation
scheme can be defined. Simply stated, the fund manager is rewarded for main-
taining a long-term relationship with investors. Perhaps all incentive fees will
be paid out over a five-year period, with 20 percent of each year’s incentive
fee being paid out in each of the next five years. If the manager loses all of the
investors’ assets or chooses to liquidate the fund before the five years are com-
pleted, the fund would forfeit the remaining amount of fees that have not yet
vested. After five years, the manager will earn the equivalent of one year’s (20
percent times 5 years) incentive fee in each year of continued management,
which can be seen as a reward for serving investors in a long-term relation-
ship. Managers may actually find this structure attractive, as it increases cash
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flow in years where no current incentive fee is earned, which reduces the
volatility of their fee income. If the investor terminates the relationship, the man-
ager is immediately entitled to the total incentive fee earned during the entire
time of the relationship, which means that all deferred compensation is accel-
erated to the time of the investor withdrawal.

Introduce Capped Incentive Fees

Because long-term net returns to hedge funds average about 11.6 percent
with an annual standard deviation of 8.3 percent, we could place a two-
standard-deviation band on hedge fund performance. When a hedge fund
returns more than 28.15 percent (or, perhaps, rounded to 30 percent) in a
given year, we may predict that this performance is unsustainably high. Per-
haps the manager is taking too much risk, or has trades in a market where
prices will revert to more normal levels in the future. Alternatively, cynics
may conclude that performance spikes for many funds may more likely be
in times when the manager was lucky rather than skilled. 

What is the implication of capped incentive fees, or incentive fees cal-
culated on longer-term performance? If managers can earn incentive fees
only on the first 30 percent of performance in a particular year, they will
not be tempted to trade very risky short-term strategies, but may instead
focus more on trading strategies that are more likely to produce more sus-
tainable, longer-term returns. 

An investor may wish to remove performance caps if the manager is
able to sustain extremely high returns over a long period of time. Perhaps
the manager will earn incentive fees on the first 30 percent of performance
in any given year, and at the end of five years (or when the investor termi-
nates the relationship), the manager earns incentive fees on all performance
in excess of 30 percent per year, once the manager has proven that the per-
formance is more likely attributed to skill rather than luck. This type of
structure would dramatically reduce the incentive fees paid to “one-year
wonders” such as Eifuku and encourage managers to build a long-term
relationship with their investors. 

Compute Incentive Fees Based on 
Risk-Adjusted Returns

Although investors desire to buy lower-risk funds, managers of lower-risk
funds typically earn lower incentive fees than managers of more risky funds
that earn higher returns. Structuring incentive fees based on low risk, rather
than on high returns, will more fairly compensate managers who deliver the
low-risk, low-correlation funds that are most appropriate for investors
seeking risk reduction rather than return enhancement. 
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There are advantages to compensating managers for risk-adjusted per-
formance, whether measured by the Sharpe ratio, Sortino ratio, or the 
M-squared measure. The most important advantage is that managers do
not have a blind incentive to increase the volatility of the fund, but will
choose to increase risk only when there is a clear increase in return. Also,
many investors believe that they should not pay fees for returns that they
could earn themselves. For example, investors may pay lower total fees if
they add leverage to their fund returns in their own account, rather than
allowing the hedge fund manager to add the leverage. The standard incen-
tive fee structure gives hedge funds the incentive to add leverage, which cer-
tainly adds volatility that expands the range of returns. However, Coleman
and Siegel (1999) show that the Sharpe ratio is unchanged when leverage is
added at the risk-free rate, as excess returns and volatility increase at the
same rate. Using risk-adjusted returns allows investors to separate investing
skill from the ability to use leverage, making their fees more directly attrib-
uted to the skills of the manager than to the structure of the product. 

As with any other compensation scheme, managers compensated by
Sharpe ratios or any other type of risk-adjusted returns may have an incen-
tive to misrepresent performance to increase the amount of their fees. Spurgin
(2001) shows methods by which a fund can reduce the perceived volatility
of its returns by smoothing returns. These methods often involve derivative
securities, which may materially reduce fund volatility without affecting
return. Managers may also have the temptation to delay price changes for
illiquid securities, which would also reduce the volatility of the reported
returns of the fund. Coleman and Siegel (1999) also suggest that some min-
imal level of volatility be used in the calculation of performance, which
avoids the nasty issue of paying an infinite performance fee to a fund with
risk that approaches zero. 

Whether incentive fees are paid on Sharpe ratios or on absolute returns,
investors must be careful to supervise their managers’ performance report-
ing to ensure that they are being charged appropriate fees. 

CONCLUSION

Some industry participants believe that the principal/agent problem in the
standard hedge fund fee structure is not as perverse as these examples may
illustrate. Many fund of funds managers, as well as academics such as
Kouwenberg and Ziemba (2004), state that the principal/agent problem is
largely resolved when the fund manager has a significant personal stake in
the fund. They believe that if managers have at least 30 percent of their net
worth in the fund, the incentive to take significant risks with investor
money is largely reduced. 
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Black (2004) quotes a Van Hedge Fund Advisors study that states that
82 percent of hedge fund managers have at least $500,000 of personal cap-
ital invested in their fund. These managers may have the incentive to mod-
erate volatility if the potential of increased fee income from risky trading
strategies is smaller than the potential loss of personal capital from this
increased risk. 

Hedge fund managers who seek to maximize their current-year income
by charging high fees and chasing volatile strategies may reach their goal of
large short-term incomes, while destroying the long-term potential of their
business. With the increasing consolidation of the hedge fund industry,
managers can profit from growing a long-term business that can be sold to
a major investment bank, which can provide a billion-dollar payday for the
selling hedge fund managers. Managers who understand that investors need
long-term sustainable returns with low volatility and low correlation to tra-
ditional investment returns can build a long-term relationship with their
investors. Those managers with a shareholder orientation can likely gather
large pools of assets under management, which can lead to long-term gains
and fees that are far larger than could be attained using the myopic wealth
maximization strategy, which is often practiced to the detriment of their
investors. Should fees stay high and managers continue to act in a greedy
manner, institutions will be justified should they decide to abandon hedge
funds or internalize their management of alternative investment strategies,
especially if the massive inflows into hedge funds continue to reduce the
potential returns. Kurdas (2004) quotes Byron Wien on the future of the hedge
fund industry, which he believes has already moved from focusing on per-
formance to focusing on the gathering of assets. Wien suggests that the
industry could be headed for a period of mediocre returns, which could
reduce the fees that investors are willing to pay. If the senior investment
strategist of Morgan Stanley believes in these trends, hedge funds managers
ignore his view of the future at their own peril. Hedge funds with the first-
mover advantage toward investor-friendly structure may be able to main-
tain this advantage when the industry turns from a seller’s market to a
buyer’s market. 
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CHAPTER 10
Profiles of Hedge Fund Indexes

against Conventional 
Asset Style Indexes 

Barry Feldman

Global hedge fund, short selling, and managed futures indexes are profiled
against conventional asset markets using daily and monthly data. High-

frequency style tilts are observed in the daily data analysis of global indexes,
along with strong international influence. Short-selling indexes appear to
vary substantially in cap exposures and gearing. Managed futures indexes
show a robust hedging relationship with the large-cap growth style. These
results indicate the importance of monitoring the conventional asset profiles
of hedge funds and further research into their determinants.

INTRODUCTION

It is now clear that hedge fund performance is significantly affected by sim-
ple exposures to conventional asset markets. Asness, Krail, and Liew (2001)
first forcefully make this point by showing that lagged market betas may
significantly increase measured market exposure. Fung and Hsieh (2004a)
demonstrate that five simple conventional asset factors—without lags—are
able to effectively explain approximately 84 percent of the monthly varia-
tion in the Hedge Fund Research (HFR) equally weighted composite index
over the nine years from January 1994 to December 2002.

The principal goal of this chapter is to extend research into the rela-
tionship between hedge funds and conventional asset markets by address-
ing these questions:
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■ How variable is this profile over time? Fung and Hsieh (2004b) find
that there has been structural change in hedge fund indexes over long
intervals, but do not study the potential degree of short-term variation.
Here daily hedge fund indexes and rolling window analysis is used to
examine the variability of this profile over time. 

■ How variable is the profile of a strategy against conventional assets
among different providers of similar indexes? There are significant dif-
ferences in conventional asset benchmarks. Some of these differences
are definitional: What is the line that divides “small cap” from “mid
cap”? Others, particularly in fixed income indexes, are due to sampling
and selection. Also important are construction rules such as equal ver-
sus cap weighting and how indexes are updated over time. All these dif-
ferences are evident in hedge fund indexes as well. 

■ How complex are hedge fund style exposures? Most published analy-
ses of hedge fund indexes use a basic set of conventional asset bench-
marks and have a limited ability to identify style bets, such as going
long small value and short small growth, perhaps while taking the
opposite bet with large-cap equities. This study uses an extensive set of
equity style benchmarks. 

■ How important will daily hedge fund indexes be in the quantitative
analysis of hedge fund performance? There are now more than two
years of daily hedge fund performance index data. Daily data on a menu
of strategies are now available from at least three index providers. 

Here are summary answers. First, not surprisingly, it appears that
some elements of hedge fund profiles against conventional asset markets
change quite quickly over time. Using daily data, it is easy to find large
exposures that last two months or less and switching, where a long profile
becomes short or vice versa. Second, while there appear to be reassuring
commonalities in the profiles indexes from different providers, there are
also important differences that are important to consider when deciding
which index to use for a particular purpose. Third, it appears that hedge
fund equity style exposures can be quite complex on the index level, for
example, being short both large growth and small value. Finally, it appears
that daily indexes will become increasingly important in hedge fund analy-
sis. There are important potential biases in these indexes due to the qual-
ity of daily pricing of less-liquid securities and the self-selection of
hedge funds willing to report on a daily basis.1 However, the additional
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statistical resolving power—the ability to detect changes in exposures
down to the scale of weeks and months—is very important. Daily hedge
fund indexes have surprisingly high correlations with convention+al asset
benchmarks. Some of the analyses presented here based on a 50-day
rolling window have greater statistical precision than those based on three
years of data.

It is not possible to present a complete analysis of index profiles in
this chapter, particularly because some of the most interesting results
come from rolling window analysis, which requires a lot of space. Ac-
cordingly, we make some general comments regarding results not pre-
sented here and refer the reader to an online appendix to this chapter. 

Why is the profile of a hedge fund against conventional asset markets
important? First and foremost because of the maturing of the hedge fund
industry. Institutional investors are increasing their allocations to hedge
funds, and more individuals are adding hedge funds to their portfolios. As
a result, there is an increasing emphasis on the need to develop demon-
strably prudent procedures for building hedge fund portfolios. The impor-
tance of understanding the relationship between hedge funds and
conventional assets rises sharply with the percentage of a portfolio
invested in hedge funds. 

There are many ideas on how to integrate hedge funds into a total
investor asset portfolio (see, e.g., Waring and Siegel 2003; Henriksson
2004; Till 2004b). However, there is no widely accepted framework. Most
common are rules of thumb and stories. The foremost story up to now is
that hedge funds generate alpha in the form of absolute returns by exploit-
ing market inefficiencies and that they are uncorrelated with conventional
markets. This story can no longer be considered a reliable guide for prudent
investment decisions. 

Two issues should concern investors. The first, and most elementary, is
that investors may not want to pay hedge fund management fees to earn
money through indirect exposures to conventional asset markets. However,
even if the exposure to conventional betas is only incidental to the genera-
tion of real alpha (or exposure to “alternative asset betas”), investment
management should be aware of and be ready to compensate for conven-
tional asset exposures. To provide one example, the asset allocation policy
may be to be equity style neutral, but a significant exposure to managed
futures may generate a short large-cap growth tilt. It may be that the mag-
nitude of the tilt may not be of practical concern in many cases. Still, it
could become important under particular market circumstances, and it
could be that a number of other hedge funds in the same portfolio had sim-
ilar tilts. Prudent fund management requires awareness of these exposures
at multiple levels of the investment management process.
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There is no question that effects such as survivorship bias (Brown, Goetz-
mann, and Ibbotson 1999; Amin and Kat 2003c), backfill bias (Posthuma
and Van der Sluis 2004), reporting accuracy (Liang 2003a), and, recently,
interesting work on the causes of hedge fund attrition (Malkiel and Saha
2004) could bias profiles against conventional asset markets. Due to the
complexity of trying to control for these effects, such investigation will have
to wait. Estimated alphas are reported for the record; however, we offer no
opinion on the level of index construction bias impounded in these estimates.

METHODS 

The basic method utilized here is the factor model. The returns of the hedge
fund index under study are regressed on the set of conventional asset bench-
marks. In addition to the basic factor model results, the factor model is used
to generate a variance decomposition of hedge fund index returns. This
decomposition attributes this variance to the conventional asset bench-
marks in the factor model. Variance decomposition provides an estimate of
the relative importance of factors from the point of view of their contribu-
tion to the total explained variance of the model. Relative importance is dif-
ficult to infer from factor betas, principally because betas do not reflect the
variance of their factors. T-statistics are essentially marginal or conditional
measures, like F-tests, that do not provide a consistent attribution of
explained variance for these purposes because of vulnerability to factors
such as multicolinearity. The variance decomposition method used is pro-
portional marginal variance decomposition (PMVD) (Feldman 2004).

The factor model is estimated imposing the no-arbitrage constraint.
Betas are required to sum to unity. The factor model betas are then arbi-
trage price theory betas (Ross 1976) when the Treasury bill (T-bill) is
included as a factor, and all factors represent pure long positions. This con-
straint is implicitly imposed when an analysis is based on excess returns. 

The no-arbitrage constraint improves the precision of factor betas and
is valid for conventional investment instruments, but may be inappropriate
when significant use is made of options, futures, and other derivatives. The
reduction in R2 when the constraint is imposed can be used to test the con-
straint with an F-test. If the constraint is not rejected, the T-bill beta is valid
estimator of the net position of the fund. Betas less than 0 indicate positive
gearing. Betas between 0 and 100 percent indicate long bias. A beta of 100
percent implies net neutrality. Betas over 100 percent indicate a net short
position, where 200 percent is equivalent to being 100 percent short.

Variance decomposition results are calculated based on the uncon-
strained factor model. In this case, T-bill variance components should be
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small due to the low volatility of cash unless levered cash returns are
obtained from T-bill futures (or spurious correlations with T-bill yields). 

The PMVD method produces a weighted average of marginal contribu-
tions to explained variance, where the average is overall possible orders that
factors might enter into the model. The PMVD method, however, weights
each marginal contribution by the probability that a particular ordering is
the correct ordering according to increasing relative importance. An order-
ing is more likely if it is better ordered according to increasing (intermediate)
marginal contributions to explained variance. The weakest factor receives a
variance share perhaps only slightly greater than its marginal contribution to
the complete model. The strongest factor may receive a variance share only
slightly smaller than the square of its correlation with the index. Variance
shares are inherently positive, but they are signed by the sign of the associ-
ated factor beta to facilitate interpretation. The sum of the absolute value of
reported variance shares is the R2 of the unconstrained factor model.

In addition to simple single-period analyses, results are also presented
using rolling window analysis. This method is used to examine changes in
factor exposures over time. The window is a period of time that is shorter
than the history being analyzed. For example, in the daily analysis pre-
sented later in the chapter, the window is 50 days. The analysis for a par-
ticular date is based on the data for that date and the trailing 49 days. 

Rolling window results are based on exponentially weighted regres-
sions, in which more recent data are given slightly more weight. The analy-
ses presented here are based on a 1 percent decay rate. This is a modest
decay rate that has a minimal effect on the statistical quality of results.
Under 1 percent decay, observation 50 in the rolling window has only 61
percent of the weight of the first observation. The average day without
weighting is 25.5, the middle of the observation window. Under 1 percent
decay, the weighted average day is reduced to 18.5.

HEDGE FUND INDEXES 

Today there are a large number of index suppliers (see www.
hedgefundmarketing.org/hedgefundindexes.htm for a comprehensive list).
Comparisons will be presented here between indexes constructed by Credit
Suisse First Boston/Tremont (the HEDG indexes), Hedge Fund Research
(HFR), the Hennessee Group, Standard and Poor’s (S&P), Van Hedge, and
Center for International Securities and Derivatives Markets/ Managed
Account Reports (CISDM/MAR). These are among the oldest and most
well-known indexes. Space limitations prohibit a more comprehensive pres-
entation. Arguably the most important characteristic of these indexes is
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their frequency. Monthly indexes have longer histories; HFR goes back to
1990. With the exception of managed futures, daily hedge fund indexes do
not go back before 2002. 

Using daily data, the HFR Global Hedge Fund Index will be compared
with the S&P Hedge Fund Index. These indexes utilize different strategies
to represent the performance of the hedge fund universe. The HFR index
reweights the performance of the funds it tracks by the estimated dollars
invested in the respective strategies. S&P equally weights each of its nine
basic strategies. Table 10.1 presents descriptive statistics for daily indexes.

Monthly data will be used to compare short selling indexes provided by
CSFB, Hennessee, HFR, and Van Hedge; and to compare Commodity Trad-
ing Advisor (CTA), global macro, and managed futures indexes from
CISDM/MAR, CSFB, and Hennessee. Table 10.2 presents descriptive sta-
tistics for monthly indexes.
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TABLE 10.1 Descriptive Statistics for Daily Data Analysis, September 30, 2003, to
November 30, 2004

Excess
Benchmark / Index Symbol Mean Std Skew Kurtosis

Daily Hedge Fund Indexes
HFRXGL Global Hedge Fund 0.015% 0.16% –0.82 1.15
S&P Hedge Fund Index 0.026% 0.13% –0.10 1.48

Conventional Asset Benchmarks
S&P BARRA Large-cap Growth LCG 0.040% 0.74% 0.00 –0.01
S&P BARRA Large-cap Value LCV 0.090% 0.74% –0.25 0.26
S&P BARRA Mid-cap Growth MCG 0.068% 0.88% –0.16 –0.33
S&P BARRA Mid-cap Value MCV 0.103% 0.84% –0.18 –0.05
S&P BARRA Small-cap Growth SCG 0.109% 1.06% –0.12 –0.44
S&P BARRA Small-cap Value SCV 0.126% 1.06% –0.20 –0.29
MSCI EAFE DM 0.108% 0.94% –0.13 0.24
MSCI Emerging EM 0.135% 1.24% –0.32 1.11
LB High Yield HY 0.024% 0.43% –0.15 0.75
LB 20+ LB 0.029% 0.65% 0.04 0.90
LB AGG MB 0.011% 0.29% 0.12 0.47
T-Bill Daily Yld T-Bill 0.004% 0.00% 1.52 11.11
Trade Weighted Dollar USDX –0.026% 0.32% 0.36 0.15

Number of observations ∼290
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TABLE 10.2 Descriptive Statistics for Monthly Frequency Benchmarks and Indexes,
Data January 1994 to October 2004a

Excess
Benchmark / Index Symbol Mean Std Skew Kurtosis

Short Selling Indexes
HEDG Dedicated Short –0.08% 5.08% 0.92 2.24
Hennessee Short Bias Index –0.02% 5.89% 1.17 6.05
HFRI Short Selling Index 0.28% 6.46% 0.26 1.62
VAN Global Short Selling Index –0.06% 6.71% 0.12 2.29

CTA/Macro/Managed Futures Indexes
CISDM/MAR CTA INDEX— 0.67% 2.51% 0.25 –0.04

Cap Weighted
CISDM/MAR CTA INDEX 0.71% 2.53% 0.38 0.05

Equal Weighted
HEDG Managed Futures 0.58% 3.52% 0.04 0.47
HFRI Macro Index 0.84% 2.17% 0.06 0.82

Conventional Asset Benchmarks
S&P/BARRA 500 Growth LCG 0.93% 4.86% –0.53 0.00
S&P/BARRA 500 Value LCV 0.93% 4.46% –0.63 1.11
S&P/BARRA Mid-cap 400 Growth MCG 1.15% 6.02% –0.13 1.45
S&P/BARRA Mid-cap 400 Value MCV 1.22% 4.53% –0.46 1.81
S&P/BARRA Small-cap 600 Growth SCG 0.90% 5.97% –0.26 1.36
S&P/BARRA Small-cap 600 Value SCV 1.16% 4.94% –0.91 2.36
MSCI EAFE Free DM 0.51% 4.27% –0.41 0.33
MSCI Emerging Mkts EM 0.32% 6.68% –0.80 2.15
LB Aggregate Bond HY 0.56% 1.15% –0.51 0.95
LB Hi-Yld LB 0.60% 2.08% –0.67 3.51
LB LT Gvt MB 0.68% 2.56% –0.53 1.31
U.S. 30 Day TBill T-Bill 0.32% 0.15% –0.57 –1.14
USDX return USDX 0.20% 1.16% 0.13 1.13

Fama-French Factors
Fama-French Market Factor Market 0.60% 4.54% –0.72 0.66
Fama-French Small Firm premium SmB 0.27% 3.72% 0.40 1.47
Fama-French Value Premium HmL 0.20% 4.49% –0.74 5.29

Number of observations 130

aVan Hedge short-selling index data runs from January 1995 to October 2004.
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CONVENTIONAL ASSET BENCHMARKS 

Monthly performance is based directly on index provider reports. Daily
index performance is based on corresponding Exchange Traded Funds
(ETFs) (except for the T-bill and U.S. dollar). The abbreviations used in the
tables are presented here in parentheses.

S&P/Barra equity-style indexes are used to represent large-cap
growth (LCG), large-cap value (LCV), mid-cap growth (MCG), mid-cap
value (MCV), small-cap growth (SCG), and small-cap value (SCV) equity
styles. The MSCI EAFE Free Float index is used to represent non-U.S.
developed markets (DM). The MSCI Emerging Markets index is used 
to represent emerging markets (EM). The Lehman Brothers Long Term
Government bond index is used to represent the long bond (LB). The
Lehman Brothers Aggregate Bond index is used to represent medium-term
bonds and other fixed income securities (MB). The Lehman Brothers
High-Yield bond index is used to represent high-yield bonds (HY).2 The
T-bill daily yield is based on Federal Reserve 90-day constant maturity
bills (T-bill). The U.S. dollar index is the Federal Reserve broad trade-
weighted dollar index (USDX). Monthly T-bill returns use the Ibbotson
U.S. 30-day T-bill Index.

The Fama-French (1993) market, size, and value premium factors are
also used in the analysis of monthly data (available at http://mba.tuck.
dartmouth.edu/pages/faculty/ken.french/data_library.html). These factors
are based on market data from the Center for Research in Security Prices
(CRSP) at the University of Chicago. The market factor is a broad measure
of market performance based on the complete market covered by CRSP.
SmB stands for “Small minus Big” and is the small-cap value premium.
HmL stands for “High minus Low” and is the value premium as repre-
sented by the difference in performance between high book-to-market
(value) firms and low book-to-market (growth). These premia are based on
dollar-market neutral portfolios that are long small or value and short large
or growth equities. Analysis using these benchmarks is done using excess
returns, and the no-arbitrage constraint is not needed.

Descriptive statistics for daily frequency benchmarks is found in Table
10.1 and for monthly frequency benchmarks in Table 10.2.

204 HEDGE FUND MANAGEMENT

2As there is currently no ETF for the Lehman Brothers High Yield index, the Gold-
man Sachs High Yield ETF (ticker LQD) is used instead. The correlation between
this ETF and the daily Lehman High Yield index is over 78 percent based on 250
days of data; I have data for both.
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HEDGE FUND PROFILES BASED ON 
DAILY DATA ANALYSIS 

The stability of the profile of hedge fund indexes against conventional asset
markets over time is not well understood. Most existing studies are based
on monthly data. It takes at least three years of monthly data to obtain rea-
sonably reliable multivariate statistical results using half a dozen bench-
marks or more. Since statistical results are an average (or time-weighted
average) over this period, it is difficult to observe shifts in factor exposures
over much shorter time scales. It is true that the sensitivity of regression
results to outliers sometimes allows regressions based on monthly data to
quickly identify changes in factor exposures. But the use of daily data might
be hoped to provide more reliable results.

Two daily hedge fund indexes are investigated, the HFR Global Hedge
Fund Index and the S&P Hedge Fund Index. These are the daily indexes
with the longest history, and, moreover, both are investable. Over the com-
mon return period from April 2003 to November 2004, the HFR index had
an annualized daily return of 7.04 percent with an annualized standard
deviation of 2.67 percent. The corresponding return of the S&P index was
6.79 percent with standard deviation 2.16 percent. (These are longer peri-
ods than reported in Table 10.1.)

Results are first presented based on factor model betas and T-statistics,
and then using variance decompositions based on these models.

Factor Model Results 

Tables 10.3 and 10.4 present all-history and rolling window factor models
for the two indexes. The first rows present all-history results. These results
are based on the time period from October 2003 to November 2004. The
left set of columns present the factor betas. These are followed by the R2 of
the factor model and then by the T-statistics for each beta in the same order.
Windows are formed at five-day intervals. Rolling window results are pre-
sented here only from April to November 2004 due to space limitations. 

The R2 summary statistics show that both indexes have substantial cor-
relation with conventional markets. Remarkably for the use of daily data,
the HFR index has an R2 of 0.64 over this time period, indicating a multi-
ple correlation coefficient of about 0.80. The R2 for the S&P index is still
relatively high at 0.40. The HFR R2 is comparable to those reported by
Fung and Hsieh (2004c) with monthly data. Note that rolling window R2

values are considerably higher. It would not be surprising if daily correla-
tions were much lower and that the higher monthly correlations were the
result of an averaging process operating on longer timescales. 

Profiles of Hedge Fund Indexes against Conventional Asset Style Indexes 205
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Turning to the all-history factor model results, it is apparent that the
profiles of both indexes are quite similar. Both have similar betas against
equity-style indexes, except that the signs of the mid-cap-growth betas dis-
agree. Neither beta is statistically significant. The only difference appearing
to be statistically significant is the beta for developed markets, which is 7
percent for the S&P index, but only 4 percent for the HFR index. The esti-
mated alphas, not reported in the tables, are −1.28 percent per year (T-sta-
tistic: −0.68) for the HFR index and 1.43 percent (T-statistic: 1.16) for the
S&P index.

Rolling window results, however, paint a different picture. Note first
the large-cap growth betas for the October–November 2004 period. The
HFR betas are decreasing sharply over this time period, while the S&P
betas are relatively steady. Note, also, that HFR large-value betas are posi-
tive and also decreasing, indicating a large-value bet, while the S&P large-
value betas are negative, indicating a short large-cap bet. The HFR large
growth and values are both statistically significant for most of October. The
S&P mid-cap value index is strongly and positive and statistically signifi-
cant over this time period. 

Two other notable differences in the profiles concern small growth and
developed markets. The HFR index is long small growth over the Septem-
ber to October period while the S&P index is negative or weakly positive
over this time. The S&P index has consistently high and statistically signif-
icant betas against developed markets over July and August 2004 while the
HFR index betas are weakly positive or negative.

The T-bill betas indicate that that both funds have low net market
exposure. The all-history T-bill beta of 88 percent for the HFR index com-
pares with 92 percent for the S&P index. Both betas have very high preci-
sion, as indicated by the associated T-statistics. However, in both cases, the
hypothesis that the summation constraint holds is statistically rejected (p =
0.014 for the HFR index and p = .007 for the S&P index). It must thus be
concluded that these betas are significantly biased measures and should not
be relied on for inferring net market position with additional investigation. 

Variance Decomposition Results

Variance decomposition results for both indexes are presented in Table
10.5. The most striking aspect of these results is that for both indexes, the
international indexes are attributed half or more of the explained variance
of the all-history analysis and close to three-quarters for the S&P index. In
the case of the HFR index, the variance components are 31 percent for
emerging markets and 6 percent for developed markets out of the 65 per-
cent explained variance. The factor betas on emerging and developed mar-
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kets are both about 4 percent. The difference in variance shares is consis-
tent with the T-statistics, EM 4.3 and DM 2.2. In the case of the S&P index,
the variance components are EM 9 percent and DM 20 percent out of the
total R2 of 0.42. This is consistent with the betas and T-statistics.

In the time-series variance decomposition results, it is interesting to note
that both indexes show high emerging-market variance shares over the April
to July 2004 time period. The developed markets profile, however, shows the
HFR index with a large exposure over the May to June 2004 period while
the S&P index has its large exposure from July to September 2004.

Other notable features in the variance decomposition are the large LCV
exposure in the HFR index over September through early November 2004
and the considerable short MCG/long MCV exposure evident over October
and November 2004. These features were already noted in the factor model
analysis.

Note also the low variance share associated with the T-bill. This is con-
sistent with the implied T-bill leverage reported as the annualized standard
deviation of daily T-bill yields is about 0.01 percent over the time period of
the analysis. 

Variance decomposition results are broadly consistent with conven-
tional factor model results but put additional emphasis on the importance
of international markets beyond that which is obvious from the factor
model results. This is achieved by replacing T-statistics with a measure of
relative importance that makes it easier to compare factors. However, it is
not clear that international equity markets were actually as important as
implied by these results for two reasons:

1. The variance decomposition procedure might not be reliable.
2. The EM and DM indexes might proxy for other economic factors. 

Extended Analysis with Additional Factors

It appears that heavy loading on international markets could be a proxy for
the U.S. dollar. Table 10.6 shows all-history analyses of the HFR Global
Index and the S&P Hedge Fund Index with these factors added compared
with the results in the previous tables, the addition of these factors leads to
a modest increase in R2 for the HFR index and large increase for the S&P
index: from 40 to 52 percent. The addition of these factors also makes the
statistical rejection of the no-arbitrage constraint considerably weaker (p =
.066 for HFR and p = .183 for S&P). 

The changes to the HFR all-history results are otherwise modest. In
terms of variance shares, high-yield bonds (HY) receives 2 percent and USD
receives –3 percent. In contrast, one variance component for the S&P index,
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developed markets, changes greatly: dropping from 20 to only 5 percent
(Table 10.5). In contrast, the Federal Reserve broad trade-weighted dollar
index (USDX) receives a –25 percent variance component, absorbing both
this 15 percent drop and most of the 12 percent increase in total R2. The
variance share for LCG also goes from –5 to –1 percent, suggesting it is a
much less important factor. These qualitative results are consistent with the
factor model. The USDX beta is the largest and most statistically significant
(besides that for the T-bill). It is followed by the HY beta. HY receives a 5
percent variance share, now larger than any U.S. equity factor. 

Addition of these factors suggests that the S&P index’s developed mar-
kets and large-cap growth exposures were partially driven by the dollar. In
the case of developed markets, the huge change in the beta and statistical
significance suggests that the beta was biased by the omission of the dollar
exchange rate and acted as a proxy for it. In the case of large-cap growth,
the change in beta and statistical significance is not as pronounced. 

220 HEDGE FUND MANAGEMENT

TABLE 10.6 All-History Results with U.S. Dollar Trade-Weighted Index Based on
Monthly Data, January 1994 to October 2004

HFRXGL SPHFI

Factor Factor
Model T-Statistics PMVD Model T-Statistics PMVD 

Benchmark Constrained Constrained Unconstrained Constrained Constrained Unconstrained

LCG –8% –3.13 –2% –6% –3.17 –1%
LCV 4% 1.34 2% 2% 1.07 1%
MCG 4% 1.32 8% –1% –0.27 0%
MCV 5% 1.55 11% 5% 1.93 2%
SCG 5% 1.76 4% 3% 1.76 1%
SCV –5% –1.84 –2% –5% –2.71 –1%
EM 4% 3.83 31% 2% 2.81 10%
DM 2% 0.91 2% 3% 2.36 5%
HY 9% 2.41 2% 11% 4.02 5%
LB 0% –0.03 0% 0% –0.12 0%
MB –5% –0.95 0% –5% –1.37 –1%
T-Bill 91% 14.32 0% 105% 22.58 0%
USD –7% –2.08 –3% –15% –6.39 –25%

R2 66.8% 67.2% 51.8% 52.1%
Alpha –0.01% 0.00%
S.E. Alpha 0.01% 0.01%
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The considerable sensitivity of the S&P index to the dollar contrasts
sharply with the muted sensitivity of the HFR index. However, the variance
decomposition suggests that the S&P index was relatively insensitive to
style factors in U.S. equity markets over the study period, but the HFR
index was much more sensitive. These conclusions are supported by the
time series results presented here and also by further rolling window analy-
ses within the October 2003 to November 2004 time period of this study.
Note that being short the dollar made good economic sense over the study
time period, as the dollar declined at an annualized rate of over 6 percent.
The 15 percent short beta against the dollar translates into about 1 percent
annual return.

These differences may be partly explained by the differing index con-
struction practices. The HFR index is cap weighted by the estimated total
dollars invested in each hedge fund strategy. The S&P index is an equally
weighted mix of its nine constituent strategies. Equity long/short is only one
of these strategies, even though the majority of hedge dollars now invested
in it. The S&P index also includes managed futures, which is not included
in the HFR universe (see Table 10.2).

SHORT SELLING INDEXES 

Short selling indexes provide another opportunity to compare index sup-
pliers. Table 10.2 includes descriptive statistics for the CSFB/Tremont
(HEDG), Hennessee, HFR, and Van Hedge Short Selling indexes. The
period of analysis is from January 1994 to October 2004 except for the Van
Hedge index, where coverage starts in January 1995 and ends in September
2004. Table 10.7 presents analytical results using conventional asset factors
except the dollar exchange rate. The factor models employ the no-arbitrage
constraint. Table 10.8 presents analytical results using the Fama-French
market factors, described later. 

The differences in R2 shown in Table 10.7 between the constrained fac-
tor model and the unconstrained variance decompositions indicate that the
constraint cannot be statistically rejected. The overall level of R2 is quite
high, running from 78 to 85 percent over approximately 10 years of history.
The T-bill betas indicate that the funds are indeed short bias. The Hennessee
index appears to be the least short biased: the T-bill beta of 153 percent sug-
gests that the fund is about 50 percent net short by market betas. At the
other extreme, the HFR index beta of 239 percent indicates it is about 140
percent net short. Note that the T-statistics indicate that these betas are not
very accurately estimated.
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Study of the factor betas and T-statistics in Table 10.7 suggest this pat-
tern. The HEDG and HFRI indexes are short predominantly large and
small growth. The Hennessee and Van indexes are mostly short small- and
mid-cap growth. The PMVD variance shares are in general agreement with
this pattern, except that mid-cap growth is approximately as strong as large
growth for the HEDG and HFRI indexes and mid-cap growth dominates
small growth for the Hennessee and HFRI indexes. 

In general, mid-cap variance shares are larger than would be expected
from the betas and T-statistics. In regard to the betas, this could be because
of the higher standard deviation of mid-cap growth compared to the other
benchmarks reported in Table 10.2. When converted to variances, mid-cap
growth is at least 50 percent more volatile than either other index. This
explanation, however, does not address the often significantly lower T-sta-
tistics for the mid-cap growth index. 

The explanation for the difference between relative importance as
implied by T-statistics and variance shares is in the weighting process used
by the PMVD procedure to determine the probability associated with a par-
ticular marginal contribution. In spite of the mid-growth benchmark’s
weaker marginal contributions, the relative strength of the other bench-
marks is not sufficient to offset the higher marginal contributions to
explained variance obtained by the mid-cap growth benchmarks. For exam-
ple, the correlations of small, mid-, and large growth with the Hennessee
index are −.75, −.85 and −.81, respectively. These correspond to univariate
R2 values of 0.56, 0.73 and 0.66. 

Variance decomposition results suggest that HEDG and HFRI index
volatilities are predominantly driven by small growth, that the Hennessee
index is driven by mid-cap growth, and that the Van Global index volatil-
ity is driven by both small and mid-cap growth.

A different perspective on these short selling indexes is provided by the
use of the Fama-French (1993) three equity factor benchmarks. Results
based on analysis with these benchmarks are provided in Table 10.8. The
most important aspect of these results is the confirmation that the market
is still the principal driving factor. Betas, T-statistics, and variance shares all
suggest that the HEDG and Hennessee indexes are more similar in that the
size and value premia are relatively less important, and that the HFRI and
Van Global indexes are more similar in that these premia are more impor-
tant. For the first group of funds, size and value premia variance shares
total to 10 percent or less. For the second, they both total to 28 percent. 

Note that being short Small minus big (SmB) is being short the small-
cap premium, which is similar to favoring large cap. Hennessee has both the
least negative SmB beta, implying it is the least short small cap, and is
shown in Table 10.7 as having the least negative small-cap growth variance
share. Being long high minus low is similar to being short growth. All meas-

224 HEDGE FUND MANAGEMENT

c10_gregoriou.qxd  6/23/05  3:43 PM  Page 224



ures in Table 10.8 suggest that HFRI and Van Global are shortest on
growth. The results of Table 10.7 are not nearly so clear-cut because it is
hard to disentangle growth and value factors.

The three-factor model is able to achieve comparable and even higher
R2 values than the large set of conventional asset benchmarks used here.
The unimportance of the benchmarks other than equity style is not surpris-
ing, but the fact that an extensive model with six U.S. equity style bench-
marks did not clearly outperform the three-factor model is notable. 

MANAGED FUTURES AND RELATED STRATEGIES 

Managed futures funds, commodity trading advisors (CTAs), and global
macro funds primarily trade options and futures contracts. The focus of this
section is on the relationship between these strategies and the large-cap
growth style. In general, there is a consistent short profile between the per-
formance of these strategies and large-growth performance. We do not offer
an explanation for this relationship, but we do show that is most likely
quite real. The robust nature of this relationship raises interesting questions
and suggests portfolio strategies.

Analysis of Standard Indexes

The descriptive statistics for the four basic indexes to be profiled are pre-
sented in Table 10.2. It can be seen that these indexes have moderate
volatility compared to short-selling indexes and equity indexes, moderate
returns, and low levels of skew and excess kurtosis.

The static profiles against conventional asset markets are found in
Table 10.9. The profiles of the CISDM indexes and the HEDG index are
quite similar. The signs of betas correspond completely and they are of gen-
erally the same magnitude. The HFRI Macro Index disagrees in sign for
small growth and high yield, but is otherwise remarkably similar to the
other indexes, except for the importance of emerging markets. The fixed
income exposures are about as might be expected. 

One surprise, given the results from the analysis of daily indexes, is that
the dollar exchange rate is not particularly important for any of these
indexes. The explanation can be seen plainly in rolling window analysis.
These strategies were generally long the dollar before 2001 and short the
dollar after June 2002, and the net effect is quite small. Note, however, the
strong negative dollar beta (−40 percent) for the HEDG index and the sta-
tistical significance implied by the T-statistic. The variance component sug-
gests that being short the dollar explains about 10 percent of the volatility
of this index.

Profiles of Hedge Fund Indexes against Conventional Asset Style Indexes 225
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The large-growth beta is negative and statistically significant for every
managed futures index, and quite strongly so for all except HFRI Macro.
Macro strategies are much more likely to include directional bets, com-
pared to the systematic and relatively nondiscretionary strategies of most
CTAs and managed futures funds. This may provide one explanation for
the differential large growth profiles of these strategies (see the next sub-
section). While large growth does not have the largest equity betas, large
growth has the clearly the largest T-statistics and variance shares of all
equity styles for all indexes except HFRI Macro.

Perhaps more important than the static all-history results is the pic-
ture that emerges from rolling window analysis. Table 10.10 presents par-
tial results of the profile of the CISDM/MAR equally weighted CTA index
against the conventional asset benchmarks utilized in Table 10.9. Due to
space limitations, however, only total model R2 and results for large-cap
growth benchmark are presented here. It can be seen that the large-
growth beta is consistently negative over time. There are only three
months, September to November 2000, when the large-cap growth beta
is positive, and the T-statistics and variance shares are very weak. Note
the consistently large betas, T-statistics, and variance shares in the period
following June 2000. It should be kept in mind, however, that the T-tests
are based on overlapping data and are not independent. Large value has
a similar general relationship, but with a weaker and long profile. The
other equity style benchmarks do not show as strong or as stable a pro-
file over time. 

Following up on the time series observations, the profile of several of
the CISDM/MAR subindexes against large-cap growth is examined over the
1994 to 2004 and the post-2000 periods separately. These results are pre-
sented in Table 10.11. Only model R2 and coefficients for large-cap growth
are provided. 

Several patterns are clear. First, R2 values tend to increase greatly over
the much shorter periods of analysis. Betas and variance shares increase
while T-statistics decrease. It is not surprising that T-statistics decrease with
the much smaller number of observations. These results are all consistent
with the pattern seen in Table 10.10. 

What is most significant about these results, however, is that the short
large-growth relationship is observed over all CISDM/MAR subindexes
except, perhaps surprisingly, the stock subindex. For the stock trading
index the relationship reverses. Variance shares, however, suggest a weak
relationship in spite of the strong statistical significance over the period
from 1994 to 2004. The systematic, trend-based, and diversified subindexes
appear to show the strongest short large-growth profile. Over the complete
history, the trend-based subindex has the highest variance share.

Profiles of Hedge Fund Indexes against Conventional Asset Style Indexes 227
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TABLE 10.10 Rolling Window R2s and Performance Statistics for Large-cap Growth
Benchmark in Profile of the CISDM/MAR CTA Equal Weighted Universe, Underlying
Data, January 1994 to October 2004

LCG
LCG PMVD

Date R2 beta T-Stat Share

Jan-97 44% –10% –0.31 0%
Feb-97 43% –10% –0.31 0%
Mar-97 47% –6% –0.18 0%
Apr-97 45% –30% –1.08 –2%
May-97 45% –28% –1.01 –2%
Jun-97 45% –45% –1.72 –3%
Jul-97 53% –41% –1.44 –4%
Aug-97 59% –42% –1.35 –5%
Sep-97 59% –43% –1.38 –5%
Oct-97 60% –42% –1.35 –5%
Nov-97 60% –39% –1.25 –5%
Dec-97 58% –38% –1.25 –5%
Jan-98 56% –26% –0.96 –3%
Feb-98 53% –25% –0.94 –2%
Mar-98 54% –21% –0.83 –1%
Apr-98 51% –7% –0.29 0%
May-98 56% –25% –0.92 –1%
Jun-98 56% –13% –0.59 0%
Jul-98 55% –16% –0.74 0%
Aug-98 55% –12% –0.49 0%
Sep-98 58% –12% –0.46 0%
Oct-98 58% –11% –0.43 0%
Nov-98 58% –8% –0.30 0%
Dec-98 57% –7% –0.28 0%
Jan-99 58% –11% –0.42 –1%
Feb-99 43% –28% –1.28 –2%
Mar-99 43% –27% –1.20 –2%
Apr-99 53% –20% –1.02 –3%
May-99 53% –21% –1.05 –3%
Jun-99 54% –13% –0.65 –2%
Jul-99 57% –17% –0.80 –2%
Aug-99 56% –19% –0.95 –2%
Sep-99 58% –21% –1.03 –3%
Oct-99 49% –12% –0.60 –1%
Nov-99 49% –10% –0.51 –1%
Dec-99 38% –8% –0.51 –1%
Jan-00 39% –10% –0.71 –2%
Feb-00 37% –9% –0.64 –2%
Mar-00 28% –20% –1.70 –6%
Apr-00 29% –16% –1.26 –4%
May-00 30% –15% –1.19 –4%
Jun-00 27% –22% –1.83 –5%
Jul-00 21% –6% –0.69 –2%
Aug-00 19% –5% –0.58 –1%
Sep-00 19% 7% 0.89 1%
Oct-00 21% 9% 1.07 1%
Nov-00 27% 6% 0.57 0%

LCG
LCG PMVD

Date R2 beta T-Stat Share

Dec-00 27% –16% –1.37 –10%
Jan-01 28% –18% –1.53 –10%
Feb-01 25% –15% –1.37 –8%
Mar-01 29% –12% –1.01 –10%
Apr-01 33% –20% –1.54 –14%
May-01 33% –18% –1.42 –14%
Jun-01 31% –30% –2.36 –14%
Jul-01 31% –34% –2.79 –14%
Aug-01 37% –37% –2.94 –15%
Sep-01 36% –38% –3.04 –18%
Oct-01 37% –39% –3.05 –16%
Nov-01 45% –41% –2.86 –19%
Dec-01 51% –38% –2.43 –20%
Jan-02 50% –43% –2.84 –20%
Feb-02 51% –29% –1.93 –14%
Mar-02 47% –30% –2.07 –14%
Apr-02 39% –29% –2.07 –10%
May-02 38% –37% –2.75 –12%
Jun-02 47% –42% –2.53 –15%
Jul-02 45% –39% –2.41 –15%
Aug-02 45% –39% –2.42 –15%
Sep-02 46% –39% –2.40 –15%
Oct-02 47% –44% –2.59 –17%
Nov-02 51% –43% –2.40 –18%
Dec-02 52% –45% –2.43 –20%
Jan-03 49% –54% –2.70 –20%
Feb-03 49% –52% –2.62 –18%
Mar-03 56% –70% –2.83 –17%
Apr-03 56% –69% –2.74 –17%
May-03 59% –69% –2.56 –12%
Jun-03 59% –69% –2.41 –10%
Jul-03 59% –71% –2.50 –13%
Aug-03 59% –65% –2.22 –15%
Sep-03 64% –85% –2.59 –22%
Oct-03 68% –84% –2.46 –23%
Nov-03 68% –85% –2.50 –23%
Dec-03 70% –62% –1.71 –16%
Jan-04 70% –62% –1.71 –16%
Feb-04 77% –74% –1.97 –21%
Mar-04 72% –62% –1.69 –16%
Apr-04 70% –78% –2.27 –13%
May-04 70% –78% –2.23 –13%
Jun-04 70% –81% –2.18 –13%
Jul-04 59% –60% –1.81 –7%
Aug-04 54% –66% –2.06 –7%
Sep-04 55% –66% –2.07 –7%
Oct-04 56% –70% –2.14 –8%
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Analysis of Calyon Simulated Trading Indexes

The implication of the pattern shown in the CISDM/MAR subindexes
seems to be that nondiscretionary and diversified strategies have a stronger
short large-growth profile. This implication can be studied further with the
aid of a specialized set of indexes developed by Burghardt, Duncan, and Liu
(2004) that cover 40 futures markets organized into commodity, equity, for-
eign currency, and interest rate sectors. These indexes utilize historical data
to show the results of implementing completely nondiscretionary strategies
in these futures markets. One nondiscretionary strategy, the 80-day range
breakout, goes long if the price goes over the 80-day high and goes short if
the price drops below the 80-day low. These are the only conditions allow-
ing a change in position. 

Table 10.12 shows partial results of factor model profiling of all
Calyon 80-day range breakout indexes against conventional asset bench-
marks.3 Results are based on daily data over the period from January 2002
to August 2004. The model R2 is shown, along with large growth betas, T-
statistics, variance shares, and the percentage of variance explained defined
as variance share divided by the model R2. The table is ordered by sectors.
Equity sector benchmarks come first, starting with the S&P 500 and end-
ing with the Hang Seng Index. There are generally small betas and variance
shares, and no apparent pattern. Next, the interest rate sector runs from the
U.S. 30-year bond market to the Euro three-month note. Again, there is no
apparent pattern. Currencies start with the sterling and end with the peso.
Here, there is a clear short large-growth profile. A similar relationship is
clearly visible with commodities from crude oil to copper. These results are
summarized in the sector level and all-markets results shown in the bottom
five rows of the table. 

These results are not due to the specific trading strategy employed, as
similar results are obtained using indexes reflecting returns from an 80-day
moving average strategy. This strategy goes long when the price rises above
the 80-day moving average and goes short when the price goes below the
average. Neither do the results appear to be due to an inherent negative
correlation between commodities and large growth equity. For example,
the monthly correlation between the Goldman Sachs Commodity Index
and the S&P/Barra 500 Growth Index is −.005 over the 1994 to 2004
period and falls only to −.029 over the 2000 to 2004 period. Instead, it
seems that trend following itself has a negative association with large
growth performance. 
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3The dollar exchange rate is not used in these models. Also, the Russell 2000
Growth and Value indexes are utilized in place of the S&P Barra Small Cap Growth
and Value indexes.
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TABLE 10.12 Summary R2s and Performance Statistics for Large-cap Growth
Benchmark in Profile of the Calyon 80-Day Range Breakout Simulated Futures
Trading Indexes against Conventional Asset Markets, Based on Daily Data from
January 2002 to August 2004

LCG Pctg
LCG PMVD variance

Futures Market R2 beta T-Stat Share explained

S&P 500 51% 5% 2.72 3.3% 6%
CAC 40 45% –2% –1.05 –0.2% 0%
DAX 30 38% 6% 3.17 2.3% 6%
NIKKEI 225 5% –1% –1.20 0.0% 0%
AUSSIE SPX 4% –5% –10.11 –0.4% 9%
FTSE 250 40% 0% 0.00 0.0% 0%
SWEDISH OMX 6% –3% –4.87 –0.2% 3%
NASDAQ 100 18% 8% 9.37 2.0% 11%
DJ EURO STOXX 43% 3% 1.97 2.2% 5%
HANG SENG 6% –2% –4.59 –0.2% 4%
US 30 YEAR 12% 3% 2.16 0.8% 7%
US 10 YEAR 26% 0% 0.12 0.2% 1%
GERMAN BUND 16% 1% 0.94 0.0% 0%
GERMAN BOBL 15% –3% –2.08 –0.1% 1%
AUSSIE 10 YEAR 8% –1% –4.83 –0.8% 10%
UK 10 YEAR GILT 12% 3% 2.98 0.0% 0%
JAPAN 10 YEAR 2% 3% 7.87 0.1% 6%
JAPAN 3 MONTH 3% –1% –6.81 –0.2% 7%
US 3 MONTH 43% 0% 0.98 0.1% 0%
EUROPE 3 MONTH 11% –4% –5.31 –0.3% 3%
UK SHORT STERLING 5% –5% –8.89 –0.4% 8%
AUSSIE 3 MONTH 2% 0% –9.10 –0.1% 7%
JAPANESE YEN 7% –13% –13.51 –1.0% 14%
EURO 18% –18% –7.70 –2.3% 13%
SWISS FRANC 11% –10% –6.25 –2.1% 18%
BRITISH POUND 18% –19% –9.10 –1.9% 10%
AUSTRALIAN DOLLAR 20% –25% –11.75 –3.2% 16%
CANADIAN DOLLAR 13% –35% –15.28 –2.9% 22%
MEXICAN PESO 5% 3% 4.58 0.3% 6%
CRUDE OIL 6% –24% –16.70 –1.3% 21%
NATURAL GAS 4% –14% –11.12 –0.5% 14%
SUGAR 2% 6% 10.96 0.2% 9%
HEATING OIL 7% –21% –13.23 –1.0% 14%
COTTON 1% –2% –3.18 –0.2% 13%
CORN 3% –1% –0.93 0.0% 0%
COFFEE 3% –2% –6.49 –0.2% 9%
SOYBEANS 2% –4% –4.54 –0.2% 9%
GOLD 10% –26% –12.83 –2.4% 23%
COPPER 5% –6% –7.04 –0.2% 5%
EQUITY SECTOR 41% 8% 0.79 1.1% 3%
INTEREST RATE SECTOR 23% –4% –0.51 0.0% 0%
FOREX SECTOR 22% –116% –11.33 –3.2% 15%
COMMODITY SECTOR 9% –93% –14.97 –2.0% 22%
PORTFOLIO 27% –205% –8.31 –4.0% 15%
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An important fact that does not fit into the picture that has been devel-
oped here is that the profile of the Calyon simulated breakout indexes
against large value yields substantially similar results. For example, the all-
market beta is –201 percent versus –205 percent for large growth, the T-sta-
tistic for this beta is -8.00 versus –8.31 for large growth, and the variance
share is -3.05 vs. –3.99 percent for large growth (with 0.27 R2). This is
problematic inasmuch as the standard indexes have a long profile against
large value, as shown in Table 10.9. 

One possible explanation would be that the relationship somehow
reverses when aggregating to monthly sampling frequency. Analysis of daily
CTA indexes provides mixed support for this idea. The S&P Managed
Futures Index has a similar profile as the monthly indexes shown in Table
10.9. The Calyon-Barclay CTA Index, however, shows a strong short large-
value profile. 

CONCLUSION 

This chapter has examined the profile hedge fund indexes and conventional
asset markets in three cases: the daily performance of indexes representative
of the universe of hedge fund strategies, the monthly performance of short
sellers, and the monthly performance of traders that primarily utilize
futures contracts. In each case, notable relationships with conventional
asset markets are observed. 

The daily data analysis demonstrates relatively high-frequency style tilts
can be observed in aggregate indexes. These tilts could be deliberate timing
of market exposures by hedge fund managers or incidental to other strate-
gies. Regardless, from the perspective of institutional portfolio management,
these exposures need to be monitored and, if necessary, corrected for
through futures overlays or adjustment of the conventional asset portfolio.

The identification of high-frequency style tilts reinforces the perspective
of Asness, Krail, and Liew (2001) in an unexpected way. Their central mes-
sage is that hedge funds are more correlated with conventional asset mar-
kets than we think. The results developed here imply that a hedge fund
could have a low profile based on monthly data and still have a very large
market profile when analyzed with high-frequency data. This suggests the
possibility that systemic market events could have unexpectedly large
effects on funds with quickly changing market exposures. The daily data
analysis also shows that index design decisions can have large effects on
index market exposures. 

The analysis of short-selling indexes demonstrates that indexes for the
same strategy can have significantly different properties. The implied net
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position of these indexes ranges from 53 to 139 percent short. It also
appears that there is considerable variation in style exposure, which should
be taken into account when deciding which benchmark to use. Yet, there
are significant commonalities in the indexes studied, such as the apparent
tendency to be short growth as opposed to value stocks, to have high model
R2 values, and to have a very low profile against nonequity factors except
for cash and international equity. Such commonalities should provide some
confidence in index providers and the analytical methods used here.

The analysis of indexes of futures traders provides a new perspective on
the widespread belief that managed futures provide a hedge for equity
investments and of analyses such as Chance (2003) that focus on relation-
ships with futures indexes as opposed to trading strategies. It is demon-
strated that most of this hedge has been against the large-cap growth sector
in recent years. This is a robust effect that appears strongest in indexes of
nondiscretionary traders. Analysis of Calyon indexes that document the
performance of simple trading rules appear to support the idea that trend
following tends to generate a hedge against the large-growth sector. These
results are, however, problematic in that they imply a similar short profile
against large value when the opposite is observed in indexes of real traders.
More research on this subject clearly appears warranted.

These results have implications for portfolio management, hedge fund
performance evaluation, and our conception of hedge funds and their rela-
tionship to conventional investments. Most fundamentally, these results
further reinforce the perspective that hedge funds are vehicles for concen-
trated active management rather than generators of absolute return uncor-
related with conventional markets. Rather than providing insulation from
conventional markets, most hedge funds are intimately connected. Active
management generates market exposures unless, and perhaps, even if care
is taken to minimize them. Thus, an important current limit to the rate of
growth of hedge fund investment is the degree to which the market expo-
sures of a portfolio with a given percentage invested in hedge funds can be
as prudently managed as a portfolio without hedge funds. 
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c10_gregoriou.qxd  6/23/05  3:43 PM  Page 233



CHAPTER 11
Applying Securitization

Technology to Hedge Funds 
Paul U. Ali

Collateralized fund obligations (CFOs) represent the application to hedge
funds of the Collateralized Debt Obligation (CDO) technology used by

banks to securitize corporate loans. CFOs have been pioneered by the Man
Group, the world’s largest hedge fund company, and the Bahrain-based
Investcorp Asset Management. For hedge fund managers, CFOs facilitate
the taking of leveraged positions by enabling them to obtain low-cost fund-
ing from investors in the capital markets. For investors, CFOs offer similar
diversification benefits to investments in hedge funds and funds of funds
but in the form of credit-rated, debt securities. This chapter explains the
legal structure of CFOs, considers the relevance of innovations in CDOs to
hedge fund securitizations, and discusses the key legal issues arising out of
the repackaging of hedge funds in this manner.

INTRODUCTION 

One of the most exciting developments in the global investment markets
has been the convergence of the hedge fund and securitization sectors. Over
the last three years, the securitization technology routinely used by banks to
remove loans from their balance sheets and finance fresh lending has been
applied to hedge funds. This has led to the creation of a new class of secu-
ritizations known as collateralized fund obligations (CFOs), pioneered by
the Man Group, the world’s largest hedge fund company, and the Bahrain-
based Investcorp Asset Management in 2002.
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CFOs, like more conventional securitization transactions, permit the
conversion or “securitization” of relatively illiquid assets (hedge fund
investments that typically comprise unlisted equity interests in companies,
trusts, and limited partnerships) into a form—debt securities—for which
there is a significantly more liquid secondary market. This is a potential
“win-win” situation for all parties. For hedge fund managers, CFOs offer
the opportunity to broaden their investor base and also facilitate the taking
of leveraged positions by enabling them to obtain low-cost debt funding
from investors in the capital markets. For investors, CFOs offer analogous
diversification benefits to equity investments in hedge funds but in the form
of credit-rated debt securities that can be traded in the secondary market.

This chapter explains the legal structure of these securitized hedge
funds and discusses the key issues for investors in CFOs.

GENERIC CFO STRUCTURE

Securitizing a Hedge Fund

CFOs are structured as market value cash securitizations. What this means
is that a CFO has two key attributes: The investors in a CFO obtain actual
or cash exposure to a pool of underlying hedge funds, and the claims held
by the investors are serviced by the cash flow derived from actively manag-
ing the investments in the hedge funds, that is, from the appreciation of the
capital or market value of those investments.

At the center of a CFO, as in all securitizations, is a special purpose
vehicle (SPV). This SPV can take the form of a company, trust, or limited
partnership, but, whatever type of entity that is chosen, that entity must be
structured in such a way to ensure that its assets and liabilities will not be
consolidated with the assets and liabilities of the party sponsoring the CFO,
on the bankruptcy of the latter or for accounting purposes (Moody’s
Investors Service 2003). In other words, the SPV must be a bankruptcy-
remote, off–balance sheet entity.

The SPV has two limited purposes:

1. To issue debt securities to investors in the capital markets
2. To invest the subscription proceeds of those debt securities either

directly or indirectly in a pool of hedge funds

These proceeds are invested, typically by the sponsor of the CFO
(which is itself a hedge fund manager), for the SPV in equity interests in a
fund of hedge funds managed by the sponsor. The rationale for the use of
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a fund of hedge funds in a CFO and the investor issues arising out of that
are discussed later in this chapter.

The exposure to hedge funds achieved by investing in a fund of hedge
funds can be replicated through the entry by the SPV into a total return
swap. Under the swap, the SPV would, in exchange for making certain fixed
payments to a swap dealer, receive variable amounts linked to the perform-
ance of a notional pool of hedge funds. These total return swaps have been
used in some private, unrated CFO structures but, by far, the more common
means of securitizing hedge funds, particularly in rated CFO structures, is
through the use of an intermediated fund of hedge funds.

The principal and interest payments on the debt securities are serviced
mainly out of the cash flow generated by the secondary sale or, more com-
monly, the redemption of the equity interests held by the SPV in the fund of
hedge funds—with such redemptions, in turn, being financed by the sec-
ondary sale or redemption of the equity interests in hedge funds held by the
fund of hedge funds. The debt securities will, on maturity, be similarly
redeemed for cash out of the proceeds of the sale or redemption of the
SPV’s equity interests in the fund of hedge funds. It is therefore essential
that the fund of hedge funds is sufficiently liquid to permit the redemptions
required to service the debt securities (Fitch Ratings 2003). The putative
liquidity benefits of the fund of hedge funds structure is also discussed in
the next section.

The debt securities issued in a CFO transaction are, in common with
the debt securities issued in other securitizations, limited recourse securities.
Accordingly, the claims of the investors against the SPV are limited to the
amount generated from the sale or redemption of the equity interests held
by the SPV, and the SPV is not liable to the investors for any shortfall on
the principal amount of the debt securities following the distribution of the
sale or redemption proceeds.

Investor Interests in Hedge Funds and CFOs

The key difference between a CFO and a hedge fund relates to the nature
of the interests held by the investors. In the case of a hedge fund, the con-
tributions of the investors to the capital of the fund are pooled and invested
on their behalf by a third party (the manager of the hedge fund). In
exchange for these contributions, the investors become members of the
hedge fund; that is, they receive equity interests in the fund. The investors
enjoy certain reserve powers, flowing from their membership of the fund,
to intervene in the management of the fund (the key powers being the abil-
ity to remove the manager and terminate the fund). Moreover, the investors,
through their equity interests, are fully exposed to the performance of the
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fund and the business and portfolio risks associated with the fund. They
have a variable claim against the assets of the fund that is correlated to the
capital value of the fund’s assets. Accordingly, the investors fully participate
in any over- or underperformance of the fund’s portfolio, and, as members,
their claims against the fund are subordinated to the claims of creditors.

In the case of a CFO, the contributions of investors are pooled by the
securitization vehicle (the SPV) and invested on their behalf. However, 
the investors in a CFO do not obtain equity interests in the SPV. Instead,
they receive debt instruments issued by the SPV and are thus creditors, not
members, of the SPV. Accordingly, outside of a default by the SPV in the
performance of its obligations to the investors, the investors have no right
to intervene in the management of the SPV. In addition, the investors have,
in general, only a fixed claim against the SPV, meaning that the quantum of
their claims is not reduced by the underperformance of the SPV’s portfolio
of hedge fund investments (although the likelihood of the claims being met
may be adversely affected). Nor does the overperformance of that portfolio
result in an increase in the quantum of their claims. Further, as creditors,
their claims against the SPV rank ahead of the claims of the members of 
the SPV.

In reality, the SPV in a CFO, in the same manner as the vehicles used in
other securitizations, will usually only have nominal members. It is the
creditors, not the members, that provide the capital utilized for investment
by the SPV. The members are necessary only for the purposes of establish-
ing the SPV as a bankruptcy-remote off–balance sheet entity, by providing
the minimum capital required to incorporate a company, settle a trust or
establish a partnership and a particular ownership structure for the entity.

Investor Protection: Credit-Tranched Securities

In common with other securitizations, the debt securities issued in a CFO
are often credit-tranched. Credit-tranching is the division of the debt secu-
rities into differentially rated classes or tranches, with the higher-rated or
more senior tranches of securities having a superior claim against the SPV.
The lower-rated or more junior tranches of securities therefore insulate the
more senior tranches against loss. Consequently, the coupon payable on a
particular tranche differs in inverse proportion to the ranking of that
tranche vis-à-vis other tranches.

Tranching is generally effected through the combination of a security
interest and a priority agreement. The SPV grants a security interest over its
assets to an independent security trustee for the benefit of the investors.
However, the different tranches of debt securities do not share equally in the
benefit of this security interest: The junior tranche’s entitlement to principal
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and interest is limited to the residue remaining after principal and interest
on the more senior tranches have been paid in full, and the mezzanine
tranche’s entitlement is likewise limited to the residue remaining after prin-
cipal and interest on the senior-most tranche have been paid in full.

In a CFO, the junior tranche may be structured as a hybrid of debt and
equity. Like the investors in the other tranches, the holders of the junior
tranche of securities are normally creditors, not members of the SPV, in that
the rights attached to the securities do not include rights to intervene in the
management of the SPV. However, the coupon on the securities and the
principal amount for which they will be redeemed on maturity may be more
equitylike in character, with both the coupon and principal amount being
linked to changes in the capital value of the SPV’s assets.

Investor Protection: Principal-Protected Securities

The senior-most tranche of securities in a CFO may also be protected
against the loss of principal on the maturity of the securities. This is usually
achieved through the credit-wrapping of that tranche by a monoline insurer
(Wachovia Securities 2003). Alternatively, principal protection can be
achieved by allocating part of the subscription proceeds received by the SPV
to either a static or dynamically managed portfolio of riskless assets (i.e.,
zero-coupon U.S. Treasury securities), to ensure the return of an amount
sufficient on maturity to repay the principal amount of the principal-
protected tranche in full (Wachovia Securities 2003). However, the utiliza-
tion of the subscription proceeds to pay premiums to a monoline insurer or
purchase riskless assets may depress the overall return of the SPV’s assets,
thus eroding the benefits of investing in CFO securities.

SECURITIZING A FUND OF HEDGE FUNDS

Although the performance of equity interests in hedge funds can be repli-
cated through the use of hedge fund swaps, it is more common for CFOs to
be structured around an actual, as opposed to a notional, portfolio of hedge
fund investments. The debt securities issued by the SPV are therefore serv-
iced by the cash proceeds from the realization or redemption of the under-
lying hedge fund investments, rather than by the cash flow generated by a
collateralized hedge fund derivative.

The investment in the hedge funds is usually accomplished through the
SPV utilizing the subscription proceeds to acquire equity interests in a fund
of hedge funds. A fund of hedge funds is a pooled intermediation vehicle
that, itself, invests in diversified pool of hedge funds.
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The chief asset being securitized—namely, the fund of hedge funds—is
no different in its legal structure from a mutual fund that invests in other
mutual funds. Moreover, funds of hedge funds commonly adopt the same
vehicles used by conventional funds of funds (unit trusts and limited liabil-
ity companies), but, unlike the latter, these vehicles are usually incorporated
in an offshore jurisdiction for the same reasons as hedge funds themselves
make use of those jurisdictions. These reasons include maintaining confi-
dentiality about the performance, asset allocation, and proprietary trading
techniques of the hedge fund and also the investors in the hedge fund, as
well as enabling the hedge fund to minimize the taxation impact of trades
and investor redemptions (Ali, Stapledon, and Gold 2003). The most com-
mon offshore jurisdictions for funds of hedge funds are the Cayman Islands,
the British Virgin Islands, Bermuda, and the Bahamas (Nicholas 2004).

The rationale for using an intermediated vehicle to obtain exposure to
hedge funds rather than investing directly in hedge funds is examined next
(Ali 2004).

Rationale for Funds of Hedge Funds

The key attraction of a fund of hedge funds is the access it offers to hedge
funds. Hedge funds, in general, demand substantial minimum investments
and, once they have reached what the fund manager considers to be an opti-
mum size, will be closed to new investors.

The minimum investment requirement for an individual hedge fund is
not a problem for the SPV, but it may well be an amount higher than what
the SPV wishes to allocate to an individual hedge fund or a particular hedge
fund strategy. The fund of hedge funds enables the SPV to obtain exposure
to hedge funds without having to commit a substantial amount to an indi-
vidual hedge fund (since the minimum investment requirements for funds of
hedge funds are usually significantly lower than those for hedge funds), and
the SPV’s investment in a fund of hedge funds will be spread across a pool
of hedge funds. In addition, the SPV can obtain exposure to hedge funds
that are no longer accepting new investors by investing in a fund of hedge
funds that is, itself, an existing investor in those closed hedge funds.

A further advantage offered by a fund of hedge funds to the SPV (and
thus also the investors in the securities issued by the SPV) is increased 
liquidity. A fund of hedge funds can be viewed as a secondary market in 
the hedge funds in which it is invested. It therefore provides a means for the
SPV to terminate its exposure to those hedge funds, through the redemption
or buy-back of its equity interests in the fund of hedge funds.

Hedge funds are characterized by limited liquidity. They prescribe min-
imum holding or lockup periods for investments and will redeem the equity
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interests of investors only within specified exit windows and then only after
lengthy advance notice. Funds of hedge funds, in contrast, permit more fre-
quent investor exit and do not generally impose lockups. It is also more
common for a fund of hedge funds to be listed on an official exchange than
it is for a hedge fund. This secondary market provides an additional means
of exit for the SPV, which can sell its equity interests in a listed fund of
hedge funds on the exchange to incoming investors.

Yet another advantage of the fund of hedge funds structure for the SPV
and its investors is that it introduces an independent third party (the fund
manager) between the SPV and the underlying hedge funds. This fund man-
ager is better placed than the SPV, due to expertise and resources and, in
many instances, the relationship with the managers of the underlying hedge
funds, to monitor the performance of those hedge funds. In particular, the
fund manager is likely to be able to discern drawdowns, style drift, and the
excessive use of leverage more readily than the SPV.

Investor Issues

The fund of hedge funds structure is, however, not without significant
drawbacks (Ali 2004). It is essential that these are understood by the
prospective investors in CFOs.

The first concern is a corollary of investing in a vehicle that, in turn,
invests in a purportedly diversified pool of investments. The diversification
benefits of investing in a fund of hedge funds are vulnerable to two factors.
The fund of hedge funds may be overdiversified or spread across too many
hedge funds or hedge fund strategies. This may result in a dilution of the
contribution of the individual hedge funds to the overall return on the fund
of hedge funds and will, in turn, undermine the diversification benefits to
the SPV of investing in the fund of hedge funds (Lhabitant and De Piante
Vicin 2004). In addition, there is a risk of multiple duplication of positions
within the hedge funds invested in by the fund of hedge funds (Lhabitant
2004). Should that occur, the returns of the hedge funds will tend to be
more strongly correlated to each other, undermining the diversification ben-
efits accruing to the fund of hedge funds and, consequently, the SPV.

A second concern arises in respect of the putative liquidity benefits
offered by funds of hedge funds. The increased liquidity of an investment in
a fund of hedge funds over a direct investment in hedge funds carries with
it an implicit cost. In order for a fund of hedge funds to offer greater liq-
uidity (in essence, less stringent exit conditions) than the hedge funds in
which it invests, the manager of the fund of hedge funds must maintain a
cash buffer to finance the redemption of the equity interests of the SPV and
other exiting investors. This cash buffer may seriously detract from the
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performance of the fund of hedge funds, by diluting the fund’s investment
returns. An alternative solution is for the fund of hedge funds to provide
enhanced liquidity by investing hedge funds that themselves offer less strin-
gent exit conditions. However, this may lead to the fund of hedge funds
overselecting hedge funds that invest in liquid exchange-traded securities
and futures contracts and underselecting hedge funds that invest in illiquid
securities and futures contracts and in over-the-counter derivatives. This,
again, may have serious adverse consequences for the performance of the
fund of hedge funds (Ineichen 2003).

There is also the risk that the introduction of an intermediated vehicle
between the SPV and the hedge funds to which the SPV is seeking expo-
sure may, of itself, undermine the putative liquidity benefits of a fund of
hedge funds. The presence of an intermediated vehicle may adversely affect
the ability of the SPV to terminate its exposure to the underlying hedge
funds in a situation of a sharp market downturn. This is because the SPV
will, in essence, be seeking to redeem an interest in an interest—the former
is the SPV’s equity interest in the fund of hedge funds and the latter is the
equity interest of the fund of hedge funds in the underlying hedge funds
(Ali, Stapledon, and Gold 2003). Exiting the former interest depends on
being able to exit the latter interest, and the exiting of that latter interest,
in turn, depends on compliance with the exit requirements of the underly-
ing hedge funds and those hedge funds, themselves, being able to exit their
own investments in a falling market and thus finance the redemption of
equity interests in the hedge funds. Financing redemption is accentuated by
the fact that hedge funds are typically fully invested and thus do not main-
tain cash buffers.

A third concern with the fund of hedge funds structure relates to the
cost to the ultimate investors: the investors in the securities issued by the
SPV. The SPV, in common with all investors in a fund of hedge funds, will
be paying two sets of fees (Brown, Goetzmann, and Liang 2004). The first
set of fees are those paid directly by the SPV to the manager of the fund of
hedge funds; the second set relates to the fees levied on the fund of hedge
funds by the managers of the underlying hedge funds.

Finally, funds of hedge funds, like all pooled investment vehicles,
expose the SPV and other investors to the decisions of their fellow investors.
An investor exits a fund of hedge funds usually by redeeming its equity
interests in the fund, and the redemption of those interests must be
financed, as noted, out of either a cash buffer or by the redemption of the
fund’s investments in the underlying hedge funds. The latter incurs trans-
action costs and may also lead to the crystallization of a capital gain, both
of which will be borne by the remaining investors in the fund of hedge
funds, although some or all of the transaction costs may be recouped by the
levying of an exit fee.
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CONCLUSION 

Collateralized fund obligations have the potential to deliver a mutually ben-
eficial result for both hedge fund managers and investors. The application
of tried-and-tested bank securitization technology to hedge funds enables
fund managers to expand their institutional investor base and also obtain
low-cost debt funding for their investment activities. For their part, institu-
tional investors that face regulatory or constitutional limitations on invest-
ing in the unlisted equity interests in hedge funds can nonetheless obtain
exposure to hedge funds by investing in the rated debt securities issued in a
CFO transaction.

However, investors need to be aware that the upside potential on their
CFO investments is limited relative to taking an equity position in a com-
parable hedge fund. Moreover, as CFOs normally create exposure to hedge
funds through an intermediated fund of hedge funds, investors need also to
be familiar with the advantages and disadvantages of the fund of hedge
funds structure, especially in relation to the fee structure and the stated
diversification and liquidity benefits of those funds. 
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CHAPTER 12
Maximum Drawdown

Distributions with 
Volatility Persistence 

Kathryn Wilkens, Carlos J. Morales, 
and Luis Roman

This chapter investigates the behavior of the volatility of various classes of
fund returns and the corresponding distribution of drawdowns. Where

volatility persistence is indicated, the distribution of maximum drawdowns
implies a greater likelihood of larger losses. Monte Carlo simulations are
used to hold the mean and standard deviation of hypothetical fund returns
constant and verify the empirically observed impact of volatility persistence.
The relationship between maximum drawdowns and volatility persistence
and kurtosis is stronger for single-strategy funds and is not indicated for
diversified funds.

INTRODUCTION 

It is widely recognized that hedge funds and managed futures have unique char-
acteristics that pose challenges to risk management. In particular, the highly
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active and complex nature of their investment process can result in returns
with nonconstant volatility and nonnormal return distributions. Because the
return distributions may not be symmetrical, hedge fund investors and risk
managers are concerned with downside volatility. Drawdown statistics are
also a practical measure of liquidity risk, consistent with the nature of in-
vestments that are marking to market and using stop orders to control risk. 

We define drawdowns as the maximum percentage loss occurring be-
tween two high-water marks. A high-water mark is said to occur when the
net asset value is higher than values preceding and following it.* In this
chapter, we analyze distributions of maximum drawdowns with historical
fund returns and Monte Carlo simulations. Our results replicate those of
previous studies, showing that the maximum drawdown will be larger with
a lower mean, higher standard deviation, and longer track record. 

The focus of this study, however, is on the impact of volatility persist-
ence, which provides a partial explanation for the observation of excess
kurtosis (fat tails) in asset returns. Previous studies have shown that kurto-
sis in fund returns does not impact the distribution of maximum draw-
downs. We present evidence that seems to indicate that kurtosis does
impact maximum drawdown distributions, but recognize that persistence in
volatility may provide a partial explanation. In particular, it is interesting to
note that kurtosis influences maximum drawdowns for individual funds,
but not for funds of funds. Funds of funds have an average kurtosis similar
to individual funds, but are less likely to exhibit volatility persistence. We
also present some evidence on which strategies are more likely to exhibit
persistence in volatility than others.

PREVIOUS LITERATURE 

There exists an extensive literature on the subject of drawdowns, ranging
from the anecdotal to the rigorous, from the simple to the arcane. An
important contribution in assessing the distribution of drawdowns is made
by Burghardt, Duncan, and Liu (2003). In this work, the authors explore
variables that are potential determinants of drawdown distributions. In par-
ticular, they find that length of track record, mean return, and the size of
the volatility of a manager’s returns account for differences in drawdown
distributions. They also find that skewness and kurtosis in a return series
do not affect the distribution. The expected size of a drawdown correlates
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*The standard definition used with commodity trading advisors is from peak to
trough. Our defintion is similar, and we concentrate on maximum drawdowns,
making any difference in definitions inconsequential.
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negatively with the mean return and positively with volatility. In addition,
the authors observe that managers may deleverage when in a downturn,
lowering their volatility. This suggests that the volatility in a manager’s
return might be changing over time. They pose as questions for further
research how changes in a manager’s volatility would affect the distribution
of drawdowns and maximum drawdowns, and how accounting for serial
correlation in a series might affect those distributions. In this work, we take
on some of these issues by exploring the distribution of maximum draw-
downs within a Generalized Autoregressive Conditional Heteroskedasticity
(GARCH) framework, which accounts for time-varying volatility and is
related to the presence of fat tails in returns.

In a recent contribution on the subject, Lopez de Prado and Peijan
(2004) explore the effects of nonnormality as well as serial correlation
assumptions in the return series to measures of risk based on drawdowns.
They find via a simulation study that risk is usually underestimated (in the
form of value at risk [VaR], or percentile estimates of drawdowns) when
the distribution of returns is not normal (in particular, they assume that
returns follow a mixture of normal distributions). Furthermore, if returns
are assumed to follow an ARIMA(p,1,q) process, measures such as VaR do
not fully capture all dimensions of risk in the market, so they suggest using
measures based on drawdowns instead. While these authors explore both
non-Gaussian and time dependence, they suggest that hedge fund returns
exhibit, in addition, conditional volatility regimes. They claim that these
different volatility regimes can be captured via their mixture model. In this
chapter, in contrast, we explore directly the possibility that a hedge fund
return’s departure from Gaussian might be appropriately modeled by a
GARCH process and investigate, under this paradigm, the distribution of
drawdowns and maximum drawdowns.

On a more technical note, de Melo Mendes and Leal (2003) consider the
distribution of maximum drawdowns under the assumption of an integrated
GARCH model process for the returns series. They choose a parametric
model for the distribution of maximum drawdowns based on extreme value
theory. In particular, they assume that the distribution of maximum draw-
downs follow a modified generalized Pareto distribution. Using simulated
data from integrated GARCH, they estimate parameters for this distribution
using maximum likelihood. Analyzing data from Nasdaq and the British
Financial Times Stock Exchange (FTSE), they note that extreme maximum
drawdowns tend to occur during periods of high volatility. They also point
out, however, that uncharacteristic drawdowns are also possible in periods
of relatively low volatility. In this chapter, while we consider the behavior of
maximum drawdowns under a GARCH model for the returns, we do not
assume a parametric form for the distribution of maximum drawdowns.
Furthermore, we analyze fund returns rather than stock returns.
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DATA AND METHODOLOGY

We use fund return series from the Center for International Securities and
Derivatives Markets (CISDM) database that have track records with a min-
imum of two years and that start no later than January 1985. The data
series ends in July 2004. These criteria yield a total of 2,071 individual
funds and include several distinct hedge fund strategies, commodity trading
advisors (CTAs), and funds of funds (FoFs). The summary statistics are pre-
sented in Table 12.1. 

The maximum drawdowns, track records, and summary statistics are
calculated for each fund. The entire sample is divided into two groups based
on the Ljung-Box-Pierce Q-test (LBQ test) for a departure from random-
ness. We later use a dummy variable to distinguish between the group that
fails to be rejected by the LBQ test and the group of funds that does not.
Funds that are rejected by the test of randomness exhibit volatility persist-
ence through the autocorrelation functions of the squared residuals from
the mean. This is a common preestimation step for determining if auto-
regressive conditional heteroskedasticity (ARCH) effects exist in the data
and provides results that are identical to Engle’s ARCH test. We test several
lags at 5 and 10 percent significance levels. We find that 21.6 percent of the
funds in the sample have volatility persistence in their monthly returns at
the 5 percent significance level, and volatility persistence is indicated in 30.7
percent of the funds at the 10 percent significance level. In the results pre-
sented here, we work with the larger sample. Although the results are sim-
ilar, inferences made from working with the larger subsample of funds is
actually more conservative than working with the smaller group at a more
stringent LBQ test significance level because we are interested in comparing
the two groups.

We graph the frequency distributions of the maximum drawdowns for
various groups of funds. We form samples based on length of track record,
presence of volatility persistence, and fund strategy classification. We also
run simple regressions with maximum drawdown as the dependent variable
and confirm previous findings relating to mean and standard deviation, and
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TABLE 12.1 Overall Summary Statistics

Monthly Track Average Standard
Data Record Return Deviation Kurtosis

Min 24 –2.302% 0.0063% –1.2578
Max 235 6.224% 28.66% 83.983
Average 83.8 1.0247% 3.998% 3.6182
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present new evidence on the impact of kurtosis on maximum drawdowns.
In addition, we calculate the relative frequency of indications of volatility
persistence among various fund strategies. Monte Carlo simulation results
can be viewed as representing the theoretical maximum drawdown distri-
bution for a single hedge fund obtained from multiple return histories cali-
brated with a mean and unconditional volatility representative of monthly
hedge funds. These results are used to confirm the inferences drawn from
the historical returns. This evidence, combined with the regression results
on fund of funds, managed futures, and hedge fund strategies allow us to
draw conclusions about the related impacts of kurtosis and volatility per-
sistence on drawdown distributions. 

RESULTS

Figure 12.1 illustrates the distribution of maximum drawdowns for all
funds that do not exhibit volatility persistence as measured by the LBQ
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statistic. This group of funds is divided into three groups based on the
length of the track record. Consistent with Burghardts, Duncan, and Liu
(2003), the graph illustrates the tendency for funds with a longer track
record to have a larger likelihood of experiencing larger drawdowns. Fig-
ure 12.2 shows that this intuitive result also holds for the group of funds
that exhibits return volatility persistence. 

Figure 12.3 indicates that funds that exhibit volatility persistence have
a higher likelihood of experiencing a greater maximum drawdown. We find
this interesting because previous studies have shown that kurtosis does not
affect the distribution of theoretical maximum drawdowns, and volatility
persistence is associated with fat tails. We are not aware of any other study
that illustrates this empirical result. The analysis that follows focuses on
investigating causes for this result.

In Table 12.2 we examine the relative frequency of funds that exhibit
volatility persistence in various strategy classifications. The average fre-
quency is 30.7 percent. Classifications that contain more than 30.7 percent
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of the funds that exhibit volatility persistence include currency and financial
CTAs and almost all of the hedge fund strategies, particularly short sellers.
Hedge funds that do not exhibit a lot of volatility persistence include mar-
ket-neutral and event-driven strategies. Volatility persistence also occurs
with less frequency than average in fund of funds, diversified CTAs, and
guaranteed products. One difficulty in this analysis is that while no fund is
double-counted, the categories sometimes overlap. For example, an offshore
fund may also be a currency CTA, but this classification system does not
make the distinction. Nevertheless, we are able to draw the broad conclusion
that volatility persistence seems more prevalent in less diversified funds.

In Figure 12.4 we graph simulation results to confirm the inference from
the historical returns that volatility persistence impacts the distribution of
maximum drawdowns. Two sets of 1,000 monthly returns representing an
eight-year track record are simulated, each with a mean and unconditional
volatility approximating the average of the entire sample (see Table 12.1). 
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The first set represents the case of no volatility persistence: rt = mt + stet,
where s = .04, m = 0.01, and E[et] = 0 with a unit variance. The second set
is simulated based on a return-generating model where the variance is
described by a GARCH (1,1) process:

(12.1)

where G = .3
A = .5
k = 0.00035
m in the return-generating process = 0.01.

While in both cases the theoretical mean and standard deviations are
0.01 and 0.04, the empirical mean and standard deviation for the first and
second set of simulated returns are 0.010089 and 0.041992 and 0.01009
and 0.040036, respectively. The slightly lower standard deviation for the

σ κ σ εt t tG A2
1

2
1

2= + +− −
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TABLE 12.2 Frequency of Volatility Persistence by Hedge Fund Strategy

w/VolPers Total

FoF 132 454
Futures–CTA-Agricultural/Energy/Metals 2 15
Futures–CTA-Currency 17 33**
Futures–CTA-Diversified 40 138
Futures–CTA-Financial-Stock Index 25 68*
Futures–Public-Guaranteed U.S. & Non 2 7
Futures–Public-Offshore 24 104
Futures–Public–U.S. Closed & Open 20 46*
Futures–Private–U.S. Closed & Open 32 90*
Hedge Fund–Non & U.S.-Event Driven 37 153
Hedge Fund–Non & U.S.-Global Macro 15 45*
Hedge Fund–Non & U.S.-Global Emerging 32 101*
Hedge Fund–Non & U.S.-Global Established 95 281*
Hedge Fund–Non & U.S.-Global International 16 35**
Hedge Fund–Non & U.S.-Long Only 3 8*
Hedge Fund–Non & U.S.-Market Neutral 99 370
Hedge Fund–Non & U.S.-Sector 32 107
Hedge Fund–Non & U.S.-Short-Sales 13 16***
Total 636 (30.71%) 2071

*More likely to exhibit persistence in volatility of monthly returns.
**At a 5 percent level.
***At a 1 percent level.
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second set of returns errs on the side of being conservative. The empirical
excess kurtosis for the first set is close to zero at 0.1377, while the kurtosis
for the second set is a much higher 1.996. The simulation results clearly
illustrate that the returns with volatility persistence have a larger likelihood
of a larger maximum drawdowns, confirming our results with historical
returns. Because excess kurtosis is associated with the model’s volatility per-
sistence, we return to the historical returns to further investigate the rela-
tive impacts on maximum drawdowns.

In Table 12.3 we group the entire sample into three subsets: 454 fund
of funds, 501 managed futures, and 1,116 hedge fund strategies. On aver-
age, each group exhibits kurtosis of 3.95, 2.35, and 4.05, respectively. Ordi-
nary least squares (OLS) regression analyses are performed for each of the
three groups where maximum drawdowns are the dependent variable. For
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all three analyses, the independent variables discussed in Burghardt, Dun-
can, and Liu (2003) are significant: mean, standard deviation, and length of
track record. Kurtosis and a dummy variable for volatility persistence are
insignificant in the case of fund of funds, which is also consistent with those
authors’ results. However, both kurtosis and the dummy variable are sig-
nificant for the second two groups. 

CONCLUSION

We conclude that in less diversified strategies, there is more evidence of
volatility persistence in fund returns and that this persistence increases the
size of drawdowns. While volatility persistence and kurtosis are related 
and kurtosis remains present across all funds, they do not impact draw-
downs in funds of funds. We attribute this discrepancy to a diversification
affect. In summary, while we cannot make any definitive statements about
the impact of kurtosis on drawdown distributions, we note that kurtosis
and the presence of volatility persistence are positively related and that
these effects do appear to impact the distribution of drawdowns in funds
that are less diversified. 
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PART

Three
Risk and Performance

Measurement

Chapter 13 presents a literature review of current studies of hedge fund
performance. It examines the biases found in hedge fund databases and

explains how survivorship bias is usually calculated in academic studies. It
also explains that performance persistence in hedge fund returns is usually
short-lived and often due to the fact that losing managers continue to lose,
rather than to winners repeating. Linear asset factor models, as applied to
hedge funds, are examined and discussed. The chapter also explains why
hedge funds have proven to be effective portfolio diversifiers. Finally, it ends
with a discussion on the survival analysis of hedge fund lifetimes, an area
of research that is only beginning to appear in the academic literature.

Chapter 14 looks at investors who make the decision to invest in
hedge funds. They often look first to multimanager vehicles such as funds
of hedge funds and, increasingly, index funds. Indeed, multimanager vehi-
cles broaden the appeal of hedge funds to include both smaller investors (or
allocations) and those with limited time and staff. This chapter examines
the factors involved in choosing between single-manager hedge fund port-
folios and prepackaged multimanager investments, as well as the specific
benefits and drawbacks of each method of investing.

Chapter 15 provides a new look at the performance persistence of
hedge fund managers. The existence of persistence among individual and
hedge funds portfolios is mainly observed over one- to three- month hori-
zons. This hot-hand effect vanishes as the horizon lengthens. The authors
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on previous research use an arbitrage pricing theory framework to adjust
for risk, finding a slight overreaction pattern at long-term horizons, which
is more pronounced among directional strategies. 

Chapter 16 reexamines the performance of hedge funds over the period
1995 to 2003. The author assesses abnormal performance using a number
of alternative benchmarks and an approach originally used in event studies.
More specifically, the benchmarks employed allow for the standard capital
asset pricing model, the GARCH extension, the Fama-French three-factor
model, and the modified returns across time and securities (RATS) proce-
dure. The author finds that hedge funds strategies outperform the market,
while hedge funds managers prefer smaller stocks. 

Chapter 17 discusses the characteristics of typical hedge funds and their
attractiveness to investors as an asset class for investment. In particular,
hedge funds promise absolute and positive returns while allowing an
investor to diversify risks through uncorrelated returns. Consequently,
hedge funds have become increasingly popular with high-net-worth indi-
viduals and institutional investors. The authors review various issues relat-
ing to the investment in hedge funds, as well as their empirical risk and
return profiles. They further highlight the concerns regarding the empirical
measurements and propose meaningful analytical methods to provide
greater risk transparency in performance reporting. Finally, they also dis-
cuss the development and growth of the hedge fund industry in Asia. 

Chapter 18 examines offshore and onshore funds of hedge funds using
various data envelopment analysis (DEA) models. Using various inputs and
outputs, the funds are ranked in order as a result of their efficiency scores.
The authors suggest that DEA can be used as a complementary technique
in selecting efficient hedge funds and funds of hedge funds. 

Chapter 19 revisits the performance of hedge funds measured with sim-
ple asset pricing models in the presence of errors in variables. The authors
introduce an estimator based on cross-sample moments of order three and
four. This estimator sheds a new light on estimation of abnormal perform-
ance (α) by showing that significant alphas can be attributed to measure-
ment errors at the level of explanatory variables.

Chapter 20 highlights the inadequacies of traditional RAPMs (risk-
adjusted performance measures) and proposes AIRAP (alternative invest-
ments risk-adjusted performance), based on expected utility theory, as a
RAPM better suited to Alternative Investments. AIRAP captures higher
moment risks, penalizes for volatility and leverage, is customizable by risk
aversion, dovetails with stressed scenarios, and can be expressed as a mod-
ified Sharpe ratio. 
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CHAPTER 13
A Literature Review of Hedge

Fund Performance Studies 
Fabrice Rouah

Investors are aware of the growing evidence that hedge funds can substan-
tially reduce downside risk in their portfolios. Yet they are sometimes sus-

picious of the unregulated aspects of these funds and the long lockup period
and infrequent redemption that these funds impose on their capital. More-
over, the varying results of studies dealing with survivorship bias, perform-
ance attribution, and hedge fund lifetimes suggest that academic studies on
hedge funds are sometimes inaccurate and inconclusive. In this chapter we
examine the studies most frequently encountered in the literature and
attempt to reconcile their results in a clear and meaningful fashion.

INTRODUCTION 

Much of the academic literature on hedge funds deals with performance
issues, including performance persistence and the various biases inherent in
hedge fund databases that can distort estimates of performance. Another
strand of literature seeks to explain hedge fund returns using linear factor
models and regression to explain risk-adjusted returns and volatility. Other
authors have focused on the usefulness of hedge funds as portfolio diversi-
fiers, either by demonstrating that hedge funds exhibit low or negative cor-
relation coefficients with market indices, or by including hedge funds in
portfolios comprised solely of stocks and bonds. Finally, one small group of
studies deals with the survival of hedge funds, including the estimation of
yearly hedge fund attrition rates from databases, estimates of their lifetimes,
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and multivariate analyses to show how these lifetimes are linked to a vari-
ety of hedge fund predictor variables.

BIASES IN HEDGE FUND DATABASES 

Fung and Hsieh (2000) and Ackermann, McEnally, and Ravenscraft (1999)
(AMR) discuss the major biases in hedge fund databases and research stud-
ies. Survivorship bias refers to the bias introduced when returns are calcu-
lated from databases that include only live funds. There are two general
ways to estimate survivorship bias. The return on a portfolio of live funds
is sometimes compared to the return of a portfolio of dead funds, but usu-
ally a portfolio of both live and dead funds is compared with a portfolio of
live funds only. As explained by Brown, Goetzmann, and Ibbotson (1999)
and Fung and Hsieh (2000), portfolios can be defined as including hedge
funds alive during the entire study period (the complete portfolio), from a
certain date until the end of the study period (the surviving portfolio), or at
a particular date (the observed portfolio). Most studies estimate survivor-
ship bias at 2 to 3 percent per year. Liquidation bias arises when returns of
dead funds occur past the final monthly reported figure to the database ven-
dor. When funds cease to operate, their assets are liquidated, but delays
imply that redemption of funds to the investors will likely occur subsequent
to the final reported performance figure. AMR find the average delay to be
only 18 days, and the resulting liquidation bias on returns to be only 0.7
percent. Backfill bias, or instant history bias, occurs when database vendors
backfill the returns and NAVs of newly added funds. Hedge funds typically
begin reporting to database vendors only after running up a track record,
thus entering the database with “instant histories.” Backfill bias is usually
estimated by eliminating the first one or two years of returns, since often
the exact date of first reporting is not known. Thus, AMR eliminate returns
during the first 24 months, but none of their estimates is statistically signif-
icant. Fung and Hsieh (2000) eliminate the first 12 months of returns from
the TASS database and estimate the bias at 1.4 percent per year, but at only
0.7 percent per year for funds of funds, over the 1994 to 1998 period. Barry
(2002) finds a backfill bias of 1.4 percent per year in the TASS database
over the 1994 to 2001 period. Malkiel and Saha (2004) estimate yearly
backfill bias at 5.84 percent for mean returns and 3.98 percent for median
returns over the 1996 to 2003 period. These last estimates are likely quite
accurate because they use the date of first reporting of hedge funds and
eliminate all returns prior to this date. Multiperiod sampling bias arises
because most studies of hedge fund performance require that each fund
have a sufficiently long track recorded to be included in study samples,
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while funds with short track records are excluded. For example, AMR and
Edwards and Caglayan (2001b) require at least 24 months, while Fung and
Hsieh (1997a, 2000) require 36 months. Fung and Hsieh (2000) estimate
this bias to be only 0.1 percent and 0.6 percent per year over 1989 to 1997,
and 1994 to 1998, respectively. Overall, the effect of survivorship bias is the
most studied and most important of the biases in hedge fund databases.
Estimates of survivorship bias found in current studies of hedge funds are
summarized in Table 13.1.

Fung and Hsieh (2000) point out that funds of funds (FoF, a basket of
hedge funds) suffer less from biases than individual hedge funds. This is
because part of the FoF manager’s task is to provide investors with accurate
return and net asset value (NAV) information on individual hedge funds that
make up the FoF. These managers will often collect that data themselves,
rather than relying on information supplied by database vendors. Because of
the small number of funds that FoF managers track, and the high degree of
due diligence they impose, this information will often be very accurate.

A Literature Review of Hedge Fund Performance Studies 261

TABLE 13.1 Survivorship Bias in Current Studies of Hedge Fund Performance

Bias/Year
Reference Period (%) Database Method

Ackermann et al. (1999) 88–95 0.16 HFR & MAR Deada vs. Liveb

Amin & Kat (2003c) 94–01 1.89 TASS Compc vs. Survd

Brown et al. (1999) (BGI) 89–95 0.75 Offshore Directory Comp vs. Surv
Brown et al. (1999) (BGI) 89–95 2.75 Offshore Directory Obse vs. Surv
Fung & Hsieh (2000) 94–98 3.00 TASS Obs vs. Surv
Liang (2000) 94–97 0.60 HFR Obs vs. Surv
Liang (2000) 94–98 2.24 TASS Obs vs. Surv
Liang (2001) 90–99 1.69 TASS Obs vs. Surv
Liang (2001) 94–99 2.43 TASS Obs vs. Surv
Barès et al. (2001) 96–99 1.30 FRM Obs vs. Surv
Edwards & Caglayan (2001b) 90–98 1.85 MAR Obs vs. Surv
Baquero et al. (2002) 94–00 2.10 TASS Obs vs. Surv
Barry (2002) 94–01 3.80 TASS Obs vs. Surv
Malkiel & Saha (2004) 96–03 3.75 TASS Obs vs. Surv
Malkiel & Saha (2004) 96–03 7.40 TASS Dead vs. Surv
Capocci & Hübner (2004) 84–00 4.45 MAR & TASS Dead vs. Live
Capocci & Hübner (2004) 84–00 0.89 MAR & TASS Obs vs. Surv

aDead funds only bLive funds only
cComplete portfolio dSurviving portfolio
eObserved portfolio
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PERFORMANCE PERSISTENCE 

It is important to evaluate whether some hedge funds are able to produce
superior returns relative to their peers on a continuing basis. Performance
persistence in hedge fund returns is usually measured by contingency tables
representing two time periods. Unfortunately, most of the persistence found
in the literature is due to losers continuing to lose, rather than winners con-
tinuing to win. Brown, Goetzmann, and Park (2001) (BGP) define contin-
gency tables as winners and losers in the first six months of a given year,
and high and low variance in the second six months. They find strong evi-
dence that poorly performing funds increase volatility during the 1989 to
1998 period, but only when winners and losers were defined as funds hav-
ing returns above and below the median return of all funds, respectively.
They find no such pattern when winners and losers were defined as funds
having returns above and below their high-water marks. This motivates
BGP to suggest that managers will benchmark themselves relative to other
managers, but not necessarily to their high-water marks.

Agarwal and Naik (2000b) conduct contingency table tests using two
measures of performance, alpha (defined as the return of a fund minus the
average return of all funds in the same strategy) and the appraisal ratio
(defined as alpha divided by the residual standard deviation from a regres-
sion of that fund’s returns on the returns of all funds in the same strategy).
Winners and losers are funds with alphas (appraisal ratio) above and below
the median alpha (appraisal ratio) of all funds, respectively. Their results
show that persistence is strongest when quarterly returns are used and that
persistence does not depend on investment style. Agarwal and Naik
(2000b) examine multiperiod persistence to investigate this claim more
closely. Their results point to persistence among losers, and mostly when
quarterly returns are used. Again, their results do not depend on hedge fund
style, nor on whether prefee returns or returns net of all fees are employed.
Using contingency tables, Agarwal and Naik (2000c) find persistence in
roughly one-half of the quarters under consideration, but no persistence in the
other quarters. Finally, Edwards and Caglayan (2001b) define winners and
losers to be funds above and below the median alpha of all funds following
the same strategy, where alpha is obtained from a six-factor linear model.
Their contingency table analysis shows yearly persistence over the 1991 to
1998 period, but again, this was due more to losers rather than winners.

The other way in which persistence has been measured is through a
cross-sectional simple linear regression of current returns on past returns,
as done by Brown, Goetzmann, and Ibbotson (1999) (BGI). A positive and
significant beta coefficient implies performance persistence in the sense that
winners repeat from one period to the next. Their results show no consis-
tent patterns of persistence, since winners repeat in one-half of the years
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under consideration, but winners lose in the other years. BGI repeat their
analysis by grouping funds according to size, and according to fees, but
again no consistent pattern is found. Agarwal and Naik (2000c) regress
alphas (appraisal ratios) in one quarter on alphas (appraisal ratios) from the
previous quarter and find that losers tend to be more persistent than win-
ners. In their regression of yearly alphas from a six-factor linear model,
Edwards and Caglayan (2001b), however, find more evidence of persistence
than BGI or Agarwal and Naik (2000c). A positive and significant beta
coefficient was found for all hedge fund strategies grouped together. When
persistence was examined for each fund strategy separately, however, the
results were inconclusive.

Harri and Brorsen (2002) use three regression-based methods to model
persistence within each hedge fund strategy in the Managed Accounts
Reports (MAR) database. The regressions of Sharpe ratios on a single
lagged value show more persistence than do the same regression on returns.
Autoregression of mean returns on 20 lagged values also pointed to per-
sistence, but only in the short term since for most of the strategies the
largest coefficient was associated with the first lagged value. Rejection of
the null hypothesis that the intercepts (alpha) from style regressions are the
same across each fund within a particular strategy indicates persistence.
Using this method, persistence was found in 6 out of 10 hedge fund strate-
gies, consistent with the finding of BGI that persistence exists for only half
of managers. Finally, Spearman correlations using 36-month rolling periods
on mean returns, on Sharpe ratios, and on alpha pointed to some persist-
ence, however, this was heavily dependent on which performance measure
was used in the correlation.

Overall, these studies point to some persistence in the performance of
hedge fund returns. However, persistence is short-lived and dependent on
the method used to measure it and on the time frame under consideration,
and is often most evident for losing managers continuing to be losers.
Unfortunately, there is little evidence to suggest that investors choosing win-
ning hedge funds will continue to hold winners in the long term.

LINEAR MODELING 

Motivated by the literature on mutual funds, several groups of authors have
applied linear factor models in an attempt to measure the performance of
hedge funds relative to financial assets such as equity and bond indices, com-
modities, or currencies. This has proven to be challenging because hedge
funds employ dynamic trading strategies and there are no indices that are
universally accepted as benchmarks for hedge fund performance. Linear fac-
tor models may erroneously point to net zero exposure of hedge funds to a
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particular asset class (Fung and Hsieh 1997a). For example, a manager who
shorts the Standard & Poor’s (S&P) 500 index during the first six months of
the year, and then goes long on the same index during the last six months,
will exhibit a net factor loading of zero with the index over the year. For
comparative purposes, some of the studies that apply a linear factor model
to hedge funds also apply the same model to mutual funds. For example,
Liang (1999) uses an eight-factor linear model on hedge funds for each of
the 16 investment styles in the Hedge Fund Research (HFR) database. His
results show a wide range of different factor loadings for the different styles
of hedge funds and that no single factor dominated the sixteen styles. Liang
(1999) runs the same model on 19 mutual fund styles and finds the R2 to be
higher than for hedge funds. Furthermore, he finds several asset classes to
exhibit consistently significant loadings on the 19 styles of mutual funds.

Fung and Hsieh (1997a) show that mutual funds obtain a much higher
R2 in a linear factor model than do hedge funds and commodity trading
advisors (CTAs). They find 47 percent of mutual funds to exhibit R2 higher
than 0.75, but 48 percent of hedge funds to exhibit R2 lower than 0.25.
This despite the fact that most hedge funds have exposures to the same asset
classes as mutual funds. Using factor analysis, they extract five principal
components explaining 43 percent of return variance of hedge funds, define
five quantitative styles based on these principal components, and apply a
linear factor model to these five styles. The R2 from those analyses are
much higher than when hedge funds alone are used in the factor model.
Still, a substantial amount of return variance (over half) is not accounted
for in their model.

Agarwal and Naik (2000a, 2000c) adapt William Sharpe’s style analy-
sis in three ways.

1. They allow for negative coefficients (style weights), which captures
short selling by hedge funds.

2. They assess the statistical significance of the weights through a two-step
procedure.

3. They do not impose the restriction that the style weights add to 100
percent, which allows for hedge funds holding a portion of their assets
in cash.

Like Fung and Hsieh (1997a), they find much variability in the expo-
sure of directional and nondirectional funds to the different asset classes in
their model. Their style analysis, with weights constrained to add to 100
percent, shows that nondirectional hedge funds have significant exposures
to bond indices (corporate, government, and high-yield), suggesting that
nondirectional hedge funds borrow from the domestic market and invest in
distressed securities around the world. For directional funds, none of the
bond indices (expect for one style) showed significant factor loadings.
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Instead, these funds had significant exposures to domestic Standard &
Poor’s (S&P) 500 and international (MSCI) indices. Agarwal and Naik
(2002a) repeat their analysis, without the constraint that the factor loadings
add to 100 percent. Their results show that the increase in R2 is greatest for
directional strategies. In particular, the short sellers experience an increase
from 0.01 with the constraint to 0.40 without, reflecting the fact hedge
funds will put up cash as collateral for their short positions. In summary,
style analysis can help explain hedge fund returns, but the constraints
underlying such an analysis must be relaxed.

Fung and Hsieh (2002a) apply a linear factor model to two hedge fund
indices (and their underlying subindices), the Hedge Fund Research (HFR)
Composite index and the Credit Suisse First Boston (CSFB)/Tremont Hedge
Fund index (CTI). These exhibit an R2 of 0.876 and 0.414 respectively.
However, only 6 of 16 HFR subindices have R2 above 0.75, and 4 of 9 CTI
subindices have R2 above 0.50. In each subindex analysis, indices reflecting
directional strategies were found to have the highest R2. Just as in the pre-
viously reported studies, no single factor was consistently significant across
all sub-indices.

Agarwal and Naik (2004) apply linear factor models to the HFR and
CSFB/Tremont hedge fund subindices, using market factors and Fama and
French factors, but also using at-the-money (ATM) and out-of-the-money
(OTM) call and put options on the S&P 500. The factor loading on the OTM
put option is negative for the event arbitrage, restructuring, event driven, and
relative value arbitrage subindices. This is consistent with the notion that
these strategies make money when events such as restructuring or takeovers
are successful, which usually happens when markets are up. The R2 from
their models are high compared to those from other studies, ranging from
0.41 to 0.92, and five (out of eight) are above 0.60. Moreover, these high val-
ues are achieved with a minimum of factors in the model, usually four or five.

Finally, Capocci and Hübner (2004) apply a series of linear models to
HFR and MAR data for each hedge fund strategy. Their results indicate that
using a multi-factor model leads to better values of R2 (average value of
0.66) than a four-factor model with Fame-French and momentum factors
(average R2 of 0.60), and especially a single-factor CAPM (average R2 of
0.44). However the R2 from the multi-factor model vary substantially across
strategies. For example, the U.S. Opportunity strategy displays a very
good fit (R2 of 0.92), but the market timing is not as good (R2 of 0.25).

Table 13.2 presents the equity, bond, commodity, and currency classes
that were used as factors in some of the studies reviewed in this chapter,
along with the range of R2 produced by the models employed.

A few authors have applied regression using hedge fund characteristics
to predict performance and volatility. Ackermann, McEnally, and Raven-
scraft (1999) (AMR) find incentive fees to have a positive and significant
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effect on Sharpe ratios, but not on volatility. This suggests that managers
with high incentive fees produce superior risk-adjusted returns, but not at
the expense of increased volatility. Furthermore, FoF and market-neutral
funds were found to have the lowest volatility in all time periods. Unfortu-
nately, the R2 from the regressions ranged from only 0.177 to 0.373 for risk-
adjusted returns and from only 0.234 to 0.310 for volatility, despite the high
number of observations employed (from 547 funds over two years to 79 funds
over eight years). Like AMR, Liang (1999) finds that funds with high incen-
tive fees tend to produce superior returns, as do funds with a long lockup
period and large assets under management. This is consistent with the notion
that lockup periods prevent early redemption and reduce cash holdings.

Liang (1999) finds age to be negatively associated with returns, how-
ever, suggesting that managers of young funds tend to work hard to build
their reputation and increase their client base. Boyson (2002) also finds
manager age to be negatively related to returns, but manager education
tends to be positively related to returns. Like Liang (1999) and AMR, a pos-
itive effect of incentive fee on returns was found, but this variable was not
significant in any of the regressions. The R2 from the regressions are low,
ranging from 0.028 to 0.223, but those from the regressions of volatility
range from 0.037 to 0.527. Like AMR, no effect of incentive fee on volatil-
ity was found, but manager education and tenure were negatively related to
volatility, suggesting that older and more experienced managers take on less
risk. Finally, Edwards and Caglayan (2001b) also find incentive fees and
size to be positively associated with returns (using alpha from a six-factor
linear model as dependent variable), but the R2 from their regressions are
low as well, ranging from 0.094 to 0.319.

The results of these studies demonstrate that linear factor modeling of
hedge funds is problematic, because the dynamic trading employed by
hedge fund managers yields nonlinear payoffs with the asset classes used as
factors. Moreover, in these studies, no single factor dominates each hedge
fund strategy, reflecting the wide range of trading practices inherent across
strategies. In order to achieve high explanatory power from these models,
it is necessary to use factors that exhibit nonlinear payoffs or use factors
that proxy dynamic trading. Also, there is some evidence that the perform-
ance of hedge funds can be attributed to the characteristics of hedge funds
and of their managers, but unfortunately the explanatory power of the
models employed is generally low. 

DIVERSIFICATION THROUGH HEDGE FUNDS

Hedge funds are attractive diversifiers because the dynamic trading strate-
gies they employ and their use of options, leverage, and short selling allows
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them to generate absolute returns that are not linear with returns of other
financial assets. Indeed, all studies that obtain the correlation of hedge fund
returns with those of financial assets find these to be low or negative, irre-
spective of the database or time period used. Thus, Fung and Hsieh (1999b)
find a correlation of 0.37 of hedge funds in the TASS database with the S&P
500 index. Agarwal and Naik (2004) find only 27 significant correlations
(out of a possible 96) of eight HFR indices with 12 asset classes represent-
ing small-cap equities, bonds, emerging markets, commodities, and Fama
and French factors, and only 5 of 27 to be larger than 0.60 in absolute
value. The correlations of the 12 asset classes with the four CSFB/Tremont
index were more significant: 19 out of a possible 48 were significantly dif-
ferent from zero, and 11 of those were greater than 0.60 (in absolute value).
Brown, Goeztmann, and Ibbotson (1999) show that the correlation of off-
shore hedge funds with equity and bond indices tend to be low or negative,
but the lack of statistical significance (no p-value reported) makes assess-
ment of these correlations difficult. Still, only 31 of 140 correlations were
above 0.60 in absolute value. Schneeweis and Martin (2001) find the cor-
relation of the Evaluation Associates Capital Management index (EACM
100) with the S&P 500 to be 0.37, the same that Fung and Hsieh (1999a)
found with the TASS database, and the correlation of the EACM 100 with
the Lehman Bond index to be only 0.19. Moreover, the correlation of the
EACM subindices with the S&P 500 all ranged between −0.11 and 0.63
(except short sellers, with a correlation of −0.74), and only two of seven-
teen were above 0.60. With the Lehman Bond index, the EACM subindex
correlations were even more modest, ranging from −0.16 to 0.25.

If hedge funds are useful portfolio diversifiers, they ought to perform
better than equities when returns on equities are low or negative, but not
necessarily as well when returns are positive and large. This stress testing of
hedge funds has brought encouraging results for diversification. Fung and
Hsieh (2002a) analyze the performance of two trend-following hedge fund
indices, the Zurich Capital Markets Trend-Follower Index and an asset-
based trend-following index constructed by the authors. Both indices show
positive returns during the worst declines of the S&P 500 over the 1983 to
2001 period. Agarwal and Naik (2000c) show that nondirectional strate-
gies show less variability than directional strategies during large up and
down moves of the S&P 500. During August 1998, for example, the S&P
500 returned −10.52 percent, while hedge fund returns ranged from  −8.87
to −1.18 percent for nondirectional strategies and from −20.98 to 
−3.94 percent for directional strategies (but 19.53 for short sellers). During
November 1996, the S&P 500 returned 7.68 percent, while nondirectional
hedge funds returned between 0.37 and 2.03 percent and directional hedge
funds returned between 2.96 and 4.72 percent (but −2.95 percent for short
sellers). Schneeweis and Martin (2001) show that during August 1990, the
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S&P 500 returned −9.1 percent, but the EACM subindices returned
between −3.6 and 10.0 percent.

Gregoriou and Rouah (2001) argue that in addition to exhibiting low
correlation to market indices, nondirectional hedge funds should not be
cointegrated with any index. Indeed, if a hedge fund is moving in tandem
with an index so that the spread between them is constant, then the fund
manager is likely adopting a buy-and-hold strategy to most of the stocks
that comprise the index, bringing little value to the investor seeking
absolute returns. Using NAVs of the 10 largest hedge funds in the Zurich
Capital Markets database, they find evidence of only two cointegrating
relationships, one with the Morgan Stanley Capital International (MSCI)
World index, and the other with the Nasdaq index.

Fung and Hsieh (1997a) show how hedge funds can produce optionlike
returns. They rank the returns of each asset class under consideration into
five quintiles, or “states,” from best to worst performance. The idea is that
a buy-and-hold trading strategy ought to generate returns that are linear
across the five states, while a dynamic trading strategy will produce non-
linear returns. They demonstrate that three of the five styles, as extracted
by principal components, produce payoffs that are similar to calls, puts,
and straddles on equities, bonds, commodities, and currencies.

Fung and Hsieh (1999b) apply a similar methodology to individual
hedge fund styles. They show that the global/macro style has a payoff that
varies linearly with U.S. equities, and that this strategy performs better than
equities during low and medium states but worse than equities during high
states. The fixed income arbitrage style produces constant return across all
states of U.S. equities, with very little volatility, while the short sellers style
produces a linear payoff with U.S. equities, with high payoffs in low states
and low payoffs in high states. Anson and Ho (2004) show that managed
futures hedge funds commodity trading advisors (CTAs) provide an expo-
sure whose payoff is similar to a long put option.

Some authors have demonstrated that adding hedge funds to a “tradi-
tional” portfolio comprised solely of equities and bonds can improve the
risk-return profile of the portfolio. Schneeweis and Martin (2001) show
that adding a 20 percent exposure to the EACM 100 index in a portfolio
of domestic equities and bonds increases the mean return and reduces the
standard deviation of the portfolio over the 1990 to 2000 period. The
Sharpe ratio of the portfolio increases from 0.90 to 1.15, and the maxi-
mum drawdown drops from −7.16 percent to −6.31 percent. When an
alternate world equities and bonds portfolio is constructed, the results are
similar. The Sharpe ratio increases from 0.46 to 0.72, and the maximum
drawdown drops from −10.15 percent to −7.37 percent. Capocci (2003)
shows how adding convertible arbitrage hedge funds in increments of 5
percent achieves the same improvements. His simulations suggest that the
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optimal allocation of convertible arbitrage funds to the portfolio is
between 5 to 15 percent.

The results of these studies suggest that the correlation of hedge funds
and CTAs with asset classes is low or negative, due in part to the nonlinear,
optionlike payoffs that they produce. It is difficult to ignore the benefits of
including hedge funds in portfolios comprised solely of stocks and bonds.
The optimal allocation of hedge funds to portfolios seems to be on the order
of 5 to 20 percent. In 2003, for example, American university endowments
with over U.S.$1 billion in assets had, on average, nearly 20 percent of their
portfolios allocated to hedge funds (NACUBO 2003).

SURVIVAL ANALYSIS OF HEDGE FUNDS

The objective of many early studies of hedge fund and CTA survival was to
investigate factors driving hedge fund mortality, to help identify factors
driving survivorship bias. Hence, many of these studies focused on the
yearly attrition rate of hedge funds, estimated as the number of hedge funds
dying during a given year divided by the number of funds alive at the begin-
ning of the year. Next, researchers began to apply methods of survival
analysis to hedge fund lifetimes, by using probit regression on hedge fund
status (dead versus live) or estimating 50 percent survival times using the
Kaplan-Meier estimator. Finally, more sophisticated multivariate analyses,
linking survival to a variety of hedge fund predictor variables, began to
appear in the literature.

Estimates of the attrition rates of hedge funds are inconsistent. Amin
and Kat (2003c) found the yearly attrition rate to be only 2.20 percent dur-
ing 1994–1995, but that attrition increased steadily throughout the 1990s,
to arrive at 12.30 percent during 2000–2001. Liang (2001) finds a similar
pattern: attrition was estimated at 4.13 percent during 1994 and rose
steadily to 13.00 percent during 1998. Amin and Kat (2003) find that small
funds, funds with low performance, and funds employing the global/macro
strategy tend to experience higher attrition rates. Brown, Goetzmann, and
Ibbotson (1999) estimated yearly attrition at roughly 20 percent over the
1988 to 1995 period. Brown, Goetzmann, and Park (2001) find a yearly
attrition rate of roughly 15 percent over the 1977 to 1998 period, and 20
percent for CTAs. Barry (2002) estimates yearly attrition at 8 to 10 percent,
while Barès, Gibson, and Gyger (2001) at only 5 percent up to 1999. Barry
(2002) finds the technical/trend-following strategy to experience higher
attrition than the other strategies, but finds no difference in attrition
between funds that employ leverage and those that do not. Baquero, ter
Horst, and Verbeek (2002) found a yearly attrition rate of 8.6 percent over
the 1994 to 2000 period, very close to the estimate of 8.3 percent found by
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Liang (2000) over the 1994 to 1998 period in the same database (TASS).
However, Liang (2000) finds a yearly attrition rate of only 2.72 percent in
the HFR database over the 1994 to 1997 period. While estimates of hedge
fund attrition are quite varied, these studies point to one consistent pattern.
The attrition rate of hedge funds was high during 1998, following the Asian
crisis of 1997 and the near collapse of Long-Term Capital Management
in September 1998. Many hedge funds died during that period, and few
were born.

Subsequent to these findings, and to examine factors driving survivor-
ship bias, some authors began applying probit regression to hedge fund sur-
vival status (live versus dead). Liang (2000) finds that funds with poor
performance, low assets, low incentive fees, high leverage, young age, and
low manager personal investment are at increased risk of death. This is con-
sistent with the finding of Brown, Goetzmann, and Park (2001) that funds
with negative returns over a holding period one and two years prior to the
last month of reporting are at increased risk of death, as are young funds
and those with low excess returns. Malkiel and Saha (2004) also find high
volatility to be a strong predictor of death.

Estimating the lifetimes of hedge funds is important, since the infre-
quent redemption and long lockup period on capital imposed by hedge
funds implies that investors need to be assured that the funds they choose
will not die prematurely. Because many hedge fund deaths correspond 
to fund liquidation, investors need to predict if and when a fund is likely to
liquidate, since liquidation is often associated with large capital losses.
Brown, Goeztmann, and Park (2001) (BGP) were the first to apply rigorous
methods of survival analysis to the lifetimes of hedge funds. They found a
50 percent survival time of only 2.5 years for hedge funds in the TASS data-
base. Amin and Kat (2003c) obtained a 50 percent survival time of roughly
5.0 years from the same database (TASS), Gregoriou (2002) and the Secu-
rities and Exchange Commission (2003c) each obtained 5.5 years, while
Gregoriou, Hübner, Papageorgiou, and Rouah (2005) obtained 4.42 years
for CTAs. Barès, Gibson, and Gyger (2001), however, obtained roughly 10
years, much higher than that found in the other studies.

Multivariate analyses of hedge fund lifetimes were more consistent and
pointed to a number of predictor variables related to survival. BGP (2001),
Gregoriou (2002), and Boyson (2002) all apply the Cox proportional haz-
ards model to hedge fund lifetimes. BGP (2001) find that funds with low
returns, and young funds, are at increased risk of failure. Gregoriou (2002)
finds that funds with low returns, low assets under management, and low
minimum purchase are at increased risk of failure. Boyson (2002) finds that
funds with young and uneducated managers are at risk of failure, even after
adjusting for returns and volatility. Gregoriou, Hübner, Papageorgiou, and
Rouah (2005) find CTAs with high returns and high assets to survive
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longer, and those with high volatility and high management fees to be at
increased risk of failure. Finally, Malkiel and Saha (2004) find that large
hedge funds and funds with low volatility survive longer.

Current studies of hedge fund lifetimes have aggregated all funds exit-
ing the database as terminated (liquidated), when, in fact, many funds exit
because they have reached their target size and are closed to new investors,
or because they no longer wish to report performance figures to database
vendors. Aggregating exit types introduces a bias when estimating hedge
fund lifetimes, because some funds counted as “dead” may actually be alive
and well (Fung and Hsieh 2000). In their estimates of survivorship bias,
Ackermann, McEnally, and Ravenscraft (1999) distinguish between funds
that terminate and those that stop reporting (self-select). They argue that
the low returns of funds that terminate and the high returns of funds that
self-select can cancel each other out, to yield a small net estimate of sur-
vivorship bias.

Estimates of the attrition rates of hedge funds over the 1990 to 2003
period are heavily dependent on the database used, and vary from roughly
5 to 20 percent per year. However, most studies point to a 50 percent sur-
vival time of roughly five years. The results of multivariate analyses are also
more consistent and indicate that hedge funds with low returns, low size,
and high volatility are at increased risk of failure, whether survival is mod-
eled through a probit model or the Cox proportional hazards model.

CONCLUSION 

In this chapter, we have reviewed many of the important studies on hedge
fund performance that have appeared in the literature. Investors must be
aware that substantial biases exist in hedge fund databases, which can
sometimes severely distort estimates of hedge fund performance. Moreover,
these biases tend to be heavily dependent on the database employed and the
time period under consideration. Unfortunately, there is little evidence of
performance persistence in the returns produced by hedge fund managers,
regardless of how persistence is measured. Moreover, explaining those
returns using linear factor models is problematic, since hedge funds display
nonlinear payoffs with asset classes used to explain mutual funds—equities,
bond, commodities, and currencies. The evidence in favor of hedge funds as
portfolio diversifiers, however, is overwhelming, since all studies point to
low or negative correlations with these asset classes. There is also some
recent evidence to suggest that hedge funds are not as short-lived as previ-
ously thought. Investors need to be cautioned, however, that the lifetimes of
hedge funds are dependent on a variety of predictor variables, such as
returns, volatility, and size.
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CHAPTER 14
Investing in Hedge Funds through

Multimanager Vehicles 
Meredith A. Jones

Funds of hedge funds and hedge fund index products are often viewed as
entry-level investments and have thus become a popular method for

investors making a first foray into alternative investments. This chapter
examines suitability issues for investors attempting to choose between single-
manager hedge fund portfolios and multimanager vehicles, as well as the
universes of available funds of hedge funds, single managers, and index
funds. Performance, fees, liquidity, structure, and drawbacks of each invest-
ment type also are examined to present a balanced view of the hedge fund
investment vehicle options available to investors.

INTRODUCTION 

Uncertain stock markets and lackluster traditional investment returns have
driven an increasing number of individual and institutional investors into
hedge funds during the past several years. After making the decision to
invest in alternatives, one of the first decisions that these new investors face
is whether to invest directly in single-manager hedge funds or to invest
through a multimanager vehicle. Indeed, funds of hedge funds and hedge
fund index funds offer a less complicated way for entry-level investors to
access a diversified hedge fund portfolio. It enables them to avoid having 
to engage in the lengthy screening, due diligence, and ongoing monitoring
process on a number of single-manager funds. Although the benefits of the
various hedge fund products are generally easy to identify, investing through
single managers, fund of hedge funds, and indexes all have drawbacks that
should be explored prior to making an investment decision.
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BUILD VERSUS BUY

There are a number of issues to consider when deciding between a direct
investment with single-manager funds and buying a ready-made multiman-
ager product, such as a fund of hedge funds or index product. There are cer-
tainly some advantages to building a diversified portfolio of single-manager
hedge funds. For example, those opting to go the single-manager route have
more control over their investments. They can decide when to hire and fire
a manager; when to increase, change, or reduce allocations within the port-
folio; and what level of due diligence and ongoing monitoring to impose.
Investors in single-manager portfolios also can develop customized port-
folios that meet their specific investment needs and mandate. If, for example,
an investor has a significant allocation to a certain asset class or strategy
in the long-only portfolio, he or she can balance and adjust that exposure
with the hedge fund portfolio. Finally, direct investments in hedge funds
have, in almost all cases, lower fees than do multimanager hedge fund prod-
ucts, which add a layer of fees to cover the cost of manager screening, due
diligence, and monitoring. 

As investors weigh the option of a single-manager portfolio against a
prepackaged, multimanager portfolio, they must ask themselves: How
much money do we want to allocate to hedge funds? Will that amount be
sufficient to buy a diversified single-manager portfolio when each manager
has minimum investments generally ranging from $100,000 to $1 million
and more? What resources do we have for manager screening, due dili-
gence, and ongoing monitoring? Are those resources enough to support a
diversified single-manager portfolio of hedge funds? If not, are we willing
to invest the necessary capital to secure those resources? 

The question of diversification is really the overriding issue in the hedge
fund investing equation. With several well-publicized blowups and frauds,
including Long-Term Capital Management, the Manhattan Fund, Mari-
copa, Integral, Beacon Hill, and others, it is vital that investors protect
themselves from catastrophic return scenarios by investing in a diversified
portfolio of noncorrelated managers. Even without fraud or cataclysmic
structural, market, or strategy-related events, hedge fund returns can be
volatile. Figure 14.1 shows the percentile breakdowns of performance for
more than 3,000 funds over the past 12 months, ending October 31, 2004.
The histogram shown below displays returns between the 5th and 95th per-
centiles for various periods. 

Although returns for the 95th percentile do not generally exceed −10 per-
cent, it is important to note that the outliers can produce losses exceeding 
−50 percent. If an investor allocated to a fund that suddenly exhibited this
kind of return profile, the portfolio would ideally need to be structured to
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absorb the blow without a significant loss. A well-diversified hedge fund port-
folio should consider the number of funds within the portfolio, their correla-
tions to one another, their correlations to the market, and the degree to which
they pursue a more aggressive or conservative investment strategy.

The subject of how many single-manager funds constitute a diversified
portfolio is an issue of much debate within the hedge fund industry. While
there is no universally agreed on number of funds, and while issues such as
correlation among managers certainly play a role, it is possible to get some
guidance by looking at other investors in the space. For example, in a 2004
Investor Sentiment Survey compiled by Infovest21, 74 investors were asked
a variety of questions about their particular investing goals and habits. The
investors polled were diverse: 49 percent of the respondents were funds of
funds, while another 20 percent were consultants, 14 percent were family
offices/high-net-worth investors, 8 percent were endowments/foundations,
and another 7 percent were pension funds. When asked about the number
of managers to whom they allocate, 19 percent responded that they allocate
to between 1 and 10 managers. Another 18 percent allocate to between 31
and 40 managers, while 11 percent allocate to between 21 and 30 managers
and another 9 percent allocate to between 11 and 20 managers.

Of course, this diversification does not come without a price. The most
obvious dilemma is meeting the minimum investment required for investing
in a large portfolio of single-manager hedge fund investments. A search of
the HedgeFund.net database, which contains information on more than
4,000 hedge funds, reveals only 32 U.S.-domiciled, single-manager hedge
funds with minimums less than $100,000, and only 131 U.S.-domiciled,
single-manager funds with minimum investment requirements of less than
$250,000. Therefore, individual investors or smaller institutional investors,
or even large institutions that want to allocate only a small percentage of
their assets to alternative investments, may, by default, have to consider
only multimanager investments. If investors do have the means to invest in
a diversified, single-manager hedge fund portfolio, they still may not have
the staff to execute this strategy. Deutsche Bank’s Equity Prime Services
Group 2004 Institutional Alternative Investment Survey (conducted in the
fourth quarter of 2003) of 323 institutions including funds of funds, family
offices, banks, endowments, consultants, insurance companies and others,
shows how time- and labor-intensive investing in hedge funds can be.
Deutsche Bank’s survey found that investors interview a large number of
managers prior to making a single allocation. For example, pension plans
evaluate 40 managers on average to make only one to three allocations per
year, while endowments research 90 managers for four to six placements
and funds of funds typically conduct over 450 meetings with managers to
make a mere 15 allocations. It is almost a universally acknowledged fact that
the qualitative and quantitative screening processes for making hedge fund
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investments can be time-consuming, labor intensive, and expensive, and these
costs multiply based on the number of funds that an investor evaluates.

The process for hedge fund screening and due diligence is complex
because it entails a number of steps that all serious investors must follow.
First, an investor must gather hedge fund information. Although this
process has become far easier in recent years due to the proliferation of
high-quality hedge fund databases, amassing hedge fund information is still
not as simple as collecting information on traditional investments. Even if
an investor purchases a hedge fund database, the costs of which range
between U.S.$1,750 and U.S.$7,000, they still will not have a complete
sample of hedge fund data. Ideally, they should purchase two or more data-
bases and/or supplement their data collection through interactions with
marketers and prime brokers, as well as through publications, conferences
and word of mouth.

To illustrate this point, one can look to the 2004 Strategic Financial
Solutions, LLC Database Study. The study examined the hedge fund listings
from 12 of the major hedge fund databases, including Alternative Asset
Center, Altvest from InvestorForce, Barclay’s Global HedgeSource, CISDM,
Cogenthedge, Eurekahedge Asian Hedge Fund Database, Eurekahedge
European Hedge Fund Database, Eurekahedge Fund of Hedge Funds Data-
base, HedgeFund.net, Hedge Fund Research, Morgan Stanley Capital Inter-
national (MSCI) Hedge Fund Classification Standard indices and database,
and Tremont TASS (Europe) Ltd. After combining these databases, the
resulting 24,627 funds were analyzed. Duplicate funds, funds of funds, and
“clone” funds were tagged using analytical methods, and the data were
manipulated in a number of ways to yield aggregate information on the
hedge fund universe.

The study identified approximately 8,100 distinct hedge funds and
funds of hedge funds in the various hedge fund databases once duplicate
funds were removed. Approximately 5,500 single-manager hedge funds
were identified, as well as approximately 2,600 funds of hedge funds.
Nearly 3,200 hedge fund managers (general partners) were counted. 

Although significant overlap was noted between the various databases,
Figure 14.2 shows that very few hedge funds and fund of hedge funds
report to more than 2 or 3 databases, and no fund reports to all 12 data-
bases. In fact, nearly 3,800 of the hedge funds and fund of hedge funds
in the 12-database sample appeared only in a single database. General
databases in the study, which cover all geographic areas and all strategies,
average more than 400 exclusive funds each when all 12 databases are com-
bined. Specialty databases, which cover only funds of hedge funds, Asian,
or European hedge funds, each contain an average of nearly 150 exclusive
funds when all 12 databases are combined. Obviously, the number of
unique funds in each database rose as the number of databases compared
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decreased. Since investors cannot rely on a single data source, the simple act
of collecting hedge fund data can be a time-consuming process.

Once data have been gathered, the investor still needs to develop an
investment mandate, select screening statistics and criteria, conduct peer
group analysis, and then embark on the full due diligence process. The
process is generally lengthy. According to the Deutsche Bank Study, only 38
percent of survey participants have allocated to a hedge fund within the first
month of due diligence; 60 percent take three months to complete due dili-
gence; and 20 percent take at least six months or more to complete the due
diligence process.

Not only does the hedge fund screening and investment process entail
a significant time commitment, but it also can necessitate a considerable
investment in staff. Table 14.1 shows what funds of hedge funds pay the
staff that covers alternative investments. Institutions adding experienced
staff to screen, qualify, and monitor their hedge fund investments can
expect to pay similar salaries, depending on location.

Investing in a diversified portfolio of single-manager hedge funds may
be considered by some to be optimal. For some investors it is not and can-
not be practical. Those investors are effectively forced into prepackaged,
multimanager vehicles, and must decide whether a fund of hedge funds or
an index fund best fits their particular needs. Both offer diversification for
a single investment minimum, but each also offers specific benefits and
drawbacks that should be considered before choosing between them.
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Investing in Funds of Hedge Funds

A fund of hedge funds is, by definition, a hedge fund that invests in other
hedge funds. According to the 2004 SFS Hedge Fund Database Study, there
are approximately 2,600 funds of hedge funds (FoFs) that report to hedge
fund databases, encompassing approximately 600 onshore FoFs and 2,000
offshore FoFs. Approximately 900 of these are “clone” FoFs, meaning that
the portfolio of one fund is substantially similar to an existing fund of
hedge funds portfolio managed by the same general partner. There appears
to be approximately $415 billion invested in hedge funds through fund of
hedge fund vehicles, although the majority of FoFs manage less than $50
million. This is illustrated in Figure 14.3. 

A Look at Fund of Hedge Funds Performance

Like single-manager funds, funds of hedge funds offer a wide range of per-
formance profiles. However, the returns of FoFs tend to be less volatile than
those of single managers. One could argue this is due to diversification and
superior manager selection. Notice that, unlike the single-manager returns
in Figure 14.1, even the worst multistrategy FoFs in Figure 14.4 keep losses
to single or low double digits.
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Superior manager selection, along with diversification, is one of the key
arguments for investing in a fund of hedge funds. In theory, a skilled FoF
manager should be able to produce alpha over the average fund or a hedge
fund index. Some argue, however, that selecting a manager with historically
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TABLE 14.2 Percentile Rankings of Top FoFs Performers, 2000 to Present

2000 2001 2002 2003 2004 YTD
Percentile Percentile Percentile Percentile Percentile

Rank Rank Rank Rank Rank

Fund A 1 4 4 49 31
Fund B 2 12 4 13 97
Fund C 2 7 8 83 8
Fund D 2 99 13 12 18
Fund E 3 6 4 6 21
Fund F 3 57 28 81 41
Fund G 4 5 3 7 56
Fund H 4 53 9 100 92
Fund I 4 8 14 6 38
Fund J 5 3 1 100 59
Fund K 5 33 2 49 1
Fund L 6 35 91 66 47

TABLE 14.3 Cumulative Performance of
Top FoFs Performers over/under the Mean

Cumulative Performance
+/– Mean

Fund A 174.6%
Fund B 91.1%
Fund C 97.5%
Fund D 61.0%
Fund E 139.6%
Fund F 39.4%
Fund G 109.7%
Fund H 29.4%
Fund I 94.0%
Fund J 48.4%
Fund K 77.4%
Fund L 5.9%
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high returns does not necessarily guarantee high returns in the future. To
further examine whether past FoFs performance has an impact on future
results, we looked at the top 12 multistrategy funds of hedge funds per-
formers in the HedgeFund.Net database in 2000 and tracked them through
the next four years. Results of this analysis appear in Table 14.2. It is true
that appearing in the top 10 percent based on performance in 2000 did not
assure a place in the top decile or even the top half of the group on a year-
to-year basis. However, as indicated in Table 14.3, all of the funds in the
group did outperform the average multimanager FoFs over the 2000 to
October 2004 period. Likewise, the bottom 12 funds of hedge funds per-
formed better in some years than in others, with a couple of funds even
reaching as high as the 2nd percentile, but only one FoFs from this group
managed to outperform the index on a cumulative basis for the period. This
pattern is evident from Tables 14.4 and 14.5. One can only assume that
screening on more than performance alone could enhance an investor’s abil-
ity to identify top-performing fund of funds managers who can generate
hedge fund alpha over time.

Fund of Hedge Funds Fees

The ability of some FoFs managers to generate consistent alpha over the
average FoFs may help ease some investors through the issue of FoF fees.
Indeed, fee compounding seems to be a significant issue for a number of
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TABLE 14.4 Percentile Rankings of Bottom FoFs Performers,
2000 to Present

2000 2001 2002 2003 2004 YTD
Percentile Percentile Percentile Percentile Percentile

Rank Rank Rank Rank Rank

Fund P 90 98 100 2 12
Fund Q 91 89 87 15 73
Fund R 91 95 98 14 94
Fund S 92 91 52 35 67
Fund T 92 2 5 9 100
Fund U 93 87 99 7 85
Fund V 92 89 24 38 2
Fund W 93 99 99 14 33
Fund X 94 39 34 45 28
Fund Y 94 64 66 22 16
Fund Z 95 74 16 68 98
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investors who are considering an FoFs investment. However, it is important
for investors to remember what they are paying for. First, these fees com-
pensate the manager for their fund selection expertise. Second, they com-
pensate the manager and his or her staff, who must gather hedge fund
information, screen investments, monitor those investments on an ongoing
basis, make allocation and reallocation decisions, generate monthly state-
ments, and more. Before investors argue about additional fees, they should
consider what it would cost them to replicate those efforts (see Table 14.1). 

In addition, a study of 813 funds of hedge funds in the Eurekahedge
database shows that FoFs fees appear to be slowly falling. Looking at funds
of hedge funds by year of inception reveals that, while management fees
have remained fairly steady over the past 13 years (Table 14.6), incentive
fees appear to have peaked in 2000 and have retreated some since then
(Table 14.7). This is likely due to the rapid increase in the number of funds
of hedge funds starting in 1998–1999 (Figure 14.5), which increased com-
petition and put downward pressure on fees. It also is likely that, in the
future, fund of hedge fund fees will continue to decrease due to index fund
competition as well. 

Additional Considerations When Evaluating Fund of
Hedge Funds Investments

It is important to remember that funds of hedge funds, while listed as a
hedge fund strategy by most of the major index providers, are not techni-
cally an investment strategy. The decision to invest in an FoFs should not
be the end result of developing an investment mandate. A fund of hedge
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TABLE 14.5 Cumulative Performance of
Bottom FoFs Performers over/under the Mean

+/– Mean

Fund P –31.9%
Fund Q –29.2%
Fund R –42.9%
Fund S –29.1%
Fund T 25.5%
Fund U –36.0%
Fund V –16.0%
Fund W –45.1%
Fund X –19.4%
Fund Y –21.9%
Fund Z –33.9%
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funds is a vehicle or a means by which to make a hedge fund investment,
but it is not a fully formed investment strategy. Funds of funds can be single
or multistrategy, market neutral or aggressive, and exhibit various return,
reward, and risk profiles. For example, Figures 14.6 and 14.7 show the
mean, median, standard deviation, and maximum and minimum returns
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TABLE 14.6 Average FoFs
Management Fees by Inception Year

Inception Year Fee (%)

1990 1.16
1991 1.50
1992 1.48
1993 1.30
1994 1.58
1995 1.50
1996 1.53
1997 1.39
1998 1.51
1999 1.31
2000 1.43
2001 1.31
2002 1.35
2003 1.42

TABLE 14.7 Average FoFs
Incentive Fees by Inception Year

Inception Year Fee (%)

1990 5.88
1991 1.00
1992 4.72
1993 7.73
1994 9.58
1995 7.28
1996 7.64
1997 5.48
1998 9.08
1999 9.77
2000 10.30
2001 8.04
2002 9.61
2003 9.03
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of the HedgeFund.net-PerTrac Universes for market-neutral and single-
strategy funds of hedge funds. Note that the return profile for market-
neutral FoFs and single-strategy FoFs are quite different. Single-strategy
funds offer higher upside return potential on average (44.9 percent) than 
do market-neutral FoFs (28.8 percent). However, those potential returns do
not come without some prospective pitfalls. The average minimum return
for the single-strategy funds of hedge funds trails that of market-neutral
funds of hedge funds by more than 17 percentage points. The standard
deviation for the single-manager funds of hedge funds universe is also
nearly double that of market-neutral funds of hedge funds. 

Additionally, making an investment in a fund of funds, and indeed any
actively or passively managed, prepackaged portfolio, does entail giving up
a significant amount of control over issues like due diligence, transparency,
and investment structure. For example, a fund of hedge funds manager may
do more or less due diligence or ongoing monitoring than an investor would
ideally desire. In addition, an investor generally cannot pressure an FoF
manager into investing in or withdrawing from an underlying fund. There-
fore, it is important for investors to understand the degree of control they
surrender when investing in a fund of hedge funds. 

In addition, like single-manager funds, funds of hedge funds have vary-
ing levels of transparency. Some may provide full details, due diligence, and
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ongoing monitoring information on the underlying fund managers, while
others may provide only performance and strategy information and even go
as far as to obscure the names of underlying funds. Still others may resist
sharing details of their proprietary manager selection and risk-monitoring
systems. It is therefore important to fully consider what level of trans-
parency and due diligence will be provided prior to making an investment,
and whether the investor is comfortable with the amount of information
provided.

Finally, funds of hedge funds generally invest directly into single-
manager hedge funds through a limited partnership vehicle. This means
that the fund of hedge funds is subject to the redemption policies of the
limited partnership, including any lockups, notice periods, and early re-
demption penalties. Additionally, a fund of hedge funds can experience sig-
nificant problems if the fund is structured to offer more liquidity than the
underlying funds. A liquidity mismatch can result in the suspension of re-
demptions, either in whole or in part, for the investors in the fund of hedge
funds. Some FoFs bypass this problem either by negotiating with the under-
lying funds for better liquidity terms or by securing a line of credit to pro-
vide for normal redemptions in between liquidity events in the underlying
funds. However, it is important for investors to consider these possibilities
when selecting an FoF investment.

Because FoFs exhibit such diversity of strategy, risk/reward profiles,
and structure, it is just as important that investors spend time developing an
investment mandate when selecting a fund of funds as when selecting single-
manager investments. It is important to ask some tough but important
questions about a potential fund of hedge funds investment: What does risk
mean to you? Is it the risk of losing money? The risk of not achieving a cer-
tain return? The risk of not having money available when you need it? If a
fund delivers high returns, are you willing to accept large drawdowns
(losses)? Similarly, if an FoF delivers high returns, are you willing to sacri-
fice the amount of transparency you receive, and if so, how much? What is
the minimum an investment has to return to be meaningful to your portfo-
lio? Are there asset classes, such as small caps, commodities, or tech stocks,
that you are predisposed against? What are your liquidity requirements?
Only after such questions are answered will investors know what types of
FoFs, what underlying strategies, and what transparency and return profiles
to target in investment screening and analysis.

Investing in Hedge Fund Indexes

For those seeking the diversification offered by a ready-made multimanager
portfolio, there is an alternative to FoFs. Passively managed index funds
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offer a multimanager approach that attempts to provide investors with a
diversified index of funds designed to replicate the average performance for
a given hedge fund universe or a particular strategy subset. Generally offer-
ing lower fees, daily net asset values, and more transparency than FoFs,
index products are now being offered by a variety of providers, including
Dow Jones, Van Hedge Fund Advisors, Standard & Poor’s (S&P), Hedge
Fund Research (HFR), Credit Suisse First Boston/Tremont (CSFB), Morgan
Stanley Capital International, and Talenthedge. 

ISSUES IN INDEX CONSTRUCTION 

While index funds certainly offer many benefits to investors, there are some
inherent difficulties in hedge fund index construction that raise important
questions. For example, hedge fund indexes must be based on available
hedge fund information. As mentioned earlier, the 2004 SFS Hedge Fund
Database Study reveals the difficulty in gathering a complete sample of the
hedge fund universe. When the 12 hedge fund databases that participated
in the study were combined, approximately 8,100 distinct hedge funds and
funds of hedge funds and approximately 5,500 single-manager hedge funds
were identified. Although this is certainly an impressive number of hedge
funds and funds of hedge funds covered by the various data vendors, it
would be foolhardy to assume that this tally encompasses the entire hedge
fund universe. A comparison of the 100 largest hedge fund firms in the
world (as compiled by Institutional Investor, May 2004) to the master list
of funds bears this out. As it turns out, just over two-thirds of the firms on
the Institutional Investor list had funds that reported to one or more data-
bases.

However, we do not believe this indicates that 33 percent of hedge
funds do not report to a data source. In the case of hedge funds, it is often
the large funds that are most reluctant to report to a database. Therefore, a
more accurate estimate might be that the databases cover approximately 75
to 85 percent of commercial hedge funds. Without a central repository of
all hedge fund information, it is inconceivable that a single index could cap-
ture the entire universe of hedge fund investments. Therefore, the indexes
cannot be representative of the hedge fund universe, and will not be so until
all hedge funds are forced to report to one or more data collectors. 

Further complicating index construction is the fact that there is no reg-
ulatory requirement for hedge funds to report to any of the indexes. A fund
that begins reporting to an index may stop providing performance numbers
for any number of reasons. Much attention has been paid to the phenome-
non of survivorship bias, but perhaps a more insidious foe to index con-
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struction is participation bias, which comes into play when a manager sim-
ply opts to stop reporting to an index provider. Unlike survivorship bias,
one cannot simply assume that performance is skewed to the upside by par-
ticipation bias. A fund may elect to stop reporting because performance is
poor, but it is equally likely to stop because of strong performance that
results in the fund closing to new investment. This means that index returns
may be suboptimized from the start, based on past performance assump-
tions that fail to consider a significant amount of upside or downside per-
formance. 

Strategy definitions are another difficult aspect of index construction,
particularly when an index fund offers a strategy subcategory to investors.
An index must have enough strategy categories to capture the primary
nuances in hedge fund investing, but not so many that each category is com-
posed of only one or two funds. These strategy categories are individually
determined by each of the major index providers and vary from index to
index. As such, a fund that traditionally goes long a merger acquisition
target and short the acquirer in a merger may be listed as merger arbitrage
in one index, as event driven in another, as relative value or arbitrage in
another, or even as long/short in yet another. Further complicating the mat-
ter, hedge funds are generally not limited to any one strategy by their offer-
ing documents. Consider again the example of a merger specialist. As
merger deal flow dried up in 2001 and 2002, this manager might have
decided to try a hand at other types of strategies, finally settling on dis-
tressed investing, where deal flow is at an all-time peak. Now, where does
that fund end up in our index? Distressed securities? Opportunistic? Unfor-
tunately, investors who rely on preconstructed indexes have no choice but
to submit to the definitions and classifications assigned by the index
providers. 

To deal with these issues, many of the index providers have developed
rigorous standards to determine strategy classification, attempt to find only
style-pure managers, and have made allowances for reclassification or
removal for strategy drift. However, these measures may remove one of the
key advantages of hedge funds, namely adaptability.

All of these factors combine to create indexes where the performance
of a fund in the same index category may or may not be correlated to other
funds in that same strategy category. Table 14.8 shows the correlations of
10 constituent funds from a convertible arbitrage index. Notice the low cor-
relations between funds, with many below even 0.5. A closer look at these
funds shows that some use higher leverage than others, some utilize a con-
vertible arbitrage strategy with only public converts, while others also
invest in private converts (Reg D investments). Some of the managers use
other forms of arbitrage in their funds, including merger arbitrage and sta-
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tistical arbitrage, but because the main strategy is convertible arbitrage,
they are assigned to a convertible arbitrage index. 

Not only are these managers not correlated to one another, they also
are not particularly correlated to their index. In one SFS study, more than
two-thirds of the funds in the convertible arbitrage universe had a correla-
tion of less than 0.6 to the noninvestable CSFB and HFR convertible arbi-
trage indexes. A correlation of 0.5 is the statistical equivalent of flipping a
coin. Low correlation to an index, by itself, is not a problem. After all,
stocks in the S&P 500 often have low correlations to one another and to
that index. However, it becomes problematic when investors rely on an
index to replicate the performance of the asset class, and there is no good
definition of what constitutes that asset class. 

Adding to the construction issues faced by hedge fund index funds is
the question of whether the index should be asset weighted or equal
weighted, with valid points being made in favor of both types of weightings.
Those index providers that advocate asset weighting believe it is more
indicative of the hedge fund universe as a whole, much like a market cap
weighted stock index. Others believe that equal weighting is preferable
since it tends to avoid some of the herding bias, which can create inconsis-
tencies in the index as investing trends change. 

PERFORMANCE OF HEDGE FUND INDEXES 

Because of the inherent difficulties in constructing a hedge fund index, the
index providers have been left to make their own arbitrary decisions about
the number of funds they include, fund weightings, and strategy classifica-
tions. It is therefore not surprising that there is a fair amount of variation
in terms of construction and performance of these indexes. Table 14.9 illus-
trates some key construction factors and performance variations in three of

Investing in Hedge Funds through Multimanager Vehicles 293

TABLE 14.9 Variations in Investable Hedge Fund Index Construction

Number of 2004 YTD 
Constituent Strategy Performance 

Funds Weighting Diversification (October)

CSFB/Tremont 387 Funds Asset Weighted 10 Strategies 5.12%
MSCI Hedge Invest 110 Funds Asset Weighted 31 Strategies 3.42%
S&P Hedge Fund Index 40 Funds Equal Weighted 9 Strategies 1.15%
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the major investable hedge fund indexes. Note that the performance
through October 2004 varies for each index. 

BENEFITS OF HEDGE FUND INDEX INVESTING 

Despite problems involved with constructing a hedge fund index, they do
offer unique features in hedge fund investing that attracts investors. Two of
the major benefits in hedge fund index investing are liquidity and trans-
parency. Many of the indexes have been constructed to invest in separately
managed accounts (SMAs) rather than in the underlying fund’s limited part-
nership vehicles. Because SMAs usually offer superior liquidity, daily or
weekly in many cases, the index provider has greater flexibility than a fund
of hedge funds manager might enjoy when rebalancing or redeeming from
a manager. In addition, SMAs often offer greater transparency than do
fund vehicles. An index provider can request daily positions directly from
the manager’s prime broker and, in turn, use these to carefully monitor the
underlying investments. However, this does not mean that the end investor
receives this additional, position-level data from the index provider, but
investors will usually get daily or weekly net asset values and can benefit
from transparency at the index level and the maneuverability that increased
liquidity affords the index.

Another potential benefit to investing in a hedge fund index is that,
while there is still an added layer of fees above the underlying fund’s man-
agement and incentive fees, these fees are generally lower than those of an
FoF. For example, rather than charging both a management and perform-
ance fee, the S&P Hedge Fund Index charges between a 1 percent and 5
percent up-front fee and a flat 2 percent annual service fee. The CSFB
Hedge Fund Certificate charges an annual 1.16 percent replication fee, 0.36
percent for currency hedging for the Euro and Swiss franc tranches, and a
one-time sales load of up to 3 percent. For many investors, these fees may
seem more palatable when compared to the management and incentive fees
typically charged by the average fund of hedge funds. 

Additional Considerations When Evaluating Hedge Fund
Index Investments

One important thing to consider when evaluating a hedge fund index is that
these investments are designed to give the investor the performance of the
average hedge fund. For many investors, particularly hedge fund investors,
enduring average returns is unacceptable, particularly since the hedge fund
industry is founded on the principles of absolute and above average returns.
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Index investors essentially end up buying hedge fund beta or the hedge fund
market. Some investors take a chance that through superior manager selec-
tion (either single managers or funds of funds), careful due diligence, and
ongoing monitoring, they can consistently outperform the average fund,
thus generating alpha over the indexes. 

However, given the redemption policy of the average hedge fund and
fund of hedge funds, it can be difficult to actively manage a hedge fund
portfolio. Even if investors decide to redeem from a fund or rebalance a
portfolio, they may have to wait months, a year, or more for their redemp-
tion date. It could therefore be difficult for the average hedge fund investor
to consistently outperform an index, particularly if that index has greater
flexibility in its underlying investments. In addition, for those used to tra-
ditional investments, the concept of matching index performance can be
key, and hedge fund index fund investing could be particularly attractive to
an institutional investor.

CONCLUSION

There is no one-size-fits-all solution in hedge fund investing. Funds of hedge
funds, hedge fund index funds, and single-manager portfolios all have ben-
efits for investors. It is up to the individual or institution to decide which
approach is best, given time, money, and staff considerations, as well as per-
formance and portfolio goals. 
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CHAPTER 15
Performance in the Hedge 

Fund Industry
An Analysis of Short- and Long-term Persistence

Sébastien Gyger, P.-A. Bares, and R. Gibson

I n this chapter we analyze the performance persistence of hedge funds over
short- and long-term horizons. Using a nonparametric test, we first

observe that the relative value and the specialist credit strategies contain the
highest proportion of outperforming managers. We next analyze the per-
formance persistence of portfolios ranked according to their average past
returns. Persistence is mainly observed over one- to three-month holding
periods but rapidly vanishes as the formation or the holding period is
lengthened. We examine the long-term risk-adjusted returns’ persistence of
hedge fund portfolios within an arbitrage pricing theory (APT) framework.
This leads us to detect a slight overreaction pattern that is more pronounced
among the strategies of directional hedge funds.
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INTRODUCTION 

The main objective of this chapter is to analyze the performance persistence
of hedge funds over short- and long-term investment horizons. For that pur-
pose, we rely on a unique proprietary database maintained by Financial
Risk Management (FRM) that contains approximately 5,000 hedge funds.
More precisely, we aim at answering three questions: 

1. Do some hedge funds systematically outperform their investment cate-
gory peers?

2. Do hedge funds portfolios formed on the basis of hedge funds’ past
average return rankings display short- and long-term performance per-
sistence?

3. Do hedge funds display long-term risk-adjusted persistence in perform-
ance?

Within a specific investment category, relative performance can play an
important role in consolidating reputation and for the purpose of attracting
new funds under management. Our methodology differs from the one pro-
posed by Brown, Goetzmann, and Ibbotson (1999) and Agarwal and Naik
(2000c), who compare the number of winners and losers that follow win-
ners or losers and test the significance of the difference from one year (or
quarter in the case of Agarwal and Naik 2000c) to the next. Here we rely
on a nonparametric test to analyze the relative performance persistence of
the funds included in the FRM database over the period that extends from
January 1992 to December 2000. Managers are considered to be persistent
when they compare favorably or unfavorably to their median a number of
times that is significantly different from half the number of return observa-
tions. The analysis is performed for distinct investment strategies and is
based on four different time horizons. While Brown, Goetzmann, and
Ibbotson (1999) find no evidence of performance persistence in raw
returns, we document that specialist credit and relative value dominate the
other investment strategies in terms of the proportion of managers who
consistently outperform their median peers. Besides, there is no evidence that
managers performing above the median are more risky than their peers. 

Understanding the duration and the patterns in hedge funds portfolios’
persistence can offer valuable insights regarding the type of strategies, in
particular, momentum and/or contrarian, that are better suited for hedge
fund investors. Several studies have examined the issue of momentum and
reversal in the stock markets to determine whether trading strategies that
select stocks based on their past returns might be profitable or not
(Jegadeesh and Titman 1993, 2001; Rouwenhorst 1998). We follow a com-
parable path and aim at examining the duration of hedge funds portfolios’
performance persistence. For that purpose, we rank managers according to
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their average returns over 1-month to 36-month formation periods. We
then form five portfolios that contain the top-performing funds and five
others that contain the worst performers. Portfolios are held during periods
that extend from 1 to 36 months. We find evidence of short-term—mostly
over a one-month holding period—persistence, which rapidly vanishes as
the formation and holding periods lengthen. This phenomenon is com-
monly referred to as a hot-hand effect in the mutual fund literature (Hen-
dricks, Patel, and Zeckhauser 1993). We note that the average monthly
return of the best and worst portfolios tends to level out when the holding
period and the formation period extend beyond 12 months. This observa-
tion points toward a half performance reversal while a significant reorder-
ing of the average returns of the portfolios is never observed. This is
documented in DeBondt and Thaler (1985) for U.S. stocks.

It is useful to know whether some managers can consistently generate
superior performance after accounting for their systematic risk exposures
and whether risk-adjusted performance reversals can be observed for some
hedge funds categories over long-term horizons. In order to address these
issues, we rely on the arbitrage pricing theory (APT) framework developed
by Ross (1976) to estimate hedge fund portfolio alphas over two inde-
pendent holding periods. Three observations are worth reporting:

1. The existence of a slight reversal in the portfolio alphas is confirmed
over a 36-month holding period.

2. The directional trading, traditional, and stock selection strategies,
which are the most directional in nature, exhibit the greatest tendency
to overreact.

3. Hedge fund portfolio alphas are very unstable over time.

Overall, our empirical results indicate that investors need to be very cau-
tious when relying on past raw and/or risk-adjusted performance measures
to select hedge fund portfolios for long-term investment horizons. 

DATA DESCRIPTION 

We rely on Financial Risk Management’s hedge fund database, which at the
end of December 2000 contained data on 4,934 funds. FRM is an inde-
pendent research-based investment services company, specializing in con-
structing portfolios of hedge funds to achieve absolute return investment
objectives. Morgan Stanley Capital International, in collaboration with
FRM, has developed a Strategy Classification System that classifies hedge
funds according to three characteristics, namely the investment process,
the asset class, and the geographical region. This structured framework
allows one to group similar funds or funds sharing common characteristics
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together and to build hedge fund indices. The style (or the investment
process) is the core characteristic of hedge fund strategies and describes the
methodology that managers follow when creating and managing their port-
folios. The investment strategy is subdivided into a two-level hierarchy. The
upper level identifies six broad groups of similar strategies, while the lower
level is more specific. FRM uses six distinct upper-level designations:

1. Directional trading (abbreviated DT)
2. Traditional (T)
3. Stock selection (SS)
4. Specialist credit (SC)
5. Relative value (RV)
6. Multistrategy (MS)

The asset class describes the type of securities in which managers invest
(typically equities, fixed income, or convertibles) and geographical region is
the location where the investments originate (countries and/or regions). The
methodology aims at supporting fund managers’ decisions when classifying
their funds within the system. The upper-level investment strategies and
their lower-level subdivisions are fully described in Appendix 15.1. The
FRM database contains information on both live and defunct funds.

Managers report their monthly performance on a fund-by-fund basis in
a net return form. The net return of a fund over a period is defined as the
change in the fund’s net asset value over that period, as a percentage of the
starting value of the fund. This return is adjusted for subscriptions and
redemptions, after periodic fees have been charged. Hedge funds usually
charge two kinds of fees, a management fee and an incentive fee. The man-
agement fee is based on a percentage of the size of assets under manage-
ment. The mean, the median, and the standard deviation of the annual
management fee are respectively equal to 1.3, 1.0, and 0.4 percent (com-
puted over 4,382 reporting funds). The incentive fee gives the hedge fund
manager a percentage of the profits earned by the fund. The mean, the
median, and the standard deviation of the annual incentive fee are respec-
tively equal to 18.8, 20.0, and 2.9 percent (computed over 4,325 reporting
funds). In addition, many funds use a high-water mark, which requires a
manager to recover previous losses before incentive fees can be charged.

We consider managers rather than funds as the standard entity of inter-
est, because managers may have been hired based on their potential skills,
and because they may have managed several funds during the course of
their careers. Consequently, funds managed by the same manager with the
same strategy are linked together from the outset to the end of the sample
period, in order to allow monitoring of performance track record over a
longer time horizon for statistical accuracy. 
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In this study, we define three time periods. The first one extends from
January 1992 to December 2000. This choice is dictated by the availability
of a sufficient number of funds with an adequate number of return obser-
vations. The remaining two periods extend from January 1995 to Decem-
ber 1997 and from January 1998 to December 2000, respectively. In the
first one, the hedge fund industry has benefited from a bull market, while it
has suffered from the Asian and the Russian crises and the turmoil in the
new economy during the second subperiod. 

As can be seen from Appendix 15.1 and as mentioned, each upper-level
investment strategy involves significantly different techniques, financial
instruments, and manager skills to generate returns. In order to character-
ize each of the different investment strategies, we first build six equally
weighted indices, rebalanced every month, to compare the hedge funds’
monthly returns statistics within each style or investment strategy. The sta-
tistics are free of the survivorship bias associated with the database since the
indices include those funds that have ceased to report performance prior to
the end of the sample. We compute the average monthly return, the stan-
dard deviation, and the Sharpe ratio (assuming a risk-free rate of 5 percent
per annum) for each index portfolio. We calculate the downside risk devia-
tion and the skewness and excess kurtosis of the empirical return distribu-
tions to evaluate their departure from the normal. The downside deviation
measures the quadratic deviation of the returns below a specific target
return, in order not to penalize the realizations above the target. We com-
pute the downside deviation as

(15.1)

where r(i) = net return during month i
rf = risk free rate, assuming a risk free rate of 5 percent per annum

l(r(i)<rf)
= the indicator function taking on the value one when r(i)<rf

n = number of observations

Finally, for the sake of completeness, the minimal, maximal return
observations and the linear correlation coefficient with a broad market
index (Standard & Poor’s [S&P] 500) are also displayed. Table 15.1 reports
these monthly summary statistics for the six indices and the number of
funds alive at the beginning and at the end of each period. 

The stock selection style, followed by directional trading, dominates
the other investment strategies in terms of their monthly average return in
each period. In addition, the low and high standard deviations of, respec-
tively, relative value and traditional drive their Sharpe ratios to the extreme
ends of the spectrum. The values of skewness and excess kurtosis suggest

1 1
1

2/ ( ( ) ) ( ( ) )n r i r
i

n

f r i rf
( ) × − ⋅

= <∑
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that the return distributions of certain indices, traditional and relative
value, for example, can deviate substantially from the normal distribution.
Comparison of the two nonoverlapping periods shows that the hedge
funds industry performed poorly during the period that extends from Jan-
uary 1998 to December 2000. The highest decrease in the net monthly
average return when moving from the 1995 to 1997 to the 1998 to 2000
period corresponds to 75 and 108 basis points for directional trading and
traditional, respectively. This supports the view that traditional investment
strategies are the most sensitive to adverse market movements. In compar-
ison, investment strategies oriented toward market neutrality, such as
stock selection and relative value, experience a smaller decrease (28 and 55
basis points, respectively). The last column of Table 15.1 indicates that, as
expected, the traditional and stock selection strategies display a higher lin-
ear correlation with the market proxy index S&P 500. The style that
exhibits the lowest correlation with the market is directional trading.
Finally, the maximal loss for all the investment strategies except directional
trading occurred during the month of August 1998, following the Asian
and the Russian crises.

To conclude this section, we estimate the survivorship bias for each of
the six investment strategies. For that purpose, we build equally weighted
indices of the hedge funds that survived during the entire subperiods
described earlier. During the most turbulent period, extending from Janu-
ary 1998 to December 2000, the annualized difference between the indices
that contain all the funds reporting and the indices that contain the surviv-
ing funds, namely the surviving portfolios, is equal to 1.92, 1.92, 1.44,
0.60, 0.84, and 0.7 percent respectively for the investment strategies men-
tioned. This pattern reverses when we consider the subperiod extending
from January 1995 to December 1997. In that case, the surviving portfolios
are underperforming the observable portfolios by values ranging from 0.05
percent (directional trading and relative value) to 0.14 percent (multistrat-
egy). As mentioned by Ackermann, McEnally, and Ravenscraft (1999),
managers who voluntarily stop reporting are responsible for this pattern.

These figures show that the survivorship bias associated with the FRM
database is smaller than the one generally found in the hedge funds litera-
ture (Brown, Goetzmann, and Ibbotson 1999; Fung and Hsieh 2000).
There are two possible explanations for this difference:

1. Our database does not distinguish between funds that stop reporting
due to self-selection or termination (Ackermann, McEnally, and Raven-
scraft 1999).

2. We compute the survivorship bias over different time periods from
those in previous studies.
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RELATIVE PERFORMANCE PERSISTENCE OF
NONPARAMETRIC INDIVIDUAL HEDGE FUNDS

The first objective of this study is to examine the relative performance per-
sistence of individual hedge fund managers over different time periods. We
distinguish between the six investment strategies mentioned earlier and split
the entire period, which extends from January 1992 to December 2000,
into nonoverlapping subperiods, or time horizons, of either 1, 3, 6, or 12
months. Managers overperform when they compare favorably to the
median performance level of their peers. The converse is true for underper-
forming managers. In this section, the performance of a manager is defined
as his or her total return. Only two outcomes are possible during each sub-
period: The manager is either performing above the median or below. A
manager shows significant performance persistence if we cannot accept the
null hypothesis that the manager performance is equally distributed, with
probability 1⁄2, on each side of the median over time, using a one-sided bino-
mial test. The analysis is conditioned on those managers who report per-
formance during at least five consecutive subperiods. Although it might
introduce a survivorship bias, this is the minimal number of observations
that allows us to test the null hypothesis at a 5 percent significance level.

Compared to the methodologies employed in Brown, Goetzmann, and
Ibbotson (1999) and Agarwal and Naik (2000c) where persistence is exam-
ined over a single horizon, the present technique tests for the existence of
persistence throughout managers’ entire performance history over several
time horizons. Our analysis is similar in spirit to that of Agarwal and Naik
(2000b).

We compute the number of managers who have a significant tendency
to perform above or under the median benchmark (denoted ↑ or ↓), for
each strategy and over each time horizon. The empirical results are dis-
played in Table 15.2.

As the horizon lengthens, the percentage of managers who show rela-
tive persistence decreases. This observation supports the view that high
(and poor) returns exhibit more relative persistence over the short term (1
month) than over longer horizons (12 months). The smallest decrease,
when moving from the 1-month to the 12-month time scale, occurs for the
stock selection managers who are mostly targeting market neutrality. The
results displayed in different rows are not independent from each other,
since a manager who shows persistence over a short time period is more
likely to be persistent over a longer one. We find that two investment strate-
gies consistently beat the others in terms of the proportion of managers that
are consistently performing above their median. Over the shortest horizon
(one month), these are specialist credit with 22.0 percent and relative value
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with 19.3 percent. Over longer horizons (six months), the proportion
reduces to 18.1 and 14.2 percent, respectively. A similar conclusion is
reached with regard to the proportion of managers consistently underper-
forming their peers. Further, we see that in most cases, the proportion of
managers who outperformed their median is similar to the proportion who
underperformed. The only obvious exception concerns the specialist credit
case over a three-month horizon, where 18 out of 85 managers are per-
forming above the median, but 10 out of 85 managers are performing
below the median. Focusing on the 12-month horizon, relative value man-
agers exhibit the greatest propensity to regularly perform above and below
their peers. When looking at persistence from a relative performance angle,
this analysis suggests that specialist credit and relative value dominate the
other strategies. Finally, multistrategy comes in third position when ranking
strategies according to their relative performance over 1-month to 12-
month horizons, which seems to indicate that only a few of these managers
can meaningfully exploit the flexibility to invest in different styles and ben-
efit from their ability to time the market. 

We complete this section by assessing whether relative persistence is
driven by relative return volatility. Schneeweis (1998) shows that forecasts
of future returns are more consistent with prior volatility than with prior
return levels. We are aware of the limitation of volatility as a meaningful
measure of risk in the context of nonnormally distributed returns. We thus
investigate whether relative persistence might be linked to relative skewness
as well. We build a contingency table with those managers who exhibit one-
month rolling performance persistence with higher or lower volatility
and/or skewness levels compared to the median volatility and skewness of
the managers following a similar investment strategy. For the sake of
brevity, we do not display this table, and discuss only those results signifi-
cant at the 5 percent level. Negatively persistent specialist credit (18 man-
agers) display in general low volatility (13 managers) and low skewness
(14), while positively persistent ones display high skewness (15 out of 20
managers). Negatively persistent relative value exhibits low volatility (59
managers out of 78). In addition, we find that positively persistent direc-
tional trading shows low volatility and low skewness. Finally, positively
persistent stock selection display high skewness. 

In conclusion, we have shown that two investment strategies, namely
specialist credit and relative value, dominate the others in terms of the frac-
tion of managers who are consistently performing above their median style
cohort. In addition, it appears that performance persistence is not a conse-
quence of increased return volatility. The main lesson to be learned from
these empirical results is that with the exception of specialist credit and rel-
ative value managers, less than 10 percent of the managers are able to beat
their peers consistently over investment horizons that extend beyond six
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months. This short-term feature of performance persistence may lead to
career concerns and to high volatility in the level of assets under manage-
ment if indeed money is chasing short-term past relative performance. 

THE DURATION OF PERFORMANCE PERSISTENCE OF
HEDGE FUND PORTFOLIOS 

The second objective of this chapter is to examine the duration of the per-
formance persistence of hedge fund portfolios. As a corollary, we wish to
examine if their positive short-term performance persistence is followed by
reversals over longer investment horizons. 

We use 1-, 3-, 6-, 12-, 18-, and 36-month formation and holding periods.
Based on their total returns during the formation period, we rank managers
from best to the poorest performing. Managers must have reported during the
entire formation period to be ranked. We form and hold 10 equally weighted
portfolios, attributing to Portfolio 1 the 20 managers who have performed
the best during the formation subperiod, to Portfolio 2 the managers ranked
from positions 21 to 40, and to Portfolio 5 the managers ranked from posi-
tions 81 to 100. At the opposite, portfolios labeled 6 to 10 contain the 100
worst-performing managers. Portfolios are rebalanced each month and
remain equally weighted during the entire period that extends from January
1992 to December 2000. To ensure that each month enters the analysis only
once, holding periods are chosen to be nonoverlapping, and their length must
be greater than or equal to one of the formation periods. In the case when a
selected manager stops reporting performance, the portfolio is rebalanced
between the remaining funds. Our methodology is designed to limit the
potential impact of survivorship bias. It does not, however, prohibit managers
from disappearing from the portfolios during the holding periods.

Our portfolio construction method differs slightly from the one tradi-
tionally used when examining mutual fund performance persistence (Hen-
dricks, Patel, and Zeckhauser 1993; Elton, Gruber, and Blake 1996) or
when analyzing stock momentum strategies (Jegadeesh and Titman 1993;
Chan, Jegadeesh, and Lakonishok 1996). Instead of building decile portfo-
lios and using all the funds in the sample, we restrict the analysis to the
managers who are ranked in the upper five and lower five extreme portfo-
lios. Two reasons motivate this choice.

1. This ensures that a different number of managers will not enter the analy-
sis over time, which would otherwise be the case given the growing num-
ber of managers reporting their performance in the database, from 427
in January 1992 to 1,377 in December 2000, with a peak of 1,677 in July
1998, and might render forthcoming results more difficult to interpret.
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2. Our portfolio construction methodology is aimed at replicating—as
much as possible—actual investment strategies. Indeed, practitioners
might be interested in implementing strategies limited to a reasonable
number of hedge funds. Constructing decile portfolios does not provide
a relevant answer to this particular issue, since the size of our hedge
fund universe is rather large (up to 1,677 managers).

We do not consider the impact of lockup, redemption, and withdrawal
notice periods in our analysis.

Table 15.3 reports the monthly mean returns and standard deviations
of ranked hedge funds portfolios computed over the period that extends
from January 1992 to December 2000. The mean and standard deviation
of each portfolio are separated by a slash. The portfolios are labeled from
1st to 10th for the best to the worst performer, respectively. We do not dis-
tinguish between the different investment strategies to ensure that a suffi-
cient number of managers qualify for the analysis. The table provides clear
indication of short-term persistence. To check the existence of performance
persistence, we use a two-sample t-statistic at a 5 percent level without
assuming equal standard deviations to compare the average monthly return
of the portfolios numbered 1st to 5th with the average return of the port-
folios labeled 6th to 9th. This requires 20 comparisons in total for each set
of formation and holding periods. In the case where we consider a forma-
tion and a holding subperiod equal to 1–1 month and 1–3 months, we find
that all 20 comparisons are favorable to the portfolios numbered 1st to 5th.

Indeed, the latter significantly outperform the portfolios numbered 6th
to 9th. However, one can also check that this difference loses statistical sig-
nificance as the formation or holding horizon lengthens (except in a few
marginal cases). In comparison, Agarwal and Naik (2000b) find a reason-
able degree of persistence in hedge fund performance over quarterly hori-
zons. The average returns of the best portfolios (1st to 5th) exhibit a
downward tendency as the length of the holding horizon increases. At the
opposite, the mean returns of the worst portfolios (5th to 10th) present an
upward tendency, which is particularly pronounced when the length of the
formation period is short (from one to three months). Therefore, the hedge
fund performance persistence observed is comparable to the hot-hands
effect documented in Hendricks, Patel, and Zeckhauser (1993) for mutual
funds, since it fades away as the formation or holding period lengthens.
Moreover, without achieving a complete reordering of the portfolio average
returns, a half reversal is discernible over longer formation and holding
periods (one year and longer). Indeed, the portfolios’ average returns tend
to level to similar values. The overreaction pattern is not symmetric since it
is more patent for winners than for losers. A full reversal like the one
reported by Lakonishok, Shleifer, and Vishny (1994) is only observed for an
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18-month formation period, but is never statistically significant when using
a two-sample t-statistic.

We observe that the average return does not decrease (or increase) with
the rank of the portfolio as smoothly as is generally the case for the momen-
tum (or reversal) studies carried out in the stock market or when analyzing
the persistence of mutual fund performance. One should therefore be cau-
tious when discussing the existence of under- and overreaction effects in our
hedge fund sample. 

It is interesting that the average monthly return of the worst portfolio
(labeled 10th) is larger than the one of the penultimate portfolio (9th) in 20
cases out of 21. The difference between their average return, however, is
never significant at the 5 percent level. This might be explained by the fact
that the 10th portfolio is riskier than the 9th, in terms of a higher standard
deviation.

An investment strategy based on short-term persistence is trading inten-
sive and requires frequent rebalancing of the portfolio positions. To exploit
the potential benefits documented in this section, one-month holding period
hedge fund strategies should be adopted. Lockup periods and transaction
and redemption fees may significantly reduce or even wipe out gains when
setting up such strategies in the case of hedge funds. Furthermore, due to
their smoothing, the significance of monthly hedge fund returns is ques-
tionable (Getmansky, Lo, and Makarov 2003).

This section provides evidence on the profitability of short-term trend-
following strategies on an average return basis. We now examine the per-
sistence of the risk-adjusted performance of hedge fund portfolios. As
advocated by Elton, Gruber, and Blake (1996), it is necessary to adjust for
systematic risk when measuring performance. It is instructive to observe in
Table 15.3 that the extreme portfolios, those labeled 1st and 10th, exhibit
in most cases the highest standard deviations.

RISK-ADJUSTED PERFORMANCE PERSISTENCE OF
HEDGE FUND PORTFOLIOS IN AN APT FRAMEWORK 

This section examines the long-term performance persistence of hedge fund
portfolios ranked on a risk-adjusted basis. A risk-adjusted framework is
desirable because hedge funds are marketed as being oriented toward
absolute return performance and because the spectrum of their investment
philosophies requires an adjustment for risks to detect superior managerial
skills across the sample. First we describe the methodology we apply to
compute the abnormal return of a hedge fund and to rank the managers
accordingly. Then we present the empirical results obtained with the entire
sample of hedge funds and those obtained for each investment strategy.
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Description of the Methodology 

We rely on principal component analysis (PCA) to extract the factors driv-
ing the hedge fund economy. Our motivation differs from that stated in
Fung and Hsieh (1997a) since we do not intend to provide an economic
interpretation of statistical factors. Although statistical factors lack the
intuitive appeal of macroeconomic factors, they do not suffer the problem
associated with an ad hoc choice of the factors. As mentioned in Elton and
Gruber (1995), if a method other than principal component or factor analy-
sis is used to obtain the factors for testing the APT, one is conducting a joint
test of the APT and of the relevance of the factors that have been hypothe-
sized as determining the securities returns. 

The general procedure used to estimate the hedge funds’ risk-adjusted
performance is described in Appendix 15.2. When a risk factor is not priced
by the market—that is, when its premium is not significantly different from
zero—it is not incorporated into equation 15.4 when estimating abnormal
performance. In addition, since hedge fund managers may be running
dynamic trading strategies (Fung and Hsieh 1997a), the factors, the risk
premia‚ the factor sensitivities, and the abnormal performances may not be
constant over long time periods. We therefore divide the sample period
under analysis that extends from January 1992 to December 2000 into
three subperiods of equal length. Two nonoverlapping holding periods are
investigated. The first extends from January 1995 to December 1997 and
the second from January 1998 to December 2000. The managers are first
ranked according to their abnormal performance computed over a forma-
tion period that extends from January 1992 to December 1994 and from
January 1995 to December 1997, respectively. Note that managers have to
report during an entire subperiod to be eligible to belong to a random port-
folio and thus to enter the principal component analysis. Unfortunately,
since managers must report during at least 36 months to be allowed to form
the statistical factors, a selection bias as well as a survivorship bias might
be introduced at this stage.

Different approaches have been proposed for selecting the appropriate
number of factors. Here, we choose k = 8 factors for two reasons. It is a rea-
sonable statistical compromise between explaining as much as possible of the
individual hedge fund cross-sectional return variations and using a limited
number of factors. In our case, shifting from five to eight factors increases the
model explanatory power from 44 to 54 percent, from 43 to 52 percent, and
from 51 to 60 percent for individual hedge fund managers selected during, the
first, second, and third subperiods, respectively. Also, it is motivated by
Brown and Goetzmann (2003), who suggest that eight distinct factors is suf-
ficient to describe the wide spectrum of hedge fund manager strategies. For
purposes of homogeneity, we select the same number of factors during each

Performance in the Hedge Fund Industry 311

c15_gregoriou.qxd  6/23/05  3:55 PM  Page 311



subperiod. The number of priced factors is equal to six, seven, and seven (out
of eight) for the 36-month subsample periods. The role of those excluded fac-
tors, however, is marginal in explaining the variations in returns of hedge
funds. The proportion of variance explained by the factors excluded from the
APT is equal to 4, 2, and 1 percent for the 36-month periods ending Decem-
ber 1994, December 1997, and December 2000, respectively.

For illustrative purposes, Table 15.4 displays summary statistics of the
parameters estimated in the return-generating process and in the APT pric-
ing equations for each subsample period. In panel A, we use the set of 1,000
randomly drawn portfolios; in panel B, the set of individual managers. Pan-
els A and B reveal that the factors computed with the principal component
procedure have a high explanatory power since the mean of the goodness-
of-fit measure R2 lies between 0.79 and 0.90 for the portfolios and between
0.52 and 0.60 for the individual hedge fund managers. Because portfolios are
formed randomly so that each fund enters approximately the same number
of different portfolios, values of m are not different depending on whether
one considers the random portfolios or the individual funds. In addition,
since we deal with a large number of portfolios, the average value of a is sim-
ilar in panels A and B. The average factor loadings b are much smaller for
the portfolios, due in part to the benefits of diversification. Results are dis-
played in panels C and D for the sets of individual managers exhibiting,
respectively, positive and negative abnormal performance. The results indi-
cate that the fraction of managers with a negative abnormal performance is
chronologically equal to 14.1 percent (58 of 412), 12.6 percent (118 of 935),
and 23.0 percent (219 of 954) and that, on average, they have a higher risk
exposure than those with a positive abnormal performance. Overall, shifting
from the second to the most recent period shows that the average abnormal
performance decreases while the average factor sensitivities increase. There
is strong evidence that hedge fund managers have experienced large factor
risk exposures over the period that extends from January 1998 to December
2000, a period of abrupt events and high market volatility. 

We next follow a comparable methodology to the one described in the
previous section to form the five best and the five worst portfolios, except
that the managers are now ranked according to their abnormal risk-
adjusted performance.

Empirical Results 

In the first step, the analysis is conducted for all the different investment
strategies taken together by forming the five best and the five worst alpha-
ranked portfolios, respectively. Each portfolio contains 20 funds at the
beginning of the holding period and is rebalanced every month. If a hedge
fund return is missing in a subsequent month, then from that moment on,
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the fund is permanently withdrawn from the portfolio and the allocated
capital redistributed among the surviving funds. Results are displayed in
Table 15.5. We report the monthly abnormal return and the average geomet-

ric sensitivity computed during the formation period. We also

report the average monthly return m after 6, 12, 24, and 36 months, the
monthly abnormal return a, and the average geometric sensitivity b
estimated during the holding period.

β β=
=∑( ) /

jj

2 1 2

1

8
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TABLE 15.4 Summary Statistics of Parameters Appearing in the Return-Generating
Process, Equation 15.2, and in the APT Pricing Model, Equations 15.3 and 15.4

Panel A: 1,000 Random Portfolios of 20 Hedge Funds Each

Period
start end # portfolios average(m) average(R2) average(a) median(a) average(b)

01/92 12/94 1000 1.29 0.79 0.78 0.79 1.39
01/95 12/97 1000 1.56 0.85 0.90 0.90 1.73
01/98 12/00 1000 1.15 0.90 0.60 0.60 2.61

Panel B: All Individual Managers

Period
start end # managers average(m) average(R2) average(a) median(a) average(b)

01/92 12/94 412 1.30 0.54 0.79 0.68 3.12
01/95 12/97 935 1.57 0.52 0.89 0.82 3.10
01/98 12/00 954 1.15 0.60 0.60 0.54 4.34

Panel C: Individual Hedge Fund Managers Whose a Is Positive

Period
start end # managers average(m) average(R2) average(a) median(a) average(b)

01/92 12/94 354 1.46 0.53 0.98 0.81 3.04
01/95 12/97 817 1.77 0.52 1.09 0.89 2.94
01/98 12/00 735 1.52 0.61 0.98 0.78 4.19

Panel D: Individual Hedge Fund Managers Whose a Is Negative

Period
start end # managers average(m) average(R2) average(a) median(a) average(b)

01/92 12/94 58 0.30 0.59 –0.39 –0.30 3.63
01/95 12/97 118 –0.13 0.55 –0.51 –0.35 4.22
01/98 12/00 219 –0.07 0.58 –0.66 –0.46 4.90
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Results in panels A and B indicate the existence of a slight reversal pat-
tern in the performance persistence of the hedge funds industry. Both pan-
els indicate that the abnormal performance of the five upper portfolios
decreases from the formation to the holding period, while the converse
holds for the five lower portfolios. The reversal pattern varies over time and
is highly asymmetric, since it is much larger for winners than for losers. This
finding differs from that of DeBondt and Thaler (1985), who found that the
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TABLE 15.5 Monthly Summary Statistics of the Five Upper and Five Lower
Extreme Hedge Fund Portfolios

Panel A: Formation Period from January 1992 to December 1994 and 
Holding Period from January 1995 to December 1997

Formation Holding
Portfolio
Number a b m6 m12 m24 m36 a b

1 3.46 0.85 1.78 1.47 1.86 1.86 1.23 2.77
2 2.77 0.90 2.52 2.17 1.79 1.84 0.86 2.65
3 1.78 0.87 1.84 1.44 1.50 1.07 0.59 2.38
4 1.71 0.78 2.18 2.02 1.59 1.45 0.87 1.34
5 1.35 0.62 1.60 1.31 1.29 1.24 0.56 1.53
6 0.34 0.64 1.68 1.68 1.47 1.38 0.69 1.14
7 0.32 0.82 1.95 1.53 1.46 1.47 0.83 1.87
8 0.37 0.80 1.59 1.66 1.55 1.40 0.66 1.91
9 0.22 0.92 1.15 1.61 1.40 1.38 0.73 1.94
10 –0.28 1.17 0.82 1.82 1.68 1.36 0.64 2.20

Panel B: Formation Period from January 1995 to December 1997 and 
Holding Period from January 1998 to December 2000

Formation Holding
Portfolio
Number a b m6 m12 m24 m36 a b

1 3.88 2.14 0.58 –0.06 0.37 0.25 –0.35 2.76
2 2.87 2.37 0.37 0.09 0.82 0.72 0.04 2.41
3 2.49 1.91 0.35 0.10 0.94 1.26 0.83 2.04
4 2.23 2.55 –0.53 –0.23 1.34 1.00 0.56 4.47
5 2.04 2.42 –0.05 –0.54 1.18 1.47 0.95 4.62
6 –0.12 1.67 –0.29 –0.82 0.67 0.33 0.10 2.29
7 –0.26 2.64 –0.15 0.66 0.88 0.60 –0.04 2.73
8 –0.43 2.72 0.41 0.77 1.18 0.76 0.14 2.47
9 –0.66 2.28 –0.34 –0.50 2.07 1.12 0.17 6.08
10 –1.53 3.66 –1.68 0.42 2.63 0.79 0.22 5.91
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overreaction effect in the stock market is dominated by securities that have
performed poorly over a prolonged past formation period. Similarly to the
previous section, the results do not reveal a monotonic relation between ex-
post performance (the monthly abnormal performance) and portfolio
ranks. Hence, hedge funds do not exhibit reversal patterns that are compa-
rable in magnitude to those reported for example by DeBondt and Thaler
(1985) and Lakonishok, Shleifer, and Vishny (1994). Panel A indicates that
the best portfolio, that with abnormal performance of 1.23 percent per
month, clearly outperforms the other nine portfolios by about 0.52 percent
per month, or 6.19 percent per year. Panel B indicates that this feature does
not repeat during the 1998 to 2000 period, since Portfolio 1 then displays
the worst ex-post abnormal performance. This result suggests that the ben-
efit of forming portfolios of winning managers selected on a risk-adjusted
basis is period specific and thus unstable. In terms of the average monthly
return computed over the first 6, 12, 24, and 36 months, the overreaction
pattern reaches a peak 24 months after the starting month during the sec-
ond holding period: The mean across the respective average monthly
returns of the five upper and five lower portfolios is equal to 0.93 percent
and 1.48 percent in that case. There is some evidence that the highest over-
reaction is reached 12 months after the starting month for the first holding
period. Regarding the sensitivities, the average betas are somewhat larger
for winners in panel A, while they are much larger for losers in panel B. In
order for the betas to be meaningful, and to be able to compare them from
one period to the other, we standardize all statistical factors to have a unit
variance (see Appendix 15.2).

Finally, one sees that the sensitivities computed either during the for-
mation or the holding periods increase from the first to the second sub-
sample periods. Hence, our empirical results point to a slight overreaction
in hedge fund portfolios’ returns that seems to be more pronounced in sim-
ple than in risk-adjusted returns and that is more pronounced under
extreme market conditions.

In the second step, we conduct the risk-adjusted performance analyses
while differentiating among the six investment strategies. The analyses are
carried out following the same methodology, the only differences being that
the number of funds incorporated at the beginning of each holding period
in the extreme portfolios is equal to 5 for the specialist credit strategy and
is equal to 10 for the five remaining strategies, and that we only construct
and display results for the two upper and the two lower portfolios. These
choices are dictated by the small size of the sample of available managers
by strategy. Results are reported in Table 15.6. We report only the monthly
abnormal performance. The sequence of alphas does not possess similar
characteristics across the different strategies, and the alphas are not homog-
enous over time. The directional trading, traditional, and stock selection
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strategies reveal an instructive result. Panels A and B suggest that these
styles possess the most pronounced overreaction patterns. One potential
explanation is that directional hedge fund strategies (especially stock selec-
tion) may be related to the well-documented presence of a reversal effect in
the stock market. A different type of alpha sequence is proper to the multi-
strategy, which clearly displays the strongest continuity of risk-adjusted
performance. This feature strongly supports the view that long-term non-
contrarian investors may benefit from the diversification potential of this
strategy on a risk-adjusted basis. 

In the specialist credit strategy, the winner portfolio shows the largest
abnormal performance among all strategies over the two holding periods.
Due to the limited number of funds included in this category (62 at the end
of 2000), this observation should be taken with caution.

It is worthwhile to mention that the APT analysis should ideally be per-
formed using all assets in the economy, whereas our universe is limited to
hedge funds. The impact of this restrictive assumption is somewhat miti-
gated given that hedge fund managers are known to invest in a wide spec-
trum of asset classes and in different markets. Furthermore, the APT might
not be the most appropriate model to capture the nonlinearities characteriz-
ing hedge fund returns. Yet we find that the null hypothesis of normally dis-
tributed hedge fund managers’ returns cannot be accepted in 92 cases out of
412 for the first subperiod (using a one-sample Kolmogorov-Smirnov test at
a 5 percent significance level), but that this number drops to 32 when we test
for the normality of the return residuals. For the second subperiod, the num-
ber of cases diminishes from 208 to 94 (out of 935), and of the third subpe-
riod it diminishes from 338 to 125 (out of 954). Furthermore, this potential
drawback is mitigated by the use of statistical factors, which already capture
the individual hedge funds’ nonlinear exposures. 

To conclude this section, it is worth recalling that the alphas of hedge
funds, as obtained by the APT, do not account for transaction costs that fol-
low from implementing strategies intended to benefit from reversal pat-
terns, nor for the lock-in over prescribed time periods. Transaction costs
play an important role in explaining the apparent excess returns of hedge
funds, as suggested for risk-arbitrage strategies by Mitchell and Pulvino
(2001). Finally, our results may suffer from a selection bias inherent in the
construction of our portfolios during the formation period. 

CONCLUSION 

In this chapter, we investigate an important issue in the hedge fund indus-
try, namely the performance persistence of hedge funds. We used a binomial
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representation to examine the existence of relative performance persistence
among individual hedge funds. The methodology differs from the one pre-
sented in past hedge fund studies, in that managers are considered to be per-
sistent when their total return compares favorably or unfavorably to their
median style cohort a number of times that is significantly different from
half the number of return observations. The analysis was performed for dis-
tinct investment strategies and was based on different holding periods rang-
ing from one month to one year. We found the specialist credit and relative
value investment strategies to contain the highest proportion of managers
who are continuously outperforming their peers and that persistence van-
ished rapidly as the time horizon lengthened. The analysis displayed no evi-
dence that persistence is driven by return volatility, except in the case of
relative value hedge funds. 

We analyzed the duration of the performance persistence in more detail
by examining under- and overreaction patterns in hedge fund portfolio per-
formance. We ranked managers according to their past realized returns over
1-month to 36-month formation periods. We then formed five portfolios
that contained the top-performing funds and five others that contained the
worst performers. Portfolios were held during periods extending from 1 to
36 months. Even though the results did not reveal a monotonic relationship
between ex-post performance and portfolio ranks, we observed significant
short-term (one to three months) persistence. This hot-hand effect, as it is
usually referred to in the mutual fund literature, vanished rapidly as the for-
mation or holding period was lengthened. A complete reversal of the port-
folios’ average return only occurred (but was not statistically significant) for
an 18-month formation period and a holding period equal to 18 or 36
months. 

Finally, we used the APT model as a performance-ranking criterion.
When we ranked the managers according to their abnormal performance
computed over a 36-month formation period, we detected a slight overre-
action pattern at long-term horizons when the analysis was conducted for
all the different investment strategies taken together. When we distinguished
between the different investment strategies, we noticed that directional
trading, traditional, and stock selection strategies exhibited the highest
propensity to reproduce the overreaction patterns revealed in previous
stock market studies. Overall, these results confirm previous empirical evi-
dence regarding the short-term persistence of hedge fund portfolios, but
they also shed new light on their performance tendency to revert over long-
term horizons. The latter finding should be a matter of concern to long-
term investors who decide to stay committed to hedge funds with good
historical track records. The latter observation should also have direct
implications for studying the career concerns and the volatility of funds’
flows within the hedge fund industry. 
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APPENDIX 15.1 DESCRIPTION OF FRM MAIN
INVESTMENT STRATEGIES 

Here we briefly describe the six distinct investment strategies considered by
Financial Risk Management and Morgan Stanley Capital International
when developing the MSCI hedge fund indices. The following description is
based heavily on FRM documents.

Directional trading strategies are based on speculating on the direction
of market prices of currencies, commodities, equities, and bonds, in the
futures and cash markets. The key to this investment strategy is the fact that
managers can quickly reverse their positions to take advantage of market
opportunities. Strategic allocation (often referred to as global macro) man-
agers are typically opportunistic and move between markets and instru-
ments based on their forecasts of changes in interest and exchange rates.
They are long term in nature and establish market positions to take advan-
tage of broad macroeconomic trends. Discretionary traders use fundamen-
tal analysis to identify profitable trades. The trades are usually based upon
participation in market-driven price actions. The portfolio turnover is often
very high since the positions are held for short time periods. The key dif-
ference between discretionary and systematic traders is that the former
make the final investment decision, while the latter rely on computer trad-
ing models based decisions implemented in a systematic fashion.

Traditional is a long-only investment strategy, which includes growth,
value, and tactical allocation substrategies. The growth managers attempt
to find shares of companies that are growing and will continue to grow rap-
idly, while the value managers aim to find companies whose shares are
undervalued compared to similar companies. The objective of tactical allo-
cation managers is to obtain returns above benchmarks with lower volatil-
ity by forecasting the returns of several asset classes and varying exposure
accordingly.

Stock selection managers combine long positions and short sales with
the aim of benefiting from their superior ability to select stocks while off-
setting systematic market risks. Market exposure can vary substantially,
leading to a wide range of risk and return profiles. Managers attempt to
find opportunities that they consider to be under/overvalued and then buy
and sell positions accordingly, before the market reacts. Managers may
attempt to remove all market exposure by balancing long positions and
short sales to achieve beta neutrality, or to maintain market exposure to
desired levels. They are classified under the following substrategy designa-
tions: long, short, no, or variable bias.

Specialist credit managers lend to credit-sensitive issuers. Their ability to
perform a high level of due diligence, to precisely time the investments, and
to properly manage credit risk governs the success of their investments.

Performance in the Hedge Fund Industry 319
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Distressed securities managers invest in the securities of firms in or near
bankruptcy and negotiate the terms of the restructuring. Positive-carry
managers participate in large portfolios of credit-sensitive securities, with a
view to making a positive carry over their funding rate. Private placement
managers make short- to medium-term privately placed investments issued
by companies that are in need of rapidly available capital. The deals typi-
cally involve investments in debt instruments with free options to buy the
company’s stock at a low price.

Relative value managers attempt to hedge out most market risk by
taking offsetting positions, often in different securities issued by the same
issuer. The opportunities being exploited have low risk and low returns.
Therefore, many managers use leverage to amplify the returns to attrac-
tive levels. Managers aim for market neutrality and actively hedge sys-
tematic risks using a variety of instruments. Convergence arbitrage
focuses on capturing anomalies in the price spreads between related or
similar instruments. The assets most frequently traded include convert-
ibles, equities, fixed income, and mortgages. Merger arbitrage seeks to
capture the price spread between current market prices of securities and
their value on successful completion of a takeover, a merger, or a restruc-
turing. Statistical arbitrage is a model-based investment strategy that aims
to build long and short portfolios whose relative value is currently differ-
ent from a theoretically or quantitatively predicted value. The portfolios
generate profits as future security prices converge to some equilibrium-
model prices.

Finally, multistrategy managers employ two or more of the preceding
investment strategies to a significant extent.

APPENDIX 15.2 THE APT MODEL

The APT approach (Ross 1976) is based on the assumption that security
returns can be described by a small number k of factors, which translates
into this linear return-generating process 

(15.2)

where rit = return of security i at time t
mi = expected return
~
fjt = jth standardized factor, with zero mean and unit variance
bij = sensitivity (factor loading) of security i on factor j
eit = error term

r fit i ij jt it
j

k

= + +
=
∑µ β ε

~

1
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Each factor is common to all securities, but what distinguishes one
security from another is its loading on the factors and also its residual risk.
The APT pricing equation that arises from the return-generating process
and from the no-arbitrage assumption (equation 15.3) can be written as 

(15.3)

where lj = unitary risk premium for the jth factor
l0 = risk-free rate, or zero beta

The coefficient lj represents the expected return of a basis portfolio
that is only subject to a unit risk on factor j, while l0 can be interpreted as
the risk-free rate (or zero beta). The abnormal performance of security i,
denoted ai, is written

(15.4) 

If a security’s average return conforms to the APT, then ai as defined by
(15.4) should be zero.

The last step before computing the abnormal performance of each man-
ager is to estimate the common systematic factor risk premia. This stage is
performed using equation 15.3. A single least-squares regression of the mean
returns vector m→ on the k sensitivity predictors b

→

1, . . . ,b
→

k produces the factor
premia and their standard deviations. We do not expect each factor to be
associated with a risk premium that is significantly different from zero. If
the null hypothesis that a specific risk premium is equal to zero is accepted,
this corresponds to not paying an extra return for bearing the risk associ-
ated with the related factor, since it can be diversified away. Such a non-
priced factor does not contribute to expected returns, even though it helps
to explain the variability of manager returns. Finally, the abnormal per-
formance ai is estimated by substituting mi, lj, and the bij into Equation
15.4. Note that only those values of bij that are significantly different from
zero are used for the calculation (the others are set to zero).

α µ λ λ βi i j ij
j

k

= − −
=
∑0

1

µ λ λ βi j ij
j

k

≅ +
=
∑0

1
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CHAPTER 16
Further Evidence on 

Hedge Fund Performance
A Calendar-Time Approach 

Maher Kooli 

Previous work has suggested that hedge funds can outperform a market
index, and the purpose of this chapter is to examine the robustness of

this finding. We reexamine the evidence on the long-term returns of hedge
funds using a calendar-time approach with a set of hedge funds indices over
the period 1995 to 2003. We also compare abnormal performance based on
a number of alternative methods including the capital asset pricing model,
the General Autoregressive Conditional Heteroskedastic (GARCH) estima-
tion, the Fama and French (1993) three-factor model, and the Ibbotson
(1975) returns across time and securities (RATS) technique. We find that
hedge funds as a whole deliver significant excess returns and managers seem
to prefer smaller stocks.

INTRODUCTION 

The early 1990s saw the explosive development of hedge funds. Even though
the attraction of these funds was tempered by many huge losses suffered in
1994 and 1998, the hedge fund industry continued to prosper. According
to Van Hedge Fund Advisors International, http://www.vanhedge.com, the
hedge fund industry has been growing at an average yearly rate of over 17
percent over the last decade, and significant growth is expected to continue.
For instance, Van Hedge reports a total of 8,100 global hedge funds man-
aging around $820 billion in capital for the year 2003. These funds are
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gaining in popularity and performance, attracting new investors around the
world. They are like mutual funds in that a fund manger invests a pool of
money obtained from investors. However, unlike mutual funds, hedge
funds are not required to register with the Securities and Exchange Com-
mission (SEC), are generally free to pursue almost any investment style they
wish, are not required to maintain any particular degree of diversification
or liquidity, and are limited to financially sophisticated investors. 

The importance of the hedge fund industry justifies the growing body
of research that attempts to evaluate the performance levels and persistence
of these funds. However, results of previous studies are controversial. Agar-
wal and Naik (2000b) find that persistence in hedge funds performance
exists. Brown, Goetzmann, and Ibbotson (1999) find that offshore hedge
funds display positive returns adjusted for risk, but they attribute this per-
formance to style effect. Ackermann, McEnally, and Ravenscraft (1999)
and Liang (1999), who compare the performance of hedge funds to mutual
funds and several indices, find that hedge funds constantly obtain better
performance than mutual funds, although lower than the market indices
considered. Fung and Hsieh (1997a) and Schneeweis and Spurgin (1997)
show that including hedge funds in a portfolio can significantly improve its
risk/return profile, due to their weak correlation with other financial secu-
rities. Amin and Kat (2003a) find that stand-alone investment hedge funds
do not offer a superior risk/return profile, but when hedge funds are mixed
with the Standard & Poor’s (S&P) 500, they do. These divergent results can
partly be explained by the limited access to individual fund data and the
private characteristics of each hedge fund.

The work in this study is closely related to that of Capocci and Hübner
(2004) but differs through the use of a different approach to measure hedge
fund performance, never previously used in this context, as well as differ-
ent statistical tests.

DATA AND METHODOLOGY

Hedge Fund Data

As stressed by Ackermann, McEnally and Ravenscraft (1999), Brown,
Goetzmann, and Ibbotson (1999), Fung and Hsieh (2000), and Brown,
Goetzmann, and Park (2001), among others, performance data from hedge
funds databases and indexes suffer from serious biases. These biases can
make historical return hedge funds performance difficult to interpret and
may severely hinder statistical inference (Hendricks, Patel, and Zeckhauser
1993; Carhart, Carpenter, Lynch, and Mosto 2000). In this study, to mini-
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mize such issues, we use hedge fund indices rather than individual funds.
Van Hedge Fund Indices are the industry’s first performance benchmarks
and are based on a large and representative sample of hedge funds. Initially
compiled in 1994 and published in 1995, the Van Hedge Fund Indices
reflect the average performance of hedge funds back to 1988. The indices
are currently produced on a monthly basis in three primary forms. The Van
Global Hedge Funds Index represents the average performance of hedge
funds around the world and therefore tracks the performance of the over-
all hedge fund universe. The Van U.S. Hedge Funds Index represents the
average performance of hedge funds domiciled in the United States only.
The Van Offshore Hedge Funds Index represents the average performance
of hedge funds domiciled outside the United States. For each of these
indices, average returns are published for the overall group and for various
categories within the overall group as defined by investment strategy. Funds
of funds are not included in the Van indices. All index returns are based on
hedge funds returns that are net of fees, and are simple non–dollar-weighted
averages. Index returns for different time periods may be based on different
funds, depending on the hedge funds reporting to Van at the time. In this
chapter, we consider only Van U.S. Hedge Funds U.S. indices, representing
those funds that must register with the SEC and are subject to the modest
regulations imposed by the National Securities Markets Improvement Act
(NSMIA) of 1996. Almost all U.S. hedge funds have their main offices in
the United States. 

For this study, we retain 18 Van U.S. Hedge Funds indices with avail-
able data for the 1995 to 2003 period.

Market Proxy and Risk-Free Return

Following Fama and French (1993) and Capocci and Hübner (2004), we
choose the value-weighted portfolio of all New York State Stock Exchange,
Amex, and Nasdaq stocks as a market index. Agarwal and Naik (2004) use
the Russel 3000 instead. The comparison of descriptive statistics of the two
proxies suggests that they are very similar. The results of this study should
not be influenced by the choice of market proxy. We use the one-month T-
bill from Ibbotson Associates as the risk-free rate.

Methodology

In the hedge fund literature, different models have been used in perform-
ance evaluation. Capocci and Hübner (2004) note that it is necessary to
realize performance studies based on multifactor models, rather than simply
use the capital asset pricing model (CAPM), but there exists no unani-
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mously accepted model. In line with these researchers, we use five specifi-
cations to compare the results obtained.

Market Model We use the CAPM, developed by Sharpe (1964) and Lintner
(1965), as the Market Model and assume that hedge fund returns follow the
CAPM (equation 16.1):

(16.1)

where Rjt = rate of return of the hedge fund j at month i
RMt = rate of return of a market index at month t

bj = parameter that measures the sensitivity of Rjt to the market
index

ejt = error term with an expected value of zero and that is uncor-
related with RMt uncorrelated Rkt with for k ≠ j, not auto-
correlated, and homoskedastic

Define the out- or underperformance relative to the market proxy
(equation 16.2) used (the abnormal return) for the fund on month t as

(16.2)

where a∧

j and b
∧

j = the ordinary least squares estimates of aj and bj.
The average abnormal return AARt is the sample mean (equation 16.3):

(16.3)

where t is defined in trading days relative to the event date. For example,
t = 60 means two trading months after the event. 

Over an interval of two or more trading months beginning with month
T1, and ending with T2, the cumulative average abnormal return (equation
16.4) is:

(16.4)

Market Model with GARCH Estimation The performance of the hedge fund is
measured using a single-actor market model with GARCH(1,1) errors as in
equation 16.5:

CARR
N

AT T jt
T

T

j

N

1 2

1

21

1
, = ∑∑

=

AAR

A

Nt

jt
j

N

= =
∑

1

A R Rjt jt j j Mt= − +( ˆ ˆ )α β

R Rjt j j Mt jt= + +α β ε
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for t = 1,2, . . . ,T (16.5)

where Rjt = return of fund j in month t
Rft = risk-free return in month t

Rmt = return of the market portfolio in month t
εjt = error term in month for fund j in month t

aj, bj = intercept and slope of the regression, respectively

In this model, conditional on ψt−1, the information set at time t−1, the
errors are distributed with mean zero and conditional variance hjt given by
the GARCH(1,1) process (equation 16.6):

(16.6)

with wj > 0, dj > 0, gj > 0, and dj + gj < 1. We estimate the parameters by
maximum likelihood.

Fama-French Calendar Time Portfolio Regressions The Fama and French
(1993) three-factor model is estimated from an expected form of the capi-
tal asset pricing model developed by Sharpe (1964) and Lintner (1965)
regression. It takes the size and the book-to-market ratio of the firms into
account. It is estimated from this following extension of the CAPM regres-
sion (equation 16.7)

for t = 1,2, . . . ,T
(16.7)

where SMBt = factor-mimicking portfolio for size (small minus big)
HMLt = factor-mimicking portfolio for book-to-market equity

(high minus low)
gt = regression coefficient for SMB

lt = regression coefficient for HML

A portfolio is formed monthly in calendar time. Portfolios are equally
weighted. The regression is estimated on portfolio returns. The estimate of
the average abnormal return is aj = 0. We use ordinary least squares to esti-
mate the model and test the null hypothesis aj = 0.

Ibbotson’s Returns Across Time and Securities Model The returns across
time and securities, or RATS (Ibbotson 1975), procedure requires that the
first-period returns from all funds be regressed on the concurrent market

R R R R SMB HMLjt ft j j Mt ft t t t t jt− = + − + + +α β γ λ ε( )

h hjt j j j t j j t= + +− −ω δ γ ε, ,1 1
2

R R R Rjt ft j j Mt ft jt− = + − +α β ε( )
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returns to produce a single beta estimate for all funds during the first
period. This procedure is repeated for each subsequent time period to pro-
duce a time series of cross-sectional beta estimates. This procedure allows
the estimate of beta to vary during the returns window. The betas of each
fund should vary over time as new information about the fund is available.
The RATS model is equation 16.8:

for t = 1,2, . . . ,T (16.8)

where Rjt = return of fund j in month t
Rft = risk free return in month t

Rmt = return of the market portfolio in month t
εjt = error term in month t

aj, bj = intercept and the slope of the of the regression, respectively

Unlike the conventional market model, the RATS regression is esti-
mated for each month. The estimate of the out- or underperformance rela-
tive to the market proxy used (abnormal return) is aj. We use ordinary least
squares to estimate the model and test the null hypothesis that aj = 0.

Fama-French Factors with Ibbotson’s RATS Model The modified version of
the RATS model incorporates Fama-French (1993) factors, as in equation
16.9:

for t =1,2, . . . ,T
(16.9)

where SMBt = factor-mimicking portfolio for size (small minus big)
HMLt = factor-mimicking portfolio for book-to-market equity

(high minus low)

The regression is estimated for each month. The estimate of the abnor-
mal return is aj. We use ordinary least squares to estimate the model and
test the null hypothesis aj = 0.

Calendar-Time Approach and Portfolio Formation

In this chapter, we employ the calendar-time method developed by Jaffe
(1974) and Mandelker (1974), also adopted by Loughran and Ritter
(1995), and, more recently, by Brav and Gompers (1997) to measure the
long-run performance of initial public offerings. Loughran and Ritter
(1995) point out that in the presence of cross-correlation in contemporane-

R R R R SMB HMLjt ft j jt Mt ft t t t t jt− = + − + + +α β γ λ ε( )

R R R Rjt ft j jt Mt ft jt− = + − +α β ε( )
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ous returns, t-statistics assessing the significance of abnormal returns are
likely to be overstated since the test assumes that the observations are inde-
pendent. The calendar-time approach controls for cross-correlation, and
Lyon, Brad, and Tsai (1999) show that it yields well-specified test statistics.
This approach involves calculating average returns of rolling, calendar-time
portfolios of event stocks or funds. Specifically, for each calendar month,
we form an equally weighted t-month portfolio set up to include any hedge
funds index that has a return during the previous t-months, for t = 12, 24,
36, 48, 60, 72, 84, and 96 months. This calendar-time approach has the
added advantage in that it provides a direct measure of the opportunities
available to investors attempting to exploit any abnormal performance.

Statistical Tests 

Here we describe the statistical tests of hedge fund abnormal returns. To
test the null hypothesis that the mean abnormal return is equal to zero for
a sample of n funds, we first employ a cross-sectional t-statistic. The stan-
dard error for this test for each month is computed across securities, not
across time.

Neyman and Pearson (1928) and Pearson (1929) indicate that skew-
ness has a greater effect on the distribution of the t-statistic than does kur-
tosis and that positive skewness in the distribution from which observations
arise results in the sampling distribution of t being negatively skewed. This
leads to an inflated significance level for lower-tailed tests, so that reported
p-values will be smaller than they should be, and a loss of power for upper-
tailed tests, so that p-values will be too large. To eliminate the skewness bias
when long-run abnormal returns are calculated, we use the bootstrapped
skewness-adjusted t-statistic. 

HEDGE FUND PERFORMANCE 

Basic Performance

Panel A of Table 16.1 contains descriptive statistics of the hedge funds
indices considered in this study. We compare hedge funds data against
descriptive statistics of the market proxy, the Morgan Stanley Capital Inter-
national (MSCI) World excluding the United States, Fama and French (1993)
small minus large (SML) and high minus low (HML) factors, Lehman U.S.
Aggregate Bond Index, Lehman BAA Corporate Bond Index (default spread),
and panel B of Table 16.1. Panel A shows that the highest mean return was
achieved by the U.S. Opportunistic Index (20.62 percent) followed by the
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Value Index (20.47 percent) and by the Long/Short Equity Group Index
(19.02 percent). Indices that offer the lowest mean return are Short Selling
Index Foreign Exchange (−4.40 percent), Macro Index (6.32 percent), and
Specialty Strategies Group Index (9.75 percent). The geometric mean return
of the 18 indices is 13.61 percent. When standard deviation is taken into
account through the Sharpe ratio, the results change somewhat. Indices
offering the best Sharpe ratio are the U.S. Market Neutral Arbitrage Index,
with a Sharpe ratio of 2.49, followed by the Market Neutral Securities
Hedging (2.01) and the Market Neutral Group Index (1.87). The worst
Sharpe ratio is obtained by the Short Selling Index (−0.23), which is also in
the worst-performing indices when risk is not taken into account.

Panel B of Table 16.1 shows that the mean return of the Market Proxy
is 11.78 percent and that this mean return is statistically significant. This
large value indicates that the period under study is bullish. The mean excess
premium of the MSCI World excluding the United States is an insignificant
0.43 percent per month. The average SMB and HML returns are insignifi-
cant, unlike the results obtained by Fama and French (1993). The highest
mean return was obtained by the S&P 500 for equity and by the Lehman
BAA Corporate Bond Index for the bond. On average, the Sharpe ratio
obtained by the 18 hedge funds indices (1.06) is higher than the one for the
Market Proxy (0.47).

Correlation

Table 16.2 reports correlation coefficients among and between hedge funds
indices and passive strategies. Panel A reports correlations among hedge
funds indices. There is a high variability between different indices, ranging
from 0.96 (between Long/Short Equity Group Index and Aggressive
Growth Index) to −0.86 (between Long/Short Equity Group Index and
Short Selling Index). Twenty-six correlation coefficients (17 percent of
them) are greater than 0.70, and 25 (16.34 percent) are negative. In partic-
ular, Short Selling Index is negatively correlated with all the other hedge
fund indices except with the Futures Index and the Specialty Strategies
Group Index.

Panel B reports correlation coefficients between hedge funds indices
and equity, bond and commodity indices. Correlation coefficients between
hedge funds indices and the Market Proxy are, in 11 cases, greater or equal
to than 0.5. They are always smaller than 0.3 with the Goldman Sachs
commodity index and than 0.5 with bond indices. Amin and Kat (2003a),
among others, report a weak correlation between hedge funds and other
securities. Hence, the addition of hedge funds to a traditional portfolio
should improve its risk/return trade-off.
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Panel C displays correlations among passive strategies. All coefficients
between equity market indices are higher than 0.75. Thus, the choice of a
market index should not alter the results of this study. 

Hedge Fund Performance

Here we attempt to determine whether hedge funds outperformed the mar-
ket during the 1995 to 2003 period. 

Performance Measurement Using the CAPM The first performance model
used is the CAPM-based single index model. Table 16.3 reports the results
for the whole sample for the 1994 to 2003 period. We estimate each fund
index individually using the calendar-time approach. Thus, funds are
formed into portfolios by event date. A portfolio standard deviation is esti-
mated from the time series of portfolio abnormal returns in the estimation
period and used to standardize the portfolio return.

Starting from 1994, all hedge fund indices outperform the market.
In all cases, the alphas are significant. Moreover, only two funds have
negative five years of the portfolio’s construction. After 96 months, the
cumulative abnormal return for the sample is 61.17 percent, with a boot-
strapped skewness-corrected t-statistic of 4.58, which corresponds to an
abnormal return of 0.63 percent per month. 

For a robustness check, we use the CAPM with Ibbotson’s (1975)
RATS procedure that allows the estimate of beta to vary during the returns
window (panel B of Table 16.3). For each calendar month in the period
1995 to 2003, we confirm the outperformance of hedge funds portfolio.
For example, after 12 and 96 months of VAN portfolio’s formation, the
cumulative abnormal performance is 18.61 percent, with a t-statistic of 9.50,
and 106.58 percent, with a t-statistic of 13.99, respectively. These translate
to abnormal returns of 1.55 and 1.11 percent per month, respectively.

For the robustness of the results, we also perform an additional test in
the context of the calendar-time approach. We estimate abnormal perform-
ance using the GARCH extension. Panel C of Table 16.3 reports the result
with the CAPM using GARCH extension. It shows that the long-run
performance of the hedge funds portfolio is again significantly positive. For
a period of 96 months, the cumulative abnormal return for the sample is
60.64 percent with a bootstrapped skewness-corrected t-statistic of 4.47,
which corresponds to an abnormal return of 0.63 percent per month.

Performance Using the Fama and French Three-Factor Model In panel A of
Table 16.4, we report the results for Fama and French (1993) three-factor
model applied to hedge funds indices. The table reveals the premium on the
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TABLE 16.3 Performance Measurement Using the CAPM on 
Van U.S. Hedge Fund Indices, 1995 to 2003

Panel A: Performance Measurement Using the CAPM

Calendar Mean Abnormal Positive: Cross-sectional Bootstrapped Skewness
Month Return (%) Negative t-statistic Corrected t-statistic

12 5.69 13:5 2.40 2.42
24 12.92 15:3 3.29 3.55
36 16.96 14:4 2.81 2.51
48 14.83 13:5 1.55 1.33
60 31.75 14:4 3.22 2.48
72 43.79 16:2 3.83 2.88
84 52.05 16:2 4.35 3.58
96 61.17 16:2 4.46 4.58

Panel B: Performance Measurement Using the CAPM with 
Ibbotson (1975) RATS Procedure

Calendar Mean Abnormal Positive: Cross-sectional Bootstrapped Skewness
Month Return (%) Negative t-statistic Corrected t-statistic

12 18.61 13:5 9.50 —
24 35.52 15:3 11.60 —
36 49.39 14:4 13.74 —
48 58.19 13:5 11.25 —
60 82.71 14:4 14.19 —
72 96.47 16:2 13.74 —
84 102.22 16:2 13.90 —
96 106.58 16:2 13.99

Panel C: Performance Measurement Using the CAPM with 
GARCH Estimation

Calendar Mean Abnormal Positive: Cross-sectional Bootstrapped Skewness
Month Return (%) Negative t-statistic Corrected t-statistic

12 5.62 13:5 2.37 2.37
24 12.80 15:3 3.25 3.47
36 16.77 14:4 2.77 2.44
48 14.58 13:5 1.52 1.29
60 31.44 14:4 3.17 2.42
72 43.41 16:2 3.78 2.82
84 51.59 16:2 4.28 3.47
96 60.64 16:2 4.39 4.47

c16_gregoriou.qxd  6/23/05  4:09 PM  Page 337



SMB factor is significantly positive. It seems that all hedge funds managers
prefer smaller stock. However, the HML factor does not prove to be a
strong indicator of hedge fund behavior. On average, we find an alpha of 0.61
percent per month, which is statistically significant at the 1 percent level.
Again, we confirm that the hedge funds strategies can outperform the market.

Panel B of Table 16.4 reports the result of Fama and French (1993)
three-factor model applied to hedge funds indices using RATS procedure.
Results confirm that hedge funds indices can outperform the market. For
example, after 96 months of Van Hedge portfolio formation, the cumula-
tive abnormal performance is 60.64 percent, with a t-statistic of 13.99. This
translates to an abnormal return of 0.63 percent per month, a result that
matches that obtained using the calendar-time approach with the Fama and

338 RISK AND PERFORMANCE MEASUREMENT

TABLE 16.4 Performance Measurement Using the Fama and French (1993) 
Three-Factor Model on Van U.S. Hedge Fund Indices, 1995 to 2003

Panel A: Fama and French (1993) Three-Factor Model 
(Period of estimation: 96 months)

Heteroskedasticity
Coefficient t-statistic consistent t-statistic

Intercept (abnormal Return) 0.0061 5.85 6.11
RMt − Rft 0.2208 8.49 9.08
SMB 0.1728 6.62 7.30
HML 0.0353 1.03 1.12
R2 0.66

Panel B: Fama and French (1993) Three-Factor Model with 
Ibbotson (1975) RATS Procedure

Calendar Mean Abnormal Positive:
Month Return (%) Negative t-statistic

12 13.14 13:5 6.70
24 24.95 15:3 8.15
36 33.71 14:4 9.37
48 37.84 13:5 7.32
60 57.71 14:4 9.90
72 65.61 16:2 9.34
84 67.97 16:2 9.24
96 70.75 16:2 9.29
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French three-factor model. Overall, even if other factors are needed, it
seems that the Fama and French model does a good job in describing hedge
fund behavior, as evidenced by the R2 of 0.66. Our results are in line with
those of Capocci and Hübner (2004). Using hedge funds rather than hedge
fund indices, they find that the increase in terms of R2

adj from the CAPM
to the four-factor model of Carhart (1997), an extension of the Fama and
French factor model with the momentum effect, is 10 percent, and from
Carhart’s model to a combined model, an extension of Carhart’s four-
factor model, of the international model of Fama and French (1998), and
of the model used by Agarwal and Naik (2004), is another 7 percent. This
extended model contains the zero-investment strategies representing size
and value, international value, a momentum factor, a default factor, a
factor for non-U.S. equities investing funds, three factors to account for
hedge funds investing in U.S. and foreign bond indices, and, finally, a com-
modity factor.

Comparison with Other Studies Brown, Goetzmann, and Ibbotson (1999)
analyze the performance of 399 offshore hedge funds for the period 1989
to 1995. They conclude that hedge funds for this period have been able to
outperform the S&P 500 index in terms of higher Sharpe ratios and posi-
tive alphas. Edwards and Caglayan (2001b) estimate a multifactor model
for eight different strategy classifications for a total sample of 836 hedge
funds for the period 1990 to 1998. They find that 25 percent of the funds
have yielded significantly positive alphas. A similar conclusion is reached by
Capocci and Hübner (2004) in their analysis of the performance of 2,796
hedge funds. Using a combined multifactor model comprising 11 different
factors, they find that approximately 25 percent of the funds have obtained
significantly positive alphas for the 1994 to 2000 period.

CONCLUSION 

In this chapter we reexamined the performance of hedge funds over the
1995 to 2003 period. We assessed abnormal performance using a number
of alternative benchmarks and an approach originally used in event studies.
More specifically, the benchmarks employed allowed for the standard
CAPM, the GARCH extension, the Fama-French three-factor model, and
the modified Returns across Time and Securities procedure. In addition, we
used the calendar-time approach as developed by Jaffe (1974) and Man-
delker (1974). This approach has the added advantage that it provides a
direct measure of the opportunities available to investors attempting to

Further Evidence on Hedge Fund Performance 339

c16_gregoriou.qxd  6/23/05  4:09 PM  Page 339



exploit any abnormal performance. We find that, in line with Capocci and
Hübner (2004), hedge fund strategies can outperform the market. We also
find that hedge fund managers seem to prefer smaller stocks.

As noted by several academics, research into hedge funds is in its
infancy. Hedge funds address new challenges to financial theory, and much
remains to be done to identify hedge fund performance drivers. For ex-
ample, it would be interesting to reexamine the issue of performance in a
calendar-time framework using hedge funds across different strategies
rather than hedge fund indices.
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CHAPTER 17
Investing in Hedge Funds

Risks, Returns, and 
Performance Measurement 

Francis C. C. Koh, Winston T. H. Koh, 
David K. C. Lee, and Kok Fai Phoon

Hedge funds are collective investment vehicles that are often established
with a special legal status that allows their investment managers a free

hand to use derivatives, short sell, and exploit leverage to raise returns and
cushion risk. We review various issues relating to the investment in hedge
funds, which have become popular with high-net-worth individuals and
institutional investors, and discuss their empirical risk and return profiles.
Concerns regarding the empirical measurements are highlighted, and mean-
ingful analytical methods to provide greater risk transparency in perform-
ance reporting are proposed. We also discuss the development of the hedge
fund industry in Asia. 

INTRODUCTION 

In 1990 the entire hedge fund industry was estimated at about U.S. $20 bil-
lion. As of 2004, there are close to 7,000 hedge funds worldwide, manag-
ing more than $830 billion. Additionally, about $200 to $300 billion is
estimated to be held in privately managed accounts. While high-net-worth
individuals remain the main source of capital, hedge funds are becoming
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more popular among institutional and retail investors. Funds of hedge
funds and other hedge fund–linked products are increasingly being mar-
keted to the retail market. 

While hedge funds are well established in the United States and Europe,
they have only begun to grow aggressively in Asia. According to AsiaHedge
magazine, there are more than 300 hedge funds operating in Asia (includ-
ing those in Japan and Australia), of which 30 were established during 2000
and 20 during 2001. In 2003, 90 new hedge funds were started in Asia,
compared with 66 in 2002, according to an estimate by the Bank of
Bermuda. Currently estimated at more than $15 billion, hedge fund invest-
ments in Asia are expected to grow rapidly. Several factors support this
view. Asian hedge funds currently account for a tiny slice of the global
hedge fund pie and a mere trickle of the total financial wealth of high-net-
worth individuals in Asia.

Hedge funds have posted attractive returns. From 1987 to 2001 the
Hennessee Hedge Fund Index posted annualized returns of 18 percent,
higher than the Standard & Poor’s 13.5 percent. Hedge funds are seen as a
natural hedge for controlling downside risk because they employ exotic
investment strategies that generate returns uncorrelated to traditional asset
classes. Hedge funds vary in their strategies. Macro funds, such as the
Quantum Fund, generally take a directional view by betting on a particular
bond market, say, or a currency movement. Other funds specialize in cor-
porate events, such as mergers or bankruptcies, or identify pricing anom-
alies in stock markets. Hedge funds vary widely in both their investment
strategies and the amount of financial leverage. 

There are a number of factors behind the meteoric rise in demand for
hedge funds. The unprecedented bull run in the U.S. equity markets during
the 1990s expanded investment portfolios. This led to an increased aware-
ness on the need for diversification. The bursting of the technology and
Internet bubbles, the string of corporate scandals that hit corporate Amer-
ica, and the uncertainties in the U.S. economy have led to a general decline
in stock markets worldwide. This in turn provided fresh impetus for hedge
funds from investors searching for absolute returns. 

Since the early 1990s, there has been a growing interest in the use of
hedge funds among both institutional and high-net-worth individuals. Due
to their private nature, it is difficult to obtain adequate information about
the operations of individual hedge funds and reliable summary statistics
about the industry as a whole.

Hedge funds are known to be growing in size and diversity. At the end
of 1997, the Managed Account Reports (MAR)/Hedge database recorded
more than 700 hedge fund managing assets of $90 billion (see Table 17.1).
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This is only a partial picture of the industry, as many funds are not listed
with MAR/Hedge. In practical terms, it is not easy to estimate the current
size of the hedge fund industry unless all funds are regulated or obligated
to register their operations with a common authority. Brooks and Kat
(2002) estimated that, as of April 2001, there were approximately 6,000
hedge funds in existence, with an estimated $400 billion in capital under
management and $1 trillion in total assets.

Three interesting features differentiate hedge funds from other forms
of managed funds. Most hedge funds are small and organized around a
few experienced investment professionals. In fact, more than half of U.S
hedge funds manage amounts of less than $25 million. Further, most hedge
funds are leveraged. It is estimated that 70 percent of hedge funds use
leverage and about 18 percent borrowed more than one dollar for every
dollar of capital (Eichengreen and Mathieson 1998). Another peculiar fea-
ture is the short life span of hedge funds. Hedge funds have an average life
span of about 3.5 years (Lavinio 2000). Very few have a track record of
more than 10 years. These features lead many to view hedge funds as risky
and opportunistic.
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TABLE 17.1 Descriptive Statistics of Hedge Fund Returns, by MAR Classification,
1990 to 1997

1990–1997

Assets Mean Standard
(U.S.$ Return Deviation Risk-adjusted

Category Number billion) (%) (%) Returns

Event-driven 120 8.6 18.9 5.9 3.2
Global 334 30.9 17.7 9.4 1.9
Global Macro 61 29.8 28.1 16.3 1.7
Market Neutral 201 18.0 8.6 2.1 4.1
Sector 40 1.8 29.6 15.9 1.9
Short Sellers 12 0.5 7.0 15.2 0.5
Long Only 15 0.4 27.3 15.4 1.8

Source: Eichengreen and Mathieson (1998, p. 37).
The mean returns are annually compounded returns over the period 1990 to 1997,
except for the long-only funds, which were computed from 1994 to 1997. The
annualized standard deviations were computed from the standard deviation of
monthly returns for each investment style. 
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WHAT ARE HEDGE FUNDS?

Hedge funds are innovative investment structures that were first created
more than 50 years ago by Alfred Winslow Jones. Jones: 

■ Created hedges by investing in securities that he determined to be
undervalued and funding these positions partly by taking short posi-
tions in overvalued securities, creating a market neutral position.

■ Designed an incentive-fee compensation arrangement in which he was
paid a percentage of the profits realized from his clients’ assets.

■ Invested his own capital in the fund, ensuring that his incentives 
and those of his investors were aligned and forming an investment
partnership.

Most modern hedge funds possess these features, and are set up as lim-
ited partnerships with a lucrative incentive-fee structure. In most hedge
funds, managers also often have a significant portion of their own capital
invested in the partnerships. The term “hedge fund” has been generalized
to describe investment strategies that range from the original market-neutral
style of Jones to many other strategies and opportunistic situations, includ-
ing global/macro investing. 

Due to the large variety of hedge fund investing strategies, there is no
standard method to classify hedge funds. There are at least eight major data-
bases set up by data vendors and fund advisors. We follow the classification
used by Eichengreen and Mathieson (1998), which relied on the MAR/Hedge
database. Under this classification, there are eight categories of hedge funds
with seven differentiated styles and a fund-of-funds category:

1. Event-driven funds. These funds take positions on corporate events, such
as taking an arbitraged position when companies are undergoing restruc-
turing or mergers. For example, hedge funds would purchase bank debt
or high-yield corporate bonds of companies undergoing reorganization
(often referred to as distressed securities). Another event-driven strategy
is merger arbitrage. These funds seize the opportunity to invest just after
a takeover has been announced. They purchase the shares of the target
companies and short the shares of the acquiring companies. 

2. Global funds. This is a catch-all category of funds that invest in non-
U.S. stocks and bonds with no specific strategy reference. This category
has the largest number of hedge funds. It includes funds that specialize
in emerging markets.

3. Global/macro funds. These funds rely on macroeconomic analysis to
take bets on major risk factors, such as currencies, interest rates, stock
indices, and commodities.
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4. Market-neutral funds. Such funds bet on relative price movements by
utilizing strategies such as long-short equity, stock index arbitrage, con-
vertible bond arbitrage, and fixed income arbitrage. Long-short equity
funds use the strategy of Jones by taking long positions in selected
stocks and going short on other stocks to limit their exposure to the
stock market. Stock index arbitrage funds trade on the spread between
index futures contracts and the underlying basket of equities. Convert-
ible bond arbitrage funds typically capitalize on the embedded option
in these bonds by purchasing them and shorting the equities. Fixed
income arbitrage funds bet on the convergence of prices of bonds from
the same issuer but with different maturities over time. Market-neutral
is the second largest grouping of hedge funds after the global category.

5. Sector funds. These funds concentrate on selective sectors of the econ-
omy. For example, they may focus on technology stocks and rotate
across to other sectors if stocks are overpriced.

6. Short sellers. These funds focus on engineering short positions in stocks
with or without matching long positions. They play on markets that
have risen too fast and on mean reversion strategies.

7. Long-only funds. Such funds take long equity positions typically with
leverage. Emerging market funds that do not have short-selling oppor-
tunities also fall under this category.

8. Funds of funds. This term refers to funds that invest in a pool of hedge
funds. They specialize in identifying fund managers with good per-
formance and rely on their business relationship in the industry rela-
tionships to gain entry into hedge funds with good track records.

Table 17.1 presents statistics on the various categories of hedge funds
in the MAR database over the 1990 to 1997 period. The sectoral hedge
funds provided the best mean return over the period studied, while the mar-
ket-neutral funds had the lowest standard deviation of returns. On a risk-
adjusted basis (dividing the mean return by the standard deviation), the
category of fund that ranks highest is the market-neutral funds followed by
event-driven funds. 

Unlike registered investment companies, hedge funds are not required
to publicly disclose performance and holdings information that might be
construed as solicitation materials. This makes it more difficult for
investors to evaluate hedge fund managers. 

Funds of Hedge Funds

Fund of hedge fund managers are hedge funds established to hold shares in
other investment companies and charge a fee for doing so. Like hedge funds,
funds of hedge funds are limited partnerships, and are restricted to at most
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99 investors with at least 49 accredited investors. Funds of hedge funds do not
make direct investments but allocate their capital to individual hedge funds. 

A hedge fund charges a management fee and incentive fee; a fund of hedge
funds not only charges fees at the fund-of-fund (FoF) level, but also passes
on individual hedge fund fees in the form of after-fee returns to the FoF in-
vestors. In fact, underlying hedge fund fees will be transferred to the FoF
investors regardless of whether the FoF makes a profit. As a result, total fees
from an FoF can exceed the total realized return on the fund. 

Fund of hedge funds have grown in popularity over the last decade
because of their specialized investment strategies and objectives. At present,
fund of hedge funds managed around 20 to 25 percent of this amount. At
March 2000, the Trading Advisors Selection System (TASS)/Tremont hedge
fund database contained 2,104 hedge funds, including 1,330 survived funds
and 774 dissolved funds. The total assets under management totaled about
$198 billion. According to TASS, 328 funds are classified as fund of hedge
funds, compared with 1,442 regular hedge funds. According to the Zurich
Capital Markets database, funds of hedge funds represent 23 percent (in
terms of assets) of the hedge fund universe as of December 31, 2001.
Between January 1990 and October 2003, the data set provided by TASS
consisted of 4,241 funds that reported monthly return information, of
which 2,796 were regular hedge funds (1,621 live funds and 1,175 dead
funds), 838 were funds of hedge funds, and 484 were managed futures
funds. Acito and Fisher (2002) estimated that funds of hedge funds man-
aged in excess of $100 billion to $120 billion in capital worldwide.

INVESTING IN HEDGE FUNDS 

It is commonly believed that hedge funds have superior returns. There are
many anecdotal stories about the stunning success of hedge fund managers
and their skills. George Soros’s Quantum Fund was reported to have
obtained returns in excess of 30 percent per annum over a long period.
From Table 17.1, there is also evidence that hedge funds, as a group, have
returns that are impressive. For example, over the period 1990 to 1997, all
the hedge funds had positive absolute returns. Global macro funds obtained
mean returns of 28.1 percent per annum with a standard deviation that is
comparable to equity funds.

Traditional asset allocation optimizes the use of equities, bonds, real
estate, and private equity to invest in a portfolio that maximizes returns and
minimizes the portfolio risk. Thus, hedge funds become a natural candidate
for enhancing returns in an investment portfolio. Moreover, in a bear mar-
ket, many investment managers are not satisfied with merely beating the
market index, which may have negative returns. They generally prefer to go
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short (or avoid long positions) to have positive returns. Investing in appro-
priately chosen hedge funds may provide the possibility of obtaining posi-
tive absolute returns.

It is also generally believed that hedge funds have returns that are gen-
erally uncorrelated with traditional asset classes. In fact, hedge funds may
even have a lower risk profile. For example, Anjilvel, Boudreau, Johmann,
Peskin, and Urias (2001) reported that hedge funds exhibit a low correla-
tion with traditional asset classes. They suggest that hedge funds should
play an important role in strategic asset allocation. 

Table 17.2 shows a common presentation of the underlying relation-
ships between hedge funds and the other assets.

Why Invest in a Fund of Hedge Funds?

Using the TASS database, Brown, Goetzmann, and Liang (2004) found that
a fund of hedge funds reduces the standard deviation of monthly hedge
fund returns by one-third and significantly reduce the value at risk (VaR) of
hedge fund investment. Hence, funds of hedge funds can also provide sig-
nificant diversification potential. A well-diversified fund of hedge funds
manager can therefore take advantage of market-specific risks while main-
taining low correlations to stock, bond, and currency markets. As a result,
the manager can theoretically provide superior returns and generate alpha
(reflecting managerial skills). More generally, since funds of hedge funds
deliver more consistent returns with lower volatility than individual hedge
funds, they are considered to be ideal for diversifying traditional portfolios.
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TABLE 17.2 Performance Measures for Hedge Fund Indices (from January 1990 
to April 2000)

Correlation with
Annualized Lehman Brothers

Annualized Standard Correlation Government
Return Deviation with Corporate

(%) (%) S&P 500 Bond Index

EACM 1001a 15.2 4.4 0.37 0.19
Equity-Market Neutral 9.1 3.2 –0.11 0.15
Equity Hedged 20.6 10.3 0.20 0.00
Event Driven 13.7 5.4 0.48 0.09
Global International 20.8 11.5 0.61 0.15

Source: Lehman Brothers (2000).
aThe EACM 100 is an index of hedge funds representing a wide range of strategies.
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During the 1993 to 2001 period, fund of hedge funds outperformed the
S&P 500 index on a risk-adjusted basis (Gregoriou 2003c). 

More generally, fund of hedge funds managers are able to add value
through manager selection, portfolio construction, and regular monitoring
of the portfolio. They provide professional management services and
access to information that would be difficult or expensive to obtain on a
fund-by-fund basis by the investor. These managers often employ multiple
investment strategies and styles through a diversified portfolio of individ-
ual fund managers. 

Investing in fund of hedge funds is not cheap. The cost of investing in
a well-known and established fund of hedge funds can be higher than the
cost of building, monitoring, and maintaining a proprietary portfolio of
hedge funds. Thus, while it is true that the fund of hedge funds structure
allows for diversification and hence reduction of risk at the fund level, this
comes at a cost, since the more diversified the fund is, the greater the like-
lihood that the investor will incur an incentive fee on one or more of the
constituent managers, regardless the overall performance of the fund of
hedge funds. In fact, sometimes the incentive fee for a fund of hedge fund
is so large that it absorbs all of the annual fund return.

COMMERCIAL DATABASES 
AND STATISTICAL INFERENCES 

There are very persuasive reasons for hedge funds to be considered as alter-
native investments. However, statistics compiled from public databases are
fraught with data biases. Uninformed investors may be misled into common
misperceptions about the return and risk of hedge funds. Here we discuss
some of the issues that must be dealt with when analyzing hedge funds. There
are three main issues: data collation, selection bias, and survivorship bias.

Data Collation Issues

Hedge funds do not generally disclose their investment activities to the pub-
lic, since they are organized as private limited partnerships and often as off-
shore investment vehicles. This has resulted in frequent complaints about
the lack of transparency in the industry. Fortunately, to attract new
investors, many funds release selective information to publicize themselves
and their performance. Hedge fund data are collected by a small number of
data vendors and fund advisors. A few large advisors and vendors are cur-
rently publishing performance data and indices that correspond to the var-
ious investment strategies employed by hedge funds. A listing of hedge
funds databases and descriptive details is provided in Appendix 17.1.
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Voluntary participation in performance reporting, however, leads to
incompleteness of information regarding the hedge fund universe as a
whole. Thus, sampling biases are present whenever an investor analyses a
hedge fund database on a stand-alone basis. Some of theses biases are
briefly discussed next.

Selection Bias

Database vendors impose their own criteria before a hedge fund may enter
their databases. The criteria include the type of fund involved, its track record,
and assets under management. Databases may also exclude hedge funds
whose trading activities or instruments do not meet their criteria. Again, the
result is a likely upward bias in the database. Park (1995) analyzes a subset
of selection bias termed “instant history bias.” This bias arises because when
a new fund is first included, database managers often “back-fill” its perform-
ance history. Up to one year or more of data may be added to the database. 

Survivorship Bias

Funds that perform poorly often choose not to submit their performance.
Thus, poorly performing funds are likely to be missing from a database.
Therefore, a survivorship bias arises when a database includes only the per-
formance of funds that are alive and present at the end of the sample
period. A subset of survivorship bias, called liquidation bias, occurs when
disappearing funds may not report final periods leading up to and includ-
ing their liquidation. If funds cease operation due to poor performance, the
historical returns of surviving funds in the database is biased upward with
risk biased downward relative to the population of hedge funds.

Database vendors often delist funds that do not provide reliable infor-
mation. Hedge funds may also exit a database for other reasons than poor
performance. Some popular funds also stop reporting their performance
when they have reached a desired size and do not need to further solicit new
money. Omissions of these funds also introduces a bias. 

Brooks and Kat (2002) find that around 30 percent of newly established
funds do not survive the first three years, primarily due to poor performance.
Thus, not including defunct funds is likely to lead to overestimation of
returns. Fung and Hsieh (2001) found that estimates of survivorship biases
differed across two commonly used databases, Hedge Fund Research (HFR)
and TASS. The survivorship bias (and attrition rate) was much higher in
TASS than that in HFR. They estimated that survivorship bias would over-
report hedge fund mean returns by about 1.5 to to 3 percent per annum.

Collation and statistical biases not only present problems in the meas-
urement of returns and risk across different categories of hedge funds.
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These biases also affect the computation of hedge fund indices. Brooks and
Kat (2002) showed that different databases have different sample statistics
for similar categories of funds. Table 17.3 shows that the mean return for
macro hedge funds computed by the various databases ranges from 10.2 to
17.2 percent. Yet this is a statistic for a common class of hedge funds over
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TABLE 17.3 Hedge Fund Indices from Different Databases
Mean and Standard Deviation of Returns from January 1995 to
April 2001

Standard
Category/Database Mean (%) Deviation (%)

Risk Arbitrage 14.1
Zurich 13.2 12.8
Hennesse 13.0 11.8
Tuna 14.9 12.4
Altvest 15.6 13.4
HFR 13.6 12.7
Macro 13.3
Zurich 10.2 19.3
Hennesse 10.4 30.6
HFR 13.2 28.1
CSFB/Tremont 17.2 50.2
Tuna 15.6 33.8
Altvest 17.0 32.6
Van 9.4 41.8
Equity-Market Neutral 12.8
Zurich 11.9 6.5
Hennesse 8.5 10.4
HFR 10.9 13.3
CSFB/Tremont 13.7 10.8
Tuna 15.2 19.2
HFR 16.8 17.2
Market Indices
S&P 500 18.6 54.4
DJIA 18.1 54.7
Russell 2000 13.7 69.1
Nasdaq 21.6 106.9
Lehman Government Bond 7.4 10.3

Source: Brooks and Kat (2002).
The major databases are explained in Appendix 17.1. Zurich
Capital Markets computes the indices using the MAR/Hedge
database that it acquired in March 2001. Simple average of
returns estimated using the different databases.

c17_gregoriou.qxd  6/23/05  3:59 PM  Page 350



the same time period. More interestingly, the standard deviation ranges
from 19.3 to 50.2 percent. This is compelling evidence for investors to be
wary about obtaining statistics from hedge fund databases.

PERFORMANCE MEASUREMENTS OF HEDGE FUNDS 

Most mutual funds are generally engaged in buy-and-hold activities—
acquiring and holding stocks and bonds over a longer period of time.
Although some mutual funds engage in activities such as leverage or short
sell, most do not. The organization structure of hedge funds, their invest-
ment objectives, trading strategies, and managerial compensation differen-
tiate them significantly from mutual funds. 

Mean, Variance, Skewness, and Kurtosis

There is strong evidence that hedge fund returns and hedge fund indices
returns are not normally distributed due to the type of strategies employed
by hedge fund managers. Typically, hedge fund investments are based on
absolute return strategies. They are expected to deliver good performance
regardless of market conditions. Hedge fund managers use two main
approaches to achieve absolute return targets, directional (or market tim-
ing), and nondirectional approaches.

The directional approach bets on the expected directions of markets.
Funds will invest long or sell short securities to capture gains from their
advance and decline. In contrast, the nondirectional approach attempts to
extract value from a set of embedded arbitrage opportunities within and
across securities. The nondirectional approach typically exploits structural
anomalies in the financial market.

Mean-variance analysis is appropriate when returns are normally dis-
tributed or investors’ preferences are quadratic. The reliability of mean-
variance analysis therefore depends on the degree of nonnormality of the
returns data and the nature of the (nonquadratic) utility function. While the
utility function may not be a serious problem, the nonnormal distribution
of returns presents an issue.

Fung and Hsieh (1999a) state that when returns are not normally dis-
tributed the mean and standard deviation are not sufficient to properly
describe the returns distribution. They found that hedge fund returns are
leptokurtic or fat-tailed. One likely explanation is that net returns include
spreads that are distributed with fat tails.

Many hedge fund indices exhibit relatively low skewness and high kur-
tosis, especially in the case of funds investing in convertible arbitrage, risk
arbitrage, and distressed securities. Brooks and Kat (2002) found that
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hedge fund index returns are not normally distributed. They argued that
while hedge funds may offer relatively high means and low variances,
these funds give investors third- and fourth-moment attributes that are
exactly the opposite of those that are desirable. Investors obtain a higher
mean and a lower variance at the expense of more negative skewness and
higher kurtosis. 

In sum, the dynamic trading strategies of hedge funds render traditional
mean-variance measures meaningless. While some hedge funds may have a
low standard deviation, this does not mean they are relatively riskless. They
may in fact harbor skewness and kurtosis, which make them risky. 

Correlations of Returns

Fung and Hsieh (1997a) examined the returns of hedge funds and com-
modity trading advisors (CTAs). They found that hedge fund managers and
CTAs generate returns that have low correlations to the returns of mutual
funds and standard asset classes. This is the benefit often cited by portfolio
managers in their choice of hedge funds as an alternative investment. Hav-
ing an additional asset with a low or negative correlation permits the diver-
sification of risk in a means-variance environment. However, complications
arise in the case of hedge funds where correlation-based diversification may
not be valid. 

Fung and Hsieh (2001) argue that risk management in the presence of
dynamic trading strategies is also more complex. Hedge fund managers
have a great deal of freedom to generate returns that are uncorrelated with
those of other asset classes. But this freedom comes at a price. Dynamic
trading strategies predispose hedge funds to extreme or tail events. Thus,
low correlations may come at a cost. They caution that hedge fund port-
folios can become overly concentrated in a small number of markets so that
market exposures can converge. This would lead to an implosion due to
lack of diversification.

Lavinio (2000) argues that many hedge funds are not consistently and
continuously negatively or poorly correlated with other asset classes over
time. Hedge funds also may not have meaningful standard deviations. In
fact, many hedge funds have distributions with fat tails, so that normality
assumptions on the distribution of hedge fund returns are generally not cor-
rect. This means it is not appropriate to use correlation as a gauge with
which to diversify portfolios. 

Lo (2001) reinforces this view, explaining that many investors partici-
pate in hedge funds to diversify their returns, as hedge fund returns seem
uncorrelated with market indexes, such as the S&P 500. However, uncor-
related events can become synchronized in a crisis, with correlation chang-
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ing from 0 to 1 overnight. These situations are examples of “phase-locking”
behavior often encountered in the physical and natural sciences.

OTHER PERFORMANCE MEASURES FOR HEGDE FUNDS

The preceding discussion argues that the means and standard deviations
used to report the returns and risks of hedge funds are not entirely ade-
quate. Providing skewness and kurtosis statistics is helpful. Relying on sim-
ple correlation measures to diversify portfolio risks is not appropriate when
deciding to add hedge funds to a portfolio of other assets.

Sortino and Price (1994) have proposed evaluating downside risk rather
than total risk. They define a new measure, the Sortino ratio. This ratio dif-
ferentiates between deviations on the upside and on the downside and is
more consistent with investor concern about risk of losses in investments.
The Sortino ratio is similar to the Sharpe ratio, except that it uses downside
deviation instead of standard deviation in the denominator. The Sortino
ratio also allows for the setting of a user-defined benchmark return. The
numerator is the difference between the return on the portfolio and the min-
imum acceptable return (MAR). The MAR is usually the risk-free rate,
zero, or specified by the analyst (e.g., 5 percent).

Earlier we highlighted that the high skewness of hedge fund returns
may be connected to the hedge fund manager’s selection of high reward and
low variance opportunities. Lavinio (2000) has defined another measure to
capture this (equation 17.1):

d-ratio = Abs (d/U) (17.1)

where d = number of returns less than zero times their value
U = number of returns greater than zero times their value 

Abs = absolute value

The d-ratio compares the value and frequency of a manager’s winners
to losers to capture the skewness in returns. This statistic, which does not
require any assumption on the underlying distribution, may be used as a
proxy for a fund’s risk, with d = 0 representing a distribution with no down-
side and d = infinity representing one in which the manager does not make
any positive returns.

In analyzing the performance of hedge funds, we also need to gain in-
sights into the permanence of a manager’s skill. One way to examine if good
performance is merely transitory is to see if it is mean-reverting (whether
the performance will reverse and converge toward some predictable long-

Investing in Hedge Funds 353

c17_gregoriou.qxd  6/23/05  3:59 PM  Page 353



term value). We can capture this with the Hurst ratio,1 which is defined as
(equation 17.2):

Hurst ratio = log M/(log N − log a) (17.2)

where M(t) = (Max(t) − Min(t) )/ S(t)
N = length of shorter subperiods into which a manager’s return

record has been subdivided 
t = number of subperiods into which a manager’s return record

has been subdivided
S(t) = standard deviation of data over subperiod t

a = constant term that is negligible if track record is five years
or less

A Hurst ratio between 0 and 0.5 means that a manager’s return will
tend to fluctuate randomly, but converge to a stable value over time. With
a Hurst ratio of about 0.5, a hedge fund manager’s track performance will
be regarded as random, so that returns in one period will not be affected by
returns in another period. Such hedge funds are deemed to be risky because
any stellar short-term gains may be accompanied by substantial losses in
another time period.

A Hurst ratio between 0.5 and 1 describes returns that are persistent.
These fund managers have “hot” hands. However, such a finding should be
interpreted with care. The same managers should be able to maintain their
Hurst ratio in future time periods that are beyond the chosen sampling peri-
ods. More rigorous testing is required with out-of-sample data to provide
meaningful conclusions.

Although the Sortino and Hurst ratios could provide additional insights
into the performance and risk of hedge fund investing, further work is
needed before these analytical methods can be used to report on the risk
and return performance of hedge funds. 

PRACTICAL ISSUES IN 
PERFORMANCE MEASUREMENT

Hedge fund performance measures are beset by many practical business
issues, which make it extremely difficult to have a simple measure to fully
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1Lo (1991) applied the Hurst ratio to stock returns and found that short-range
dependence adequately captured the time series behavior of stock returns.
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describe risk and return. In the last section we discussed various data issues
and how these may create problems for the comparison of hedge fund per-
formance. However, even if one possesses a set of reliable data, it is unlikely
that there exists a satisfactory measure of risk-adjusted return that would
satisfy a sophisticated investor. 

Specifically, hedge funds face many practical issues that increase their
riskiness. We have identified at least six types of practical issues that con-
found risk and return measurements:

1. Style purity
2. Consistency 
3. Fund size 
4. Use of leverage 
5. Liquidity 
6. Asset concentration 

Many hedge funds are assumed to have a pure and consistent style. This
is rarely the case, however. Many funds may be opportunistic and operate
with more than one style. Thus, many hedge funds do not always function
exactly as their self-reported classifications indicate. From the outside look-
ing in, it is almost impossible to classify hedge funds accurately.

A hedge fund’s style purity over time is definitely less consistent when
compared to unit trusts (and mutual funds), which by nature are buy-and-
hold accounts. Fung and Hsieh (2002a) and others have suggested using
factor analysis to discern the underlying dimensions or factors that drive
the returns of hedge funds. This could possibly determine unique hedge
fund strategies that differentiate one fund from another. This might enable
an investor to detect style purity, style consistency, and, most important,
style deviations.

Till (2001a,b) suggested that a number of hedge fund strategies might
appear to earn their returns from assuming risk positions in a risk-averse
financial world, and not from inefficiencies in the marketplace. In this
sense, returns are made from a risk transfer and not due to managerial abil-
ities. If this is indeed the case, then the skill of selecting the appropriate
hedge fund styles and the type of managers who can execute the styles con-
sistently, and of allocating funds across these managers, become important
to achieve superior returns. Viewed from this standpoint, style purity and
consistency are important attributes to measure exposure to hedge fund
risks. These may be more appropriate measures than statistical measures
such as variance and skewness.

A hedge fund’s assets under management (AUM) growth may be inter-
nally generated through performance, externally induced because of inflows,
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or magnified through use of leverage. Hedge fund size has significant im-
plications for risk and return. A hedge fund’s risks increases proportion-
ately with its AUM. This is because the use of specialized strategies
naturally limits a hedge fund to some optimal size beyond which it
becomes increasingly difficult to keep the same strategy or have the oppor-
tunities for execution (often with leverage). Because they understand the
trade-offs between size and performance, hedge fund managers are
inclined to close their funds for further investments as soon as a target size
is reached. 

Hedge fund managers are drawn to the use of leverage to magnify
potential returns from small arbitrage opportunities. They are also inclined
to concentrate their investible funds in a small subset of potentially rich
opportunities. Weisman and Abernathy (2000) demonstrate the importance
of guarding against excessive leverage, which is compounded by a lack of
liquidity when a disastrous event strikes. They point out that if one were
to construct a nondiversified, illiquid, and/or leveraged portfolio and let it
grow over time, it would eventually lead to bankruptcy of the fund, if a mis-
fortune strikes. 

The potential risk in employing these strategies is very high since a
well-constructed downside-oriented measure using past data may not
reveal the potential risks from the occurrence of a future disastrous event.
This is because a catastrophic event has not yet struck. These potential
risks, which are usually unforeseen, are large and threaten the eventual
survival of the fund.

ACCOUNTING FOR VARIOUS SOURCES OF RISK 

The next example should help illustrate how hedge funds should be com-
pared. Suppose there are two hedge funds with similar statistical attributes:
the same average holding period returns adjusted by its standard deviation.
We want to know which fund has a better risk-adjusted return. Let us fur-
ther assume that the first fund is less leveraged than the second, invests in
more liquid assets, is less concentrated and more diversified, and is more
disciplined in its application of investment styles. We are most likely
inclined to prefer the first fund over the second. That is because the second
fund, although it has the same average return adjusted by its standard devi-
ation, has taken extraneous risk to achieve the same results. This is more
obvious if analyzed in the context of possible disastrous events. Depending
on the strategy employed, it is generally correct to conclude that a non-
leveraged, more liquid, more diversified, and more disciplined fund has a
better chance of survival in the long term.
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Perhaps the crucial issue has now become more obvious: How should risk-
adjusted returns be modified to account for the many other forms of risk
not captured statistically? We define risk-adjusted return as equation 17.3:

(Observed Returns − Benchmark Returns)
Indicated Risk Measure

(17.3)

This measure assumes that all the named variables are observable,
measurable, and reliable. The benchmark return may be a stock index, 
a peer measure, or the interest rate of the 90-day Treasury bill. The risk
measure may be the tracking error, standard deviation, or some other mea-
sure. While this risk-adjusted measure allows us to measure the risk of
hedge funds, another metric that can be used to account for the numer-
ous risks faced by a hedge fund investor. We define in equation 17.4:

Risk-Adjusted Return = (Observed Returns − Benchmark Returns)
Indicated Risk Measure

× Penalty Function (17.4)

We postulate that the penalty function is a discount factor that takes
into account various dimensions, such as hedge fund style (purity and con-
sistency), size, leverage, liquidity, and asset concentration. These dimen-
sions penalize the statistically measured risk-adjusted returns of hedge
funds. Table 17.4 itemizes the risk dimensions and suggests avenues to dis-
count them in the penalty function.

Using a penalty function would provide a method to scale the observed
return for the many practical risks assumed by the hedge fund manager. A
properly constructed risk-adjusted return with penalty that has accounted
for practical business risks is more meaningful to an investor than a return
measure that is merely adjusted by the standard deviation. This latter
measure cannot alert an investor to risks such as leverage or liquidity. 

The data requirements are higher, however, since the leverage, liquidity,
and concentration measures necessitate the supply of additional data by
hedge fund managers. In turn, this calls for more disclosure and trans-
parency from the managers. 

ASIAN HEDGE FUNDS 

The Asian hedge fund industry has been expanding rapidly. Being a rela-
tively young market, fewer than 100 hedge funds have been in existence for
more than two years. In fact, according to one estimate (Douglas 2004),
only about 60 funds have been around for more than five years. Based on
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data from two Asian fund databases, AsiaHedge and EurekaHedge, the
number of funds that invest predominantly in Asia has risen dramatically,
from approximately 75 in January of 1999 to approximately 290 in June
2003. This represents a 276 percent increase over roughly four years. Liang
(2000), Agarwal and Naik (2000b), and Brown and Goetzmann (2003)
have improved our understanding of the survivorship bias, persistence, and
style issues with hedge funds in general. There are, however, other areas
where our understanding of hedge fund performance can be further deep-
ened. Table 17.5 presents the breakdown of Asian hedge funds by size of
funds under management.

Almost 80 percent of Asian hedge funds employ either Goldman Sachs
or Morgan Stanley as their prime broker. In all, 58 percent charge man-
agement fees of 1 to 1.5 percent and performance fees of 20 percent.
Approximately 14 percent have a hurdle rate, but all face a high-water
mark. Almost 70 percent are opened on a monthly basis for subscriptions
and redemptions, and 28 percent require minimum investment of $1 mil-
lion or higher. 

Of the hedge funds included in the Asia Hedge Fund Directory or
Eureka Hedge, 57 percent are domiciled in Cayman Islands; 15 percent are
situated in the British Virgin Islands. The estimated geographical distribu-
tion of the Asia-Pacific hedge funds is shown in Table 17.6. Most of the
decision makers of the funds are located in a number of Asian cities, with
Australia, Singapore, and increasingly China being the preferred locations.
Depending on their investment strategies, hedge fund managers may con-
centrate on one financial market or on the most liquid markets. 

Investing in Hedge Funds 359

TABLE 17.5 Distribution of Asian-based
Hedge Funds by Assets under Management

Asset Size (U.S.$m) Number of Funds

Less than 10 70
10–50 112
50–100 43
100–200 51
200–500 40
500–1000 8
More than 1000 4
Total Number 328

Source: EurekaHedge, April 2003,
http://www.eurekahedge.com/news/archive_
2003.asp.
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Previous studies have tended to pool hedge funds with fund of hedge
funds (Ackermann, McEnally, and Ravenscraft 1999; Liang 1999). Koh,
Koh, and Teo (2003) analyzed the performance of Asian hedge funds from
three angles:

1. The relationship between fund characteristics and fund returns
2. The drivers of the various Asian hedge funds investment styles
3. The persistence of hedge fund return over various time horizons

Koh, Koh, and Teo (2003) find that hedge funds managed by larger
holding companies attain greater returns on average than funds managed
by smaller holding companies. An increase in the size of the fund holding
company to the next size category results in an economically significant 17
basis point increase in monthly returns (2 percent per annum) for the funds
it manages. The use of both holding company size and fund size in regres-
sions enables a separation of the effects of economies of scale from that of
a diminishing investment opportunity set (Goetzmann, Ingersoll, and Ross
2003). This is because controlling for hedge fund size, an increase in hold-
ing company size does not require a fund to scale up its investment strategy.
Hence, our finding that a fund benefits by belonging to a larger holding
company is consistent with the view that economies of scale exist in the
hedge fund industry.

Koh, Koh, and Teo (2003) also found no evidence to suggest that funds
with higher management and performance fees reap greater postfee returns.

360 RISK AND PERFORMANCE MEASUREMENT

TABLE 17.6 Estimated Geographical
Distribution of Asia-Pacific Hedge Fund
Managers

Country Distribution (%)

Australia 14
Hong Kong 19
Japan 9
Korea 1
Malaysia 2
Singapore 14
Thailand 1
United Kingdom 20
United States 20
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This is consistent with results from the mutual fund literature that mutual
funds on average do not make up for their expenses, and investors are bet-
ter off investing in mutual funds with lower fees.

Hedge funds with longer redemption and lockup periods tend to per-
form better than hedge funds with shorter periods. An increase in redemp-
tion period of 10 days is associated with an 11 basis point increase in fund
monthly postfee return (1.3 percent per annum). The reason for the differ-
ential performance is that longer redemption periods allow funds to close
out of their positions in a more timely fashion and incur less transactions
costs while doing so.

Koh, Koh, and Teo (2003) also found that Asian hedge fund returns
persist at various horizons. This persistence is strongest at one-month to
two-month horizons but dies off beyond the six-month to nine-month hori-
zons. This short-term return persistence is due neither to the persistence or
imputation of expenses nor to style. Table 17.7 provides an overview of the
performance of Asian hedge funds. 

CONCLUSION 

This chapter presents an overview of hedge funds, describing their develop-
ment and characteristics. We also discuss the various issues related to the
measurement of hedge fund performance, and we examine alternative

Investing in Hedge Funds 361

TABLE 17.7 Performance of Asian Hedge Funds

Average Average Average
Annualized Annualized Maximum

Strategy Return (%) Return (%) Drawdown (%)

Convertible arbitrage –0.23 4.57 –5.03
CTA 15.61 13.06 –6.46
Distressed debt 26.53 9.80 –2.00
Fixed income 13.82 2.65 –0.55
Long/short equities 3.40 9.65 –8.30
Macro 15.36 16.18 –10.37
Multistrategy 2.71 8.37 –8.12
Relative value 12.84 11.66 –4.93

Source: Asia and Japan Hedge Fund Directory, 2003, Eureka Hedge Pte Ltd.
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performance measures. We end this chapter with several remarks on the
development of the hedge fund industry in Asia. 

Investor demand for Asian hedge funds is likely to increase as investors
in the region build up a better understanding of this new asset class. From
an investment perspective, the volatility in the Asian markets in recent years
has allowed long-short and other strategic plays to outperform regional
indices. The relative inefficiency of the regional markets also presents arbi-
trage opportunities. 

The Asian financial crisis has put the spotlight on hedge funds and their
impact on the stability of developing economies. There have been calls
among Asian governments to regulate hedge funds. It is unlikely that direct
regulation of hedge funds will work. There is the practical problem of reg-
ulatory arbitrage—hedge funds can easily relocate if regulation is forced on
them. In deciding whether to restrict the activities of hedge funds, there are
three sets of considerations to bear in mind.

1. Hedge funds typically invest on behalf of wealthy individuals and insti-
tutional investors who do not need consumer protection. Hedge funds
are thus private businesses and need not be subject to the same strict
regulations and disclosure demands as financial institutions that collect
money from the general public.

2. Financial institutions that lend to hedge funds should be sufficiently
prudent in provisioning enough capital for relation lending. Hedge
funds are not rated by commercial rating agencies, since their portfo-
lios and strategies are not disclosed publicly.

3. Due to their sheer size and leverage, hedge funds can have a significant
impact on the stability of financial markets.

Of course, many other institutions engage in investment activities sim-
ilar to those of hedge funds. The contrarian and arbitrage investment
strategies of hedge funds can help to stabilize and even enhance the effi-
ciency of financial markets. 

362 RISK AND PERFORMANCE MEASUREMENT
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CHAPTER 18
Efficiency of Funds 

of Hedge Funds
A Data Envelopment Analysis Approach  

Greg N. Gregoriou and Kevin McCarthy

This chapter investigates the efficiency of the funds of hedge funds classifi-
cation using various data envelopment analysis models. Our objective is to

examine which funds are the most efficient in producing the highest returns
with the least amount of volatility. From a practitioner’s point of view, select-
ing funds of hedge funds can be an arduous process because of the traditional
static market benchmarks used to compare their performance. We circum-
vent the benchmark problem using data envelopment analysis. 

INTRODUCTION 

The bursting of the technology stocks juggernaut during the spring of 2000
prompted investors to take a second and closer look at hedge funds to
diversify their traditional stock and bond portfolios. Known as absolute
return vehicles, hedge funds aim to attain profits in all types of market envi-
ronments. Funds of hedge funds (FoFs) have become an increasingly fash-
ionable tool for diversifying portfolios among institutional investors,
pension funds managers, and high-net-worth individuals, since a great
majority of institutional investors do not have the proficiency to objectively
invest in individual hedge funds (Ineichen 2002b). 

Since hedge fund managers are not legally obliged to divulge information
to their investors or to the public, gathering enough information to logically
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choose good-performing FoFs is extremely difficult and expensive. FoFs can
be considered as value adders to a diversified portfolio by providing access
to a diversified group of hedge funds, while circumventing the large mini-
mum investments required and providing access to closed hedge funds. 

Appropriately measuring and appraising FoF performance remains a
dilemma. Since hedge funds utilize dynamic trading strategies, using standard
market indices as a comparison can be fundamentally incorrect (Brealey and
Kaplanis 2001). Utilizing FoF indices as benchmarks may also be inherently
flawed. Indices are passive, whereas FoFs use active management to alter the
allocation of hedge fund strategies in their portfolio depending on market
conditions. We propose to eliminate the weakness of traditional evaluation
techniques by using various data envelopment analysis (DEA) models to rank
and evaluate the efficiency of FoFs in a risk-return framework.

Many investors naively compare hedge fund performance to traditional
benchmarks such as the Standard & Poor’s (S&P) 500 and the Morgan
Stanley Capital International (MSCI) World index. This comparison proves
more suitable for mutual funds that primarily exhibit long-only passive
strategies than hedge funds and FoFs. DEA avoids the problem associated
with these traditional long-only indices using linear optimization and
results in a single measure of performance to estimate a FoF’s efficiency. The
power of DEA lies in its ability to deal with a number of inputs and out-
puts. This is extremely useful with FoFs because the funds themselves are
used as benchmarks of ranking hedge funds. This is achieved by both self-
appraisal and peer group appraisal, thus allowing investors to identify the
reasons behind a FoF’s poor performance. 

LITERATURE REVIEW

FoFs are becoming the predominant avenue for investors who do not have
the resources or experience to invest in hedge funds (Brown, Goetzmann,
and Liang 2004). Prior research has proven that FoFs can be useful portfo-
lio diversifiers because of low correlation displayed between fund managers
(Schneeweis and Spurgin 2000a,b). In addition, the primary benefit of
investing in FoFs is the ability for the manager to add value through man-
ager selection, portfolio construction, and regular monitoring of managers.
The FoF manager controls the combination of underlying hedge funds (Ine-
ichen 2000, 2002b). Moreover, Ineichen (2002a) points out that FoFs oper-
ate in an environment where experienced and talented FoF managers have
an informational advantage. 

A well-diversified portfolio of hedge funds is usually the best way 
to invest in the industry (Fothergill and Coke 2001). Ghaleb-Harter and
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McFall-Lamm Jr (2000) suggests that a diversified portfolio of hedge funds
can produce double-digit net returns with volatility similar to that of bonds.
Furthermore, diversifying risk among managers and hedge fund styles will
reduce individual fund and manager risk (Fothergill and Coke 2001). Many
investors are interested in allocating a portion of their portfolios to FoFs for
capital preservation, since FoFs display lower volatility than other hedge
fund strategies (Gregoriou and Rouah 2002). Hedge funds are attractive
portfolio diversifiers because they are not correlated to traditional markets
(Schneeweis and Spurgin 2000a). 

Offshore FoFs have lower tax restrictions and are subject to less super-
vision and regulation than their onshore counterparts (Kim and Wei 2001).
Since offshore funds are located in tax havens, such as the Cayman Islands,
the Bahamas, Jersey, Guernsey, Luxembourg, and Switzerland, Kim affirms
that offshore funds trade more frequently and more aggressively than their
onshore counterparts. This is partly due to the zero or lower capital gains
tax, which can reduce the compulsory anticipated gains for hedge funds
to trade. 

On October 26, 2004, the U.S. Securities Exchange Commission (SEC)
adopted a law that will oblige hedge fund advisors to register for the first
time and will require them to submit to SEC examinations. This new regu-
lation will take effect in February 2006 and will certainly cause many
onshore funds to relocate to offshore jurisidictions due to the stricter regu-
lations in the United States. 

Ineichen (2002b) concludes that funds of funds primarily add value by
manager selection. When selecting hedge funds for inclusion in an FoF, the
FoF manager must understand how the combination of investment strate-
gies is expected to perform in different market environments, while mini-
mizing volatility and providing diversification (Sharpe 1999). Baquero, ter
Horst, and Verbeek (2002) find that large hedge funds survive longer than
small ones. Gregoriou (2003a) confirms that large FoFs survive longer than
small ones and further observes that FoFs, in general, have the longest
median survival time (7.45 years) along with the smallest survivorship bias. 

The use of traditional measures of performance using standard bench-
marks, such as the MSCI World, Lehman Brothers Bond, and the S&P 500,
are not suitable because hedge funds and FoFs have low correlations to tra-
ditional assets. Finding a benchmark that reflects the overall performance
characteristics of the hedge fund industry is difficult (Fung and Hsieh
2002b). In addition, passive hedge fund indices do not capture the diversity
of dynamic risk and return characteristics of hedge funds and FoFs. 

We look to mitigate the benchmarking problem in the hedge fund
industry by applying data envelopment analysis. DEA will enable us to rank
and evaluate performance and efficiency of offshore and onshore FoF in a
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risk-return framework as previously examined in Gregoriou (2003b) and
Gregoriou, Sedzro, and Zhu (2005). Gregoriou (2003a) explains that DEA
allows the funds themselves to be benchmarks. This is done by finding the
most efficient funds and without using erroneous indices. We propose that
DEA be used as a complementary technique to other qualitative and quan-
titative analysis for selecting hedge funds and funds of hedge funds. 

DATA

We use FoF data from the Center for International Securities and Deriva-
tives Market (CISDM) database and examine the largest 25 onshore and
offshore FoFs (in terms of ending assets under management) during the Jan-
uary 1994 to June 2004 time period. We use this time frame because it
encapsulates all the extreme market events (tequila crisis of 1994, Asian
currency crisis of 1997, Russian ruble crisis of 1998, and the September 11,
2001, attacks) that have occurred since 1994. Data prior to 1994 are not
used because they are subject to backfill bias and are generally deemed
unreliable (Fung and Hsieh 2002c). This data set was also chosen because
pension funds generally select large FoFs with an operating history of at
least five years.

Our data set includes monthly net returns, with management and per-
formance fees deducted. We use only live funds in our examination because
dead funds are considered inefficient and are not part of our data set. One on-
shore FoF had to be removed from the sample because of incomplete data. 

METHODOLOGY 

Data envelopment analysis was first developed by Charnes, Cooper, and
Rhodes (1978) to measure the efficiency of individual decision-making
units (DMUs). Using DEA avoids the problems traditionally associated with
regression-based models that require arbitrary assumptions about the pre-
cise relationships between inputs and outputs (Darling, Mukherjee, and
Wilkens 2004). In DEA, performance measures are grouped into inputs,
where smaller values are preferred, and outputs where larger values are
preferred.

DEA calculates an efficiency score for each FoF and generates a best
practices frontier. The most efficient FoFs are the ones that use the least
amount of inputs to attain the greatest amount of output. FoFs achieving
an efficiency score of 1.0 are deemed efficient and are located on the effi-
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cient (for best-practices) frontier. The inputs and outputs chosen for analy-
sis are important and must be chosen carefully because they are the foun-
dation for the analysis. As noted in Gregoriou and Zhu (2005), using other
inputs and outputs for DEA models is not incorrect but must be justified. 

To appraise and rank onshore and offshore FoFs, we use three DEA
models. To maintain consistency in each of the models we use the same
inputs and outputs. First we use an input-oriented variable returns to scale
(VRS) Banker, Charnes, and Cooper (BCC) model, then we apply a cross-
efficiency model, and finally an input-oriented variable returns to scale
(RTS) model is employed. We use two inputs and three outputs for the
analysis since the rule of thumb is that the sample size should be approxi-
mately twice the number of inputs plus outputs. 

The average standard deviation and downside deviation statistics are
generated by the LaPorte Asset Allocation software (www.laportesoft.com)
and are used as inputs (risks) for our models. These inputs are justified be-
cause FoFs try to minimize volatility and are mainly concerned with down-
side volatility. 

For outputs we use monthly percent profitable, annualized monthly
compounded return, and maximum consecutive gain generated by the Per-
trac software (www.pertrac.com). The outputs will identify how efficiently
an FoF can produce the largest outputs (compound return) and the greatest
number of consistent positive months. The resulting efficiency score will
indicate how FoFs rank with respect to their peers. 

BCC Model

Banker, Charnes, and Cooper (1984) modified the DEA model of Charnes,
Cooper, and Rhodes (1978) to use variable returns to scale. In this model
an increase in inputs will not produce a proportional increase in outputs.
The use of a variable returns-to-scale model is justified because FoFs and
their underlying hedge fund managers make use of leverage to amplify their
returns. 

We adapt the notation from Zhu (2003) for BCC efficiency and repro-
duce this methodology section for simple (BCC) and cross-efficiency from
Gregoriou (2003b). For BCC DEA, we maximize the ratio of outputs
divided by inputs in equation 18.1, which forms the objective function for
the particular FoF h0*. We denote FoFs by j = {1,2, . . . , n}, which uses quan-
tities of i inputs with i = {1,2, . . . , m} to produce quantities of r outputs with
r = {1,2, . . . , s}. W define xij to be the quantity of input i for j used to pro-
duce the quantity yrj of output r. Each FoF uses a variable quantity of m dif-
ferent inputs {i = 1,2, . . . , m} to generate s different outputs {r = 1,2, . . . , s}. In
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particular, FoF j uses amount xij of output i and generates yrj of output r.
We then presume that xij ≥ 0, yrj ≥ 0, and that each FoF has at least one pos-
itive input value and one positive output value. DEA optimization handles
the observed vectors of xj and yj as given and selects values of output and
input weights for a particular FoF. In equation 18.1 a free variable, denoted
by u0, is added in the Banker, Charnes, and Cooper (1984) BCC model to
allow for variable returns to scale.1 Therefore, in an input-
oriented BCC model, the formulation minimizes the inputs given the out-
puts. We obtain the optimization in equation 18.1: 

(18.1)

subject to equation 18.2:

(18.2)

where s = number of outputs
m = number of inputs
ur = weight of output r
νi = weight of input i
xij = amount of i used by FoF 
yrj = amount of r used by FoF 
u0 = free variable

Equation 18.2 is the constraint that imposes that the equivalent
weights, when implemented to all funds, do not allow any FoF to have an
efficiency score greater than 1.0. If the efficiency score is less than unity, a
fund is regarded as inefficient. 
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1If an increase in a hedge fund’s inputs does not produce a proportional change in
its outputs, then the fund exhibits variable returns to scale. Therefore, as the fund
alters its scale of operations, its efficiency will increase or decrease.
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Cross-Efficiency Model

Cross-efficiency provides a peer appraisal score (average score) whereby
each FoF evaluates all others in terms of all inputs and outputs. The cross-
efficiency model was first developed in Sexton, Silkman, and Hogan (1986)
and later appeared in Doyle and Green (1994) and Anderson, Hollings-
worth, and Inman (2002). Cross-efficiency establishes a ranking proce-
dure and computes the efficiency score of each FoF n times using optimal
weights obtained via DEA models. The count n represents the number of
times the problem needs to be generated to distinguish the efficiency
scores. Cross-efficiency provides additional perspectives into the effi-
ciency and performance of each FoF and establishes whether the FoFs per-
form well in all areas according to inputs and outputs used in the analysis.
In other words, cross-efficiency allows for all FoFs to vote on the relative
efficiency of the other funds in the sample. A cross-efficiency matrix con-
sists of rows and columns whereby each is equal to the number of FoFs
in the sample. The efficiency of FoF j is calculated with the optimal
weights by the DEA software for FoF k. By calculating the average score
of each column, the peer-appraisal efficiency score of each FoF will be dis-
played. The cross-efficiency model is reproduced from Adler, Friedman
and Sinuany-Stern (2002) and is represented by equation 18.3:

(18.3)

where the problem is generated n times and hkj is the score of the FoF j
cross-evaluated by the weight of FoF k. In the cross-efficiency matrix, all
FoFs are bounded by 0 < hkj ≤ 1, and the components in the leading diago-
nal, hkk, represent the simple DEA efficiency score, so that hkk = 1 for effi-
cient FoFs and hkk < 1 for inefficient FoFs. 

Returns-to-Scale Model 
Wilkens and Zhu (2003) show how a returns-to-scale (RTS) DEA model
can be used to classify hedge funds. If FoF managers produce greater
returns in proportion to their inputs (because of leverage), then they are
operating under increasing returns to scale (Gregoriou and Zhu 2005).
However, if a FoF is operating under decreasing returns to scale, then an
increase in the FoF inputs would yield in a somewhat smaller than propor-
tionate increase in the FoF outputs. We demonstrate how DEA can be used
to classify the performance of onshore and offshore FoFs using RTS.
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A FoF manager under constant returns to scale can scale inputs and
outputs in a linear fashion without increasing or decreasing efficiency.
Under this scenario, the FoF can attain a proportional output with a pro-
portional amount of input. As mentioned, RTS can be increasing, decreas-
ing, or constant. In essence, the efficiency scores from the inputs and
outputs will be identical. However, when variable returns to scale are pres-
ent, inputs and outputs are not the same. Therefore, when inputs are
increased, outputs can either change (either increase or decrease). 

Returns to scale is primordial for the selection of FoF since it is based
on increasing or decreasing efficiency as well as on assets under manage-
ment of the FoF. Constant RTS indicates that doubling the inputs will pro-
portionally double the outputs, decreasing RTS implies that doubling the
inputs will less than double the outputs, and increasing RTS means that
doubling the inputs will more than double the outputs. 

The RTS regions in Zhu (2003) obtained by DEA can be compared to
the factor analysis technique used by Fung and Hsieh (1997a), and the
general style classification (GSC) used by Brown and Goetzmann (2003),
which generates five to eight distinct fund groups. Hedge fund and CTA
classifications used by database vendors are not very accurate and not prop-
erly defined because the styles coded in the databases are provided by the
hedge fund managers themselves. Brown and Goetzmann (2003) suggest
that this may result in incorrect self-classification.

Hedge fund strategies are highly correlated to the self-reported style
information and qualitative groupings of hedge fund managers and com-
modity trading advisors. RTS can play an important role in manager selec-
tion by grouping the individual funds into the appropriate RTS regions. 

Empirical Results

Tables 18.1 and 18.2 display the BCC efficiency scores of the offshore and
onshore FoFs respectively. In Table 18.1, of 25 funds examined, only 5
are efficient with a score of 1.0. Table 18.2 displays four efficient onshore
funds. Funds with an efficiency score of 1.0 lie on the best-practices fron-
tier. Efficient FoFs are regarded as the best in transforming its inputs into
outputs. An FoF that is inefficient (score less than 1.0), such as Key
Global (Table 18.1) with a score of 0.72091, is only 72.09 percent as
efficient as the most efficient FoFs in the analysis. However, funds with a
score of 1.0 do not provide the same return during the examination period,
only that the return is at the maximum of the incurred risk. The efficiency
score is not absolute. An FoF with an efficiency score of 1.0 returning 
20 percent is considered more risky than a fund with a score of 1.0

372 RISK AND PERFORMANCE MEASUREMENT

c18_gregoriou.qxd  6/23/05  4:01 PM  Page 372



returning 15 percent, even if both have scores of 1.0. When the efficiency
scores are compared against the Sharpe ratio using the Spearman’s Rank
correlation coefficient, a strong link is present and is indicated as a foot-
note in Tables 18.1 to 18.4. Furthermore, the relationship of the cross-
efficiency scores against the Sharpe ratio is stronger when using the
cross-efficiency model. 
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TABLE 18.1 Offshore Funds of Hedge Funds BCC Input
Oriented Varying Returns-to-Scale Model 

Efficiency Sharpe
FoF Score Ratio

Asian Capital Holdings Fund 1.00000 0.10
GAM Trading Fund 1.00000 1.28
La Fayette Holdings 1.00000 0.54
GAM Trading Fund (euro) 1.00000 0.77
Arden Intl Capital 1.00000 1.64
Saranac Investors Ltd 0.96475 0.28
Key Hedge Fund 0.89825 0.65
Optima Fund Ltd 0.87774 0.76
GAM Multi-Europe Fund (euro) 0.80324 0.58
Green Way Investments (euro) 0.73151 0.33
Key Global 0.72091 0.12
GAM Multi-Europe Fund 0.71305 0.49
GAM Diversity Fund 0.68695 0.61
Olympia Global Hedge Trust 0.63707 0.61
Ocean Strategies 0.59402 0.30
Gems Low Volatility Fund 0.59333 0.49
Global Hedge Fund (CHF) 0.57051 0.01
Haussman Holdings NV 0.51539 0.41
Prima Capital Fund 0.50229 0.27
Permal Investment Holdings NV (A) 0.49542 0.40
Sperry Complete Manager Fund (A) 0.47282 0.32
Permal Emerging Mkts Holdings (A) 0.41789 0.17
Leveraged Capital Holdings 0.41070 0.41
Eagle Capital International Fund 0.41068 0.39
GAM Emerging Markets Multi-Fund 0.37179 0.14

Spearman: 0.482** significant at the 0.01 level.
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Tables 18.3 and 18.4 display the cross-efficiency scores for offshore
and onshore FoFs, respectively. Table 18.3 indicates that of the five efficient
offshore FoFs in Table 18.1, all are in the top six funds that have attained
the highest cross-efficiency scores. Of the four efficient onshore funds in
Table 18.2, only two have attained the highest cross-efficiency scores in Table
18.4 This suggests that Univest (B) and Arden Advisers in Table 18.4 can
be regarded as all-around efficient funds with the highest average efficiency
scores from peer-group analysis. 
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TABLE 18.2 Onshore Funds of Hedge Funds BCC Input
Oriented Varying Returns-to-Scale Model 

Efficiency Sharpe
FoF Score Ratio

Univest (B) 1.00000 2.14
Blue Rock Capital Fund 1.00000 0.29
Arden Advisers 1.00000 2.01
P&A Diversified Managers Fund 1.00000 0.84
Mesirow Arbitrage Trust 0.92583 1.43
Rosewood Associates (D) 0.85527 0.76
Pleiades Partners 0.74935 1.01
Upstream Capital Fund 0.72735 1.01
Pointer (Qp) 0.70619 1.12
Regency Fund 0.62201 0.62
Aurora 0.59355 1.14
Paradigm Master Fund 0.54463 0.75
Access Fund 0.54289 0.71
Oxbridge Associates 0.46787 0.81
Austin Capital All Seasons 0.45124 0.76
Summit Private Investments 0.41356 0.76
Acorn Partners 0.37859 0.35
Preferred Investors 0.36290 0.66
Birchwood Associates 0.33852 0.45
Millburn MCO Partners 0.33442 0.60
Optima Fund 0.32827 0.70
CAM 0.30768 0.57
Long Point Investors 0.30697 0.69
Praesideo ULQ Intl Investors 0.24835 0.44
Torrey Global Fund 0.22349 0.41

Spearman: 0.645** significant at the 0.01 level.
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Table 18.5 displays the six RTS regions as described in Zhu (2003),
who states that “some IRS, CRS and DRS regions are uniquely determined
no matter which VRS model is employed (they are Region I, II, and III).”
Table 18.6 displays the RTS methodology with four different groups of
offshore FoFs (Region I, Region II, Region III, and Region VI). The only
FoF that falls into Region I is Saranac Investors Ltd. This fund produces
increasing returns to scale (IRS) according to the selected inputs and out-
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TABLE 18.3 Offshore Funds of Hedge Funds 
Cross-Efficiency Model

Efficiency Sharpe
FoF Score Ratio

Arden Intl Capital 99.65 1.64
GAM Trading Fund 83.24 1.28
GAM Trading Fund (euro) 76.97 0.77
Optima Fund Ltd 67.56 0.76
La Fayette Holdings 61.91 0.54
Asian Capital Holdings Fund 60.13 0.10
GAM Diversity Fund 55.53 0.61
Key Hedge Fund 55.07 0.65
Saranac Investors Ltd 54.19 0.28
GAM Multi-Europe Fund (euro) 53.14 0.58
GAM Multi-Europe Fund 51.30 0.49
GEMS Low Volatility Fund 46.52 0.49
Key Global 45.71 0.12
Green Way Investments (euro) 45.62 0.33
Olympia Global Hedge Trust 44.63 0.61
Permal Investment Holdings Nv (A) 41.55 0.40
Haussman Holdings NV 41.47 0.41
Ocean Strategies 41.12 0.30
Permal Emerging Mkts Holdings (A) 32.23 0.17
Leveraged Capital Holdings 31.54 0.41
Sperry Complete Manager Fund (A) 31.23 0.32
Prima Capital Fund 30.97 0.27
Eagle Capital International Fund 30.09 0.39
GAM Emerging Markets Multi-Fund 27.86 0.14
Global Hedge Fund (CHF) 23.83 0.01

Spearman: 0.690** significant at the 0.01 level.
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TABLE 18.4 Onshore Funds of Hedge Funds 
Cross-Efficiency Model

Efficiency Sharpe
Fof Score Ratio

Univest (B) 99.09 2.14
Arden Advisers 92.36 2.01
Mesirow Arbitrage Trust 71.34 1.43
Rosewood Associates (D) 54.85 0.76
Pleiades Partners 51.88 1.01
Pointer (QP) 50.91 1.12
Aurora 50.03 1.14
Regency Fund 43.64 0.62
Upstream Capital Fund 42.53 1.01
P&A Diversified Managers Fund 36.24 0.84
Oxbridge Associates 33.49 0.81
Austin Capital All Seasons 30.51 0.76
Summit Private Investments 30.11 0.76
Optima Fund 26.92 0.70
Long Point Investors 26.70 0.69
Access Fund 25.15 0.71
Preferred Investors 24.62 0.66
Paradigm Master Fund 24.60 0.75
Millburn MCO Partners 23.10 0.60
CAM 21.96 0.57
Birchwood Associates 21.00 0.45
Blue Rock Capital Fund 17.76 0.29
Acorn Partners 13.41 0.35
Praesideo ULQ Intl Investors 13.41 0.44
Torrey Global Fund 12.97 0.41

Spearman: 0.913** significant at the 0.01 level.

TABLE 18.5 Six Returns-to-Scale Regions

Region I Increasing Returns to Scale (IRS)
Region II Constant Returns to Scale (CRS)
Region III Decreasing Returns to Scale (DRS) 
Region IV IRS (input-oriented) and CRS (output-oriented)
Region V CRS (input-oriented) and DRS (output-oriented)
Region VI IRS (input-oriented) and DRS (output-oriented)

Source: Zhu (2003).
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puts. In Region II, three FOFs experience achieved constant returns-to-
scale, according to which a proportionate amount of inputs resulted in a
proportionate amount of outputs. In Region III, seven funds attained
decreasing returns-to-scale and finally, in Region VI, the majority (14) of
FoFs experience IRS (input-oriented). 
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TABLE 18.6 Offshore Funds of Hedge Funds Returns-to-Scale Model

Input- Input- Ending
RTS oriented oriented Millions

DMU Name Region VRS RTS Managed

GAM Diversity Fund Region III 0.68695 Decreasing $2,963,150,000
Permal Investment Holdings Region III 0.49542 Decreasing $2,900,000,000

NV (A)
Haussman Holdings NV Region VI 0.51539 Increasing $2,700,000,000
Leveraged Capital Holdings Region VI 0.41070 Increasing $1,079,000,000
Asian Capital Holdings Fund Region II 1.00000 Constant $722,235,000
GAM Trading Fund Region II 1.00000 Constant $568,080,000
GEMS Low Volatility Fund Region VI 0.59333 Increasing $427,270,000
La Fayette Holdings Region III 1.00000 Decreasing $416,223,000
Global Hedge Fund (CHF) Region VI 0.57051 Increasing $403,266,000
GAM Emerging Markets Region VI 0.37179 Increasing $396,650,000

Multi-Fund
GAM Multi-Europe Fund Region III 0.71305 Decreasing $315,470,000
Green Way Investments (euro) Region VI 0.73151 Increasing $260,000,000
Permal Emerging Mkts Region VI 0.41789 Increasing $256,000,000

Holdings (A)
Prima Capital Fund Region VI 0.50229 Increasing $245,000,000
Key Hedge Fund Region VI 0.89825 Increasing $224,567,000
Saranac Investors Ltd Region I 0.96475 Increasing $221,200,000
GAM Multi-Europe Fund (euro) Region III 0.80324 Decreasing $210,940,000
Olympia Global Hedge Trust Region VI 0.63707 Increasing $198,000,000
GAM Trading Fund (euro) Region III 1.00000 Decreasing $165,700,000
Optima Fund Ltd Region III 0.87774 Decreasing $163,700,000
Sperry Complete Manager Region VI 0.47282 Increasing $161,000,000

Fund (A)
Ocean Strategies Region VI 0.59402 Increasing $67,700,000
Arden Intl Capital Region II 1.00000 Constant $46,460,000
Eagle Capital International Fund Region VI 0.41068 Increasing $38,643,000
Key Global Region VI 0.72091 Increasing $36,986,000
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Table 18.7 displays the RTS methodology for three different groups of
onshore FOFs (Region II, Region III, and Region VI). Region II has three
funds producing constant returns to scale, while Region III has five funds
producing DRS. Region VI has the greatest number of funds (17), and all
experience IRS (input-oriented). In addition, the majority of funds as iden-
tified in Table 18.6 and 18.7 experience IRS. This could suggest that FoFs
tend to increase inputs to attain larger proportional increases in outputs. 
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TABLE 18.7 Onshore Funds of Hedge Funds Returns-to-Scale Model 

Input-
oriented

VRS Input- Ending
RTS Efficiency oriented Millions

DMU Name Region Score RTS Managed

Aurora Region VI 0.59355 Increasing $1,404,000,000
Pointer (QP) Region III 0.70619 Decreasing $584,000,000
Univest (B) Region II 1.00000 Constant $439,810,000
Austin Capital All Seasons Region VI 0.45124 Increasing $298,000,000
Blue Rock Capital Fund Region II 1.00000 Constant $224,422,000
Optima Fund Region VI 0.32827 Increasing $203,400,000
Arden Advisers Region II 1.00000 Constant $150,000,000
Paradigm Master Fund Region VI 0.54463 Increasing $124,298,000
Summit Private Investments Region VI 0.41356 Increasing $118,084,000
Acorn Partners Region VI 0.37859 Increasing $110,000,000
P&A Diversified Managers Fund Region III 1.00000 Decreasing $101,300,000
Torrey Global Fund Region VI 0.22349 Increasing $100,423,000
Rosewood Associates (D) Region III 0.85527 Decreasing $100,400,000
Millburn MCO Partners Region VI 0.33442 Increasing $97,878,000
Preferred Investors Region VI 0.36290 Increasing $95,400,000
Upstream Capital Fund Region VI 0.72735 Increasing $86,900,000
Oxbridge Associates Region VI 0.46787 Increasing $85,000,000
Long Point Investors Region VI 0.30697 Increasing $72,300,000
Mesirow Arbitrage Trust Region III 0.92583 Decreasing $63,400,000
Regency Fund Region III 0.62201 Decreasing $61,200,000
Access Fund Region VI 0.54289 Increasing $61,000,000
Pleiades Partners Region VI 0.74935 Increasing $57,000,000
Praesideo ULQ Intl Investors Region VI 0.24835 Increasing $51,700,000
Birchwood Associates Region VI 0.33852 Increasing $50,400,000
CAM Region VI 0.30768 Increasing $48,700,000
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CONCLUSION

When selecting FoFs, prudent investors must use more than one method to
examine returns, volatility, and other statistical properties of each fund.
Using BCC and cross-efficiency models allows investors to obtain further
insight into what drives FoFs performance and how each fund scores in
terms of its relative efficiency ranking. Furthermore, DEA groups funds into
specific regions, such as increasing, decreasing, or constant returns to
scale, just as factor analysis and Generalized Style Classification (GSC) are
frequently used to group hedge funds and FoFs. Last, an FoF manager
may use DEA as a complementary technique in evaluating the performance
of hedge fund and FoF managers. 
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CHAPTER 19
The Performance of 

Hedge Funds in the Presence 
of Errors in Variables  

Alain Coën, Aurélie Desfleurs, 
Georges Hübner, and François-Éric Racicot

I n this chapter we revisit the performance of hedge funds in presence of
errors in variables. We investigate hedge fund performance using various

simple asset pricing models. To reduce the bias induced by measurement and
specification error, we introduce an estimator based on cross-sample
moments of order three and four. Our results show that our technique has
great and significant consequences on the measure of factor loadings. Our
estimator sheds a new light on performance attribution and estimation of
abnormal performance alpha by showing that significant alphas can be
attributed to measurement errors at the level of explanatory variables.

INTRODUCTION 

Since the exploratory studies of Liang (1999) and Ackermann, McEnally, and
Ravenscraft (1999) showing that hedge funds tend to outperform mutual
funds, the performance of hedge fund strategies has become a blossoming
and almost inexhaustible subject of research. 

These studies advocated the use of the Sharpe ratios as a metric for per-
formance measurement. It would be justified because of the relatively poor
fit of classical asset pricing models used in the mutual funds literature, as in
Fama and French (1993) and Carhart (1997), to the time series of hedge
fund returns. 
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Nevertheless, many subsequent studies have been aimed at adjusting
pricing models that would account for a significant fraction of the variabil-
ity of hedge fund returns and, with these specifications, at applying Jensen’s
alpha as the risk-adjusted performance measure. Fung and Hsieh (1997a)
were the first to propose the use of the Sharpe (1992) asset class model.
With the nine-factor model they proposed, they reported adjusted R2 for
style- and location-based portfolios of hedge funds that ranged from 
17 to 70 percent, much less than the significance levels achieved by mutual
funds but still quite promising.

A stream of subsequent research has focused on the identification of
relevant risk premiums (Schneeweis and Spurgin 1998b; Liang 1999, 2004;
Amenc, Martellini, and Vaissié 2003; Agarwal and Naik 2004; Capocci and
Hübner 2004; Capocci, Corhay, and Hübner 2005) in order to refine the
measurement of performance by Jensen’s alpha, as well as to assess the per-
sistence of hedge funds’ abnormal performance.

Results have been quite promising so far. Most studies conclude that,
for the period subsequent to 1994,1 the average alpha of hedge fund returns
tends to be significant for most strategies (Agarwal and Naik 2004; Capocci
and Hübner 2004), but with differences depending on the period studied,
as the period of bearish market after March 2000 drove down abnormal
performance (Capocci, Corhay, and Hübner 2005). Yet some strategies,
such as event driven (Edwards and Caglayan 2001a; Mitchell and Pulvino
2001), global macro (Edwards and Caglayan 2001a; Capocci and Hübner
2004), and, most consistently across all studies, the market-neutral strategy
(Edwards and Caglayan 2001a; Amenc, Martellini, and Vaissié 20022;
Capocci, Corhay, and Hübner 2005), appear to achieve significant and
even, to some extent, persistent abnormal performance.

Amin and Kat (2003a) and Agarwal and Naik (2004), however, pro-
vide a very serious warning. Because the market timing behavior of hedge
fund managers induces returns to exhibit a significant tendency to load on
option-based strategies, as shown by Fung and Hsieh (2001, 2002b) and by
Agarwal and Naik (2004), neither the Sharpe ratio nor Jensen’s alpha is
likely to adequately measure abnormal performance with ordinary least
squares (OLS). Any properly designed performance measure has to account
for the significant skewness and kurtosis displayed by hedge fund returns.
In particular, a highly nonnormal behavior of returns is likely to bias sta-
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1Capocci and Hübner (2004) find that data prior to 1994 may not be reliable due
to the presence of significant survivorship bias.
2Amenc, Martellini, and Vaissié (2003) distinguish between long/short and equity-
market-neutral strategies.

c19_gregoriou.qxd  6/23/05  4:05 PM  Page 382



tistical inference if there is evidence of measurement errors in the explana-
tory variables, as they are very likely to influence the point estimators for
the risk factor loadings. 

In this chapter, we address this issue by applying an econometric tech-
nique developed by Dagenais and Dagenais (1997) to measure betas in sim-
ilar problems. The goal of our study is to determine whether an asset
pricing model that would not incorporate these optional effects in the risk
factors, thus leaving residual skewness and kurtosis in the returns, would
yield reliable performance measures. In order to ensure that we restrict our-
selves to this measurement issue, we do not focus on the development of a
comprehensive asset class model. We opt for a very classical asset pricing
specification and study the effects of removing a significant risk factor on
one side and of adding another superfluous risk factor on the other side. 

ECONOMETRIC METHOD 

It is well known in the economic literature that errors in explanatory vari-
ables tend to lead to inconsistent OLS estimators in linear regression mod-
els. As underlined by Dagenais and Dagenais (1997), they lead to more
perverse effects related to the confidence intervals of the regression param-
eters and the increase of the sizes of the type I errors. Many studies (Aigner,
Hsiao, Kapteyn, and Wansbeek 1984; Bowden, 1984; Fuller 1987) have
suggested the use of instrumental variables to obtain consistent estimators,
when information on the variances of these errors is not available. Despite
these suggestions, instrumental variables techniques are often neglected (Pal
1980; Klepper and Leamer 1984).

Consider this regression model (equation 19.1):

Y = aiN + X̃b + u (19.1)

where X̃ = a N × K matrix that contains stochastic exogenous
variables measured without error;

where Q is a finite nonsingular matrix;

Y = a N × 1 vector of observations of the dependent
variable;

u = a N × 1 vector of normal residual errors with E(u) = 0,
E(uu′) = σ2

uIN;
b = a K × 1 vector to estimate;
α = the constant;
i = a N × 1 unit vector.

limN

X X
N

Q→∞
′ =

% %
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The fact that var(u) = σ2
u IN implies that errors are uncorrelated and that

the variance is homoskedastic.
We assume that X̃ is unobservable and that the matrix X is observed

instead in equation 19.2, where:

X = X̃ + ν (19.2)

where ν = an N × K matrix of normally distributed errors in the variables.

This matrix ν is assumed to be uncorrelated with u (equation 19.3) and 

var[vech(ν)] = Σ ⊗ IN (19.3)

where var[.] = the covariance matrix;
IN = the identity matrix of dimension N;

and Σ = a K × K symmetric positive definite matrix (equation 19.4).

(19.4)

The hypotheses on measurement errors of explanatory variables imply
that errors are independent across observations, so that cov(vij, vi+k,j¢) = 0;
i = 1, . . . , N; j, j′ = 1, . . . , K; k ≠ 0. But they are dependent between variables
for the same observation, so that  cov(vi,vj) ≠ 0, i ≠ j. In this case, the vari-
ance of errors is homoscedastic.

The estimator bD suggested by Durbin (1954) is given by equation 19.5:

(19.5)

The xij are the elements of x = AX, where A = IN - ii′/N. The matrix x
stands for the matrix X calculated in mean deviation. We use the same nota-
tion for y, so that y = AY.
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The univariate version of Durbin’s estimator is given by 

where xi = Xi − -
X;

yi = Yi − -
Y.

Similarly, Pal’s (1980) estimator, bP, is given by equation 19.6:

where and

(19.6)

where x and y are, as before, expressed in mean deviation;
D(x′x/N) = a K × K matrix of the diagonal elements of x′x/N.

The univariate version of Pal’s estimator is given by:

Under the null hypothesis of no measurement error in variables (H0),
these two estimators are unbiased. As demonstrated by Kendall and Stuart
(1963) and Malinvaud (1978), however, higher-moments estimators are
more erratic than the corresponding least squares estimators.

Dagenais and Dagenais (1997) introduce new unbiased higher-moment
estimators for linear regressions showing considerably smaller standard
errors. They propose an estimator, bH, which is a linear matrix combina-
tion of the generalized version of bD and bP. This estimator is given by
equation 19.7:

with (19.7)

where S = the covariance matrix for under H0.
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Now we apply the generalized least square (GLS) method (equation
19.8):

(19.8)

where

uD = (z1′x)-1z1′ Au;
uP = (z2′x)-1z2′ Au.

Thus, we get equation 19.9: 

(19.9)

The estimator bH is unbiased3 because bD and bP are unbiased under H0.
This application of GLS gives us an estimator that is an optimal linear matrix
combination of bD and bP. Using the theorem of Theil and Goldberger
(1961), it is easy to show that the variance of this estimator will be smaller
than or equal to the smallest variance of the both estimators bD and bP.

4

We intend to underline their main results by applying this higher-
moment estimator to our financial series related to hedge funds, to avoid
the problem of misspecification very often neglected in the literature.5

Therefore, we use this new estimator based on cross-sample moments
of order three and four in presence of errors in variables. Thanks to the con-
sistency of this estimator, the bias should asymptotically disappear while it
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3The detailed proof is available in Dagenais and Racicot (1993).
4We can easily demonstrate that bH converges in probability when there are errors
in the explanatory variables. Another approach would be to use the artificial regres-
sions method developed by MacKinnon (1992). For an illustration of this approach,
see Davidson and MacKinnon (1993). The detailed proof is available from the
authors on request. An application of this new econometric estimator bH to finan-
cial time series used for asset pricing models can be found in Coën and Racicot
(2004). 
5It would be possible to develop an alternative estimator (bE),  which would be a
linear matrix combination asymptotically optimal for bD and bP under the hypoth-
esis H1 (presence of measurement errors in explanatory variables).
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is inherent to the OLS estimator. This econometric improvement justifies its
use in this study.

For the estimator bH, we use the regression in equation 19.10:

(19.10)

where V = the vector of explanatory variables;
Y = the dependent variable;
n = the number of observations;

ŵk,n = a vector obtained using the artificial regression technique;
bw,j,n (j = 1 to K, the number of explanatory variables) = a combi-

nation of a matrix with instrumental variables uncorre-
lated with the errors e.

This specification ensures the consistency of our estimator despite the
presence of errors in variables. 

METHODOLOGY AND DATA

Pricing Models

Given the fact that the purpose of this chapter is to assess the impact of
regression methodologies to evaluate portfolio performance, we rely on a
classical family of asset pricing models, whose roots can be found in the
empirical version of the capital asset  pricing model (CAPM) developed by
Fama and French (1993).

According to the three-factor asset pricing model proposed by Fama and
French (1993), and assuming that the dependent variables are measured
without errors and that the pricing errors are homoskedastic and normally
distributed, the next market model is estimated with OLS (equation 19.11):

rt = a + b1Mktt + b2SMBt + b3HMLt + et (19.11)

where rt = the hedge fund return in excess of the 13-week Treasury-
bill rate;

Mktt = the excess return on the market index proposed by Fama
and French (1993);

SMBt = the factor-mimicking portfolio for size (small minus big);
HMLt = the factor-mimicking portfolio for the book-to-market

effect (high minus low).

Y V w eH i H j i j i
j

K

w j n j n n= + + +
=
∑α β β, , , , ˆ , , ,ˆ

1

The Performance of Hedge Funds in the Presence of Errors in Variables 387

c19_gregoriou.qxd  6/23/05  4:05 PM  Page 387



Factors are extracted from French’s Web site (http://mba.tuck.dartmouth.
edu/pages/faculty/ken.french/data_library.html).

We then implement the four-factor model proposed by Carhart (1997),
supposedly achieving better significance levels than the Fama and French
(1993) specification for hedge fund returns (see Agarwal and Naik 2004;
Capocci and Hübner 2004). This market model is taken as the benchmark
of a correctly specified model (equation 19.12):

rt = a + b1Mktt + b2SMBt + b3HMLt + b4UMDt + et (19.12)

where UMDt = the factor-mimicking portfolio for the momentum effect
(up minus down).

Finally, we add a fifth factor related to the risk premium associated
with high-yield dividend-paying stocks. The choice of this additional can-
didate factor, called HDMZD (high dividend minus zero dividend), is moti-
vated by the hypothesized positive relationship set forth by Litzenberger
and Ramaswamy (1979, 1982), theoretically explained by tax differential
arguments. Christie (1990) finds that this hypothesis of a significant divi-
dend risk premium was reinforced for zero-dividend stocks. However, more
recent findings have cast doubt on the role of dividend yields to explain
stock returns. Christie and Huang (1994) do not support a linear relation-
ship between returns and dividend yields, while Goyal and Welch (2003)
deny any stock returns forecasting ability of dividends for periods less than
five years. Hübner (2004) finds that this factor can complement Carhart’s
(1997) model for mutual funds. Due to its controversial and at best weak
contribution to explaining equity returns, this source of risk is an ideal can-
didate for playing the role of a “supernumerary” factor to test the effect of
measurement error in the presence of an over-specified model. This results
in the next model (equation 19.13):

rt = a + b1Mktt + b2SMBt + b3HMLt + b4UMDt + b5HDMZDt + et (19.13)

where HDMZDt = the factor-mimicking portfolio for the dividend effect.

For each of the three specifications, we then implement the regression
presented in equation (19.10). This yields equation 19.14:

rt = aH + b1
HMktt + b2

HSMBt + b3
HHMLt + b4

HUMDt + b5
HHDMZDt

+ b H
1ŵ ŵMkt,t + b H

2w ŵSMB,t + b H
3w ŵHML,t + b H

4w ŵUMD,t (19.14)

+ b H
5w ŵHDMZD,t + et
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where bk
H and bkŵ

H (k = 1,…,5) = a combination of a matrix with instru-
mental variables, whose variables are highly correlated with the vari-
ables included in the risk factors, but uncorrelated with the errors e.

Data

We use the Barclay Group database with monthly net returns on 2,617
funds belonging to 11 strategies (event driven, funds of funds, global
macro, global, global emerging markets, global regional established, short
selling, sector, global international markets, market neutral, long-only lever-
aged) for the period January 1994 to December 2002. Out of these funds,
1,589 were still alive at the end of the period and 1,028 funds have ceased
reporting. Funds that reported less than one consecutive year of returns
have been removed from the database.6 Data from the same period were
used by Capocci, Corhay, and Hübner (2005) with the managed account
reports (MAR) database, and have been found to be relatively reliable in
terms of survivorship and instant return history biases.

The series of dependent variables in our regression are built by com-
puting the equally weighted average monthly returns of all funds, living or
dead, that follow a particular strategy during a given month. 

The descriptive statistics of our sample is given in Table 19.1. Our data-
base includes a substantially higher number of dead funds (+446) than in
the MAR database used by Capocci, Corhay, and Hübner (2005), especially
for the global established (+97 dead funds), funds of funds (+77), and mar-
ket-neutral (+72) strategies. 

Consistent with previous studies, some strategies appear to achieve
extremely favorable performance for all measures. Sector, global estab-
lished, global emerging, and market-neutral strategies exhibit average
monthly returns greater than 1 percent. The Sharpe ratio of Market Neu-
tral funds is up to eight times greater than that of the market proxy. Event-
driven, sector, global established, macro and funds of funds strategies also
obtain Sharpe ratios more than twice higher than the market proxy. Thus,
a classical model-free performance measure suggests that there might be
significant abnormal performance present in hedge fund returns. 

The correlation between and among hedge funds and among risk fac-
tors is reported in Table 19.2. The correlations between the regressors and

The Performance of Hedge Funds in the Presence of Errors in Variables 389

6This treatment explains why we have a lower number of funds remaining than
Capocci, Corhay, and Hübner (2005).
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the hedge fund returns do not exceed 0.80, except long-only leveraged and
global established, which display high correlations with the market proxy.
The correlation among the regressors is very low, thereby raising no serious
concern about multicolinearity. 

RESULTS 

The OLS Regression

The estimations of the OLS betas for the 11 hedge fund strategies are given
in Table 19.3. The asset pricing models perform surprisingly well in
explaining returns of our hedge fund indexes. The lowest adjusted R2 is
achieved by the global strategy, but this can be understood by the fact that
this strategy has gradually faded away and its funds have been reshuffled to
other categories, making its recent history very dubious. Otherwise, the per-
centage of returns variance explained by the regression ranges between 39
percent and as much as 87 percent. Even the market-neutral index obtains
a coefficient of determination that is close to 45 percent. In general, though,
these coefficients are extremely close to the ones reported in Capocci,
Corhay, and Hübner (2005) with the Carhart (1997) model, except for the
market-neutral strategy (their adjusted R2 is 10 percent higher) and the
event driven (their adjusted R2 is 3 to 10 percent lower depending on the
subcategory). This is due to different classification schemes from one data-
base to another.

In general, the best fit is obtained with the four-factor model, except for
the event driven, global emerging, long-only leveraged, and global strate-
gies, where the Fama and French (1993) specification is better. The dividend-
related factor only contributes to the regression significance for the global
international strategy. Otherwise, it is redundant and uninformative, thereby
playing its role of supernumerary factor.

Reported alphas are significantly positive for six strategies (Table 19.3,
panel A). They range from a yearly compounded performance of 12.6
percent (sector) to a barely significant 3.5 percent (macro). Among them,
the passage to the four-factor model sharply decreases the alpha except for the
event-driven strategy for which the momentum factor is redundant and 
the short-selling strategy for which the effect is opposite. With the excep-
tion of this latter (which is a market contrarian) strategy, the alpha seems
to be lower when the model is better specified.

Table 19.3, panel B, shows a similar pattern. All alphas decrease as the
up minus down (UMD) factor is added. Only the global strategy obtains a
negative, but insignificant abnormal performance.

392 RISK AND PERFORMANCE MEASUREMENT
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The Performance of Hedge Funds in the Presence of Errors in Variables 393

TABLE 19.3 OLS Regressions on Hedge Fund Strategies

Panel A: Strategies with Significant Abnormal Performance

Coefficients

R2 adj F-Test αα Mkt SMB HML UMD HDMZD

MKN 0.448 29.94 0.710 0.158 0.092 0.076
(8.54) (7.65) (4.88) (3.15)

0.450 22.87 0.689 0.162 0.087 0.076 0.017
(8.12) (7.75) (4.52) (3.12) (1.17)

0.449 18.43 0.686 0.161 0.085 0.070 0.020 0.010
(8.08) (7.65) (4.41) (2.80) (1.31) (0.91)

SEC 0.838 185.46 0.992 0.674 0.472 0.020
(5.63) (15.40) (11.81) (0.39)

0.872 182.85 0.812 0.712 0.430 0.013 0.148
(5.07) (17.98) (11.80) (0.28) (5.33)

0.872 146.44 0.818 0.715 0.433 0.025 0.143 −0.021
(5.10) (18.00) (11.84) (0.52) (5.08) (−0.99)

GES 0.859 218.88 0.645 0.558 0.274 0.041
(5.39) (18.75) (10.09) (1.18)

0.872 182.55 0.564 0.575 0.255 0.038 0.067
(4.82) (19.89) (9.59) (1.14) (3.30)

0.871 145.25 0.567 0.576 0.256 0.043 0.065 −0.010
(4.83) (19.82) (9.58) (1.25) (3.14) (−0.62)

EVT 0.709 87.98 0.400 0.302 0.194 0.095
(3.98) (12.10) (8.53) (3.24)

0.706 65.37 0.403 0.301 0.195 0.095 −0.003
(3.90) (11.82) (8.32) (3.23) (−0.16)

0.704 51.87 0.405 0.302 0.196 0.098 −0.004 −0.005
(3.91) (11.76) (8.28) (3.20) (−0.22) (−035)

SHS 0.773 122.30 0.742 −0.648 −0.390 0.086
(3.48) (−12.21) (−8.06) (1.38)

0.782 96.66 0.844 −0.669 −0.366 0.090 −0.084
(3.94) (−12.65) (−7.53) (1.47) (−2.27)

0.780 76.90 0.840 −0.671 −0.369 0.081 −0.080 0.017
(3.91) (−12.62) (−7.53) (1.27) (−2.12) (0.59)

MAC 0.551 44.80 0.284 0.311 0.164 0.050
(1.97) (8.65) (4.99) (1.18)

0.633 47.18 0.146 0.340 0.131 0.044 0.114
(1.09) (10.30) (4.32) (1.16) (4.92)

0.632 37.82 0.150 0.342 0.134 0.053 0.111 −0.016
(1.12) (10.32) (4.37) (1.34) (4.69) (−0.88)

Strategies are ranked from the highest to the lowest 3-factor alpha. Panel A
displays the six strategies with significant alphas (t-test > 1.96). Panel B displays the
remaining strategies.
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394 RISK AND PERFORMANCE MEASUREMENT

TABLE 19.3 (continued)

Panel B: Strategies without Significant Abnormal Performance

Coefficients

R2 adj F-Test αα Mkt SMB HML UMD HDMZD

GIN 0.530 41.17 0.304 0.366 0.164 0.096
(1.85) (8.95) (4.39) (2.00)

0.541 32.50 0.238 0.379 0.149 0.093 0.054
(1.43) (9.25) (3.93) (1.97) (1.87)

0.544 26.57 0.246 0.384 0.153 0.110 0.047 −0.030
(1.49) (9.36) (4.06) (2.25) (1.63) (−1.35)

FoF 0.583 50.79 0.195 0.249 0.168 0.072
(1.75) (8.97) (6.63) (2.21)

0.626 45.79 0.113 0.266 0.148 0.069 0.068
(1.05) (9.97) (6.05) (2.23) (3.62)

0.625 36.61 0.116 0.267 0.150 0.075 0.065 −0.011
(1.07) (9.98) (6.08) (2.35) (3.42) (−0.78)

GEM 0.399 24.65 0.476 0.635 0.313 0.122
(1.23) (6.60) (3.56) (1.08)

0.393 18.35 0.452 0.640 0.307 0.121 0.020
(1.14) (6.52) (3.40) (1.07) (0.30)

0.388 14.54 0.453 0.641 0.308 0.125 0.019 −0.007
(1.13) (6.48) (3.38) (1.06) (0.27) (−0.13)

LOL 0.818 161.44 0.145 0.977 0.390 −0.028
(0.59) (15.97) (6.99) (−0.38)

0.817 120.29 0.117 0.983 0.384 −0.029 0.023
(0.46) (15.75) (6.68) (−0.40) (0.52)

0.815 95.30 0.117 0.983 0.384 −0.029 0.023 0.001
(0.46) (15.63) (6.62) (−0.39) (0.52) (0.02)

GLB 0.354 20.55 −0.155 0.473 0.213 0.065
(−0.50) 6.01 (2.96) (0.70)

0.350 15.26 −0.158 0.473 0.212 0.065 0.002
(−0.48) (5.89) (2.87) (0.70) (0.03)

0.344 12.20 −0.164 0.470 0.208 0.051 0.008 0.026
(−0.50) (5.81) (2.79) (0.53) (0.13) (0.59)

MKN = Market Neutral, SEC = Sector, GES = Global Regional Established, EVT =
Event Driven, SHS = Short Selling, MAC = Global Macro, GIN = Global Inter-
national Markets, FoF = Funds of Funds, GEM = Global Emerging Markets, LOL
= Long Only Leveraged, GLB = Global. Student t-stats are exhibited in parentheses.
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The Higher-Moment Estimators Regression

We now turn to the estimation of the extended model when measurement
errors in the dependent variables are treated by the methodology developed
earlier. For each risk premium, we now construct the instrumental vari-
ables ŵj,t and perform the regression proposed in equation 19.14. The betas
are obtained by applying the weighting method proposed by Dagenais and
Dagenais (1997) on the Durbin and Pal estimators (see equation 19.9).
Thus, we now obtain two coefficients for each risk premium. The signifi-
cance level of each bkŵ

H indicates whether there is suspicion of measurement
error in the corresponding risk premium that would affect the contributive
level of this variable in the estimated market model.

The results of this procedure are reported in Table 19.4, which can be
interpreted as the core of this chapter. Quite unexpectedly, the results are
very sharp. Alphas are no longer significant, and there is significant indica-
tion of measurement error when alphas were significant.

The comparison between the OLS alphas and the higher-moment esti-
mators (HME) alphas reveals a very pronounced tendency to fall around
zero, both in absolute and in standardized values, as indicated in Table
19.4, panels A and B. The t-stats never exceed 1 in absolute value and very
often switch to a negative sign. 

Only the alphas of the market-neutral, event driven, short sellers, and
global international remain consistently positive across all specifications.
Their economic significance is very low, however. The highest alpha,
recorded for the short-sellers strategy, barely corresponds to a yearly 2.2
percent. Event-driven and market-neutral funds peak to a yearly 1.3 percent
and 0.7 percent, respectively.

These results can be considered seriously only provided that the evi-
dence of significant measurement error effects is documented. In this
respect, the contrast between Table 19.4, panels A and B, is remarkable. In
panel A, there appears to be at least one source of measurement error that
is adequately tracked by the HME method. The adjusted R2 for the four-
factor model increases by 3.89 percent for market-neutral, 1.4 percent for
sector, 0.2 percent for global established, 2.3 percent for event driven, 0.9
percent for short-sellers, and 0.6 percent for macro. All these improvements
are recorded despite the fact that we have doubled the number of inde-
pendent variables and that at most two variables exhibit a significant
impact of measurement error per regression, leaving at least two superflu-
ous new variables. In panel B, improvement can be observed for the global
strategy only, driving the negative values of alpha toward zero.

The measurement error does not seem to affect the market risk pre-
mium. The UMD factor coefficient measured with OLS appears to be

The Performance of Hedge Funds in the Presence of Errors in Variables 395
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overestimated for four strategies (market-neutral, global established, event
driven and macro), as the corresponding value of b H

4ŵ is significantly posi-
tive at the 10 percent level. This is likely to shed new light on the momen-
tum effect. It appears to be much less pronounced for hedge fund strategies
that record positive alphas, as the UMD variable can substantially corrupt
the estimates of all regression coefficients, including Jensen’s alpha.

Evidence is less pronounced for the book-to-market and size effects, as
the sign of the measurement error coefficient is either positive or negative
when it is significant. The coefficients b H

3ŵ for the HML factor are signifi-
cant for three strategies (positive for short sellers, negative for sectors and
global established), and the coefficients for SMB are negative for sectors
and positive for event driven.

The significance levels of these instrumental variables tend to decrease
as the fourth factor is introduced in the regression. This effect is still
present, but less pronounced when a fifth, redundant factor is included, 
as the opposite can be found for the macro (market factor) and sectors
(SMB factor). 

Overall, it seems that measurement error problems become more pro-
nounced as the explanatory power of the risk premiums decrease. Mea-
surement problems are almost absent for the market risk premium, slightly
present for the size risk premium, more pronounced for the book-to-market
premium, and pervasive for the momentum effect. 

In fact, our regressions suggest that the introduction of a fourth vari-
able (UMD) makes sense only if its measurement error is simultaneously
taken into account. In the OLS regression, the variation of adjusted R2

induced by adding this variable spans from −0.2 percent to 8.2 percent.
After accounting for measurement errors, the span only ranges from 1.5
percent to 8.8 percent.

Finally, we note that the sum of each pair of coefficients is very close to
the original OLS beta reported in Table 19.3. Thus, the HME method
mostly reshuffles the original coefficient between the economic and the
instrumental variable. Unfortunately for performance measures, the result-
ing total risk premium tends to increase, thereby reducing the value of alpha
and removing all evidence of abnormal performance.

From this exploratory discussion, we can conjecture that most attrib-
uted hedge fund performance, as measured by alpha, may instead indicate
an additional source of risk corresponding to the measurement error in risk
premiums. The lower the explanatory power of the risk premium, the
higher is the source of measurement risk. But when a risk premium is redun-
dant, it remains superfluous after accounting for measurement error. This
risk appears to be priced in our framework.

400 RISK AND PERFORMANCE MEASUREMENT
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CONCLUSION

This chapter seems to bring bad news for hedge fund managers. It indicates
that the positive abnormal returns reported by several hedge fund strategies
over the 1994 to 2002 period may be due to the spurious effects of meas-
urement errors that would have not been taken into account adequately in
the OLS regression. 

We believe, however, that this is not a problematic issue. This chapter
justifies the use of a powerful econometric technique for a problem that is
prone to these issues. Blind application of this technique to hedge fund
returns seems to remove all performance, irrespective of whether the
higher-moment estimator specification is relevant or not. Furthermore, we
deliberately chose an incomplete returns-generating model, leaving aside
some risk premiums that have proven to be very useful for the understand-
ing of the source of risks taken by hedge fund managers. In particular, their
well-documented use of optionlike strategies is likely to account better for
skewness and kurtosis in portfolio returns than the traditional Fama and
French (1993) and Carhart (1997) factors. Further research is therefore
needed in this area. 

Furthermore, analyzing alpha may not be the proper way to address
this issue. From our approach, we document that alpha could account for
a new type risk corresponding to measurement error. But if risk and returns
are measured relative to a benchmark portfolio, this benchmark must also
be exposed to the same sources of risk. It may not be sensible to conclude,
via Table 19.3, that the 574 market-neutral funds (among which 209 have
ceased reporting probably due to bad performance) have beaten the market
by, on average, 8.5 percent per year during nine years. Even for researchers
or professionals who do not blindly follow the efficient market hypothesis,
this seems very hard to swallow. Our research definitely calls for a more
detailed analysis, at the level of individual funds.

One solution to performance measurement in this context could be the
generalized Treynor ratio proposed by Hübner (2004), which introduces
the notion of risk per unit of benchmark-corrected systematic risk, in the
spirit of the classical Treynor ratio, in a multi-index framework. Eventually,
our main conclusion is that alpha is not a proper measure of performance
for hedge fund returns. 

The Performance of Hedge Funds in the Presence of Errors in Variables 401
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CHAPTER 20
Alternative RAPMs for

Alternative Investments
Milind Sharma 

This chapter highlights the inadequacies of traditional RAPMs (risk-
adjusted performance measures) and proposes AIRAP (alternative invest-

ments risk-adjusted performance), based on expected utility theory, as 
a RAPM better suited to alternative investments. AIRAP is the implied
certain return that a risk-averse investor would trade off for holding risky
assets. AIRAP captures the full distribution, penalizes for volatility and
leverage, is customizable by risk aversion, works with negative mean
returns, eschews moment estimation or convergence requirements, and can
dovetail with stressed scenarios or regime-switching models. A modified
Sharpe ratio is proposed. The results are contrasted with Sharpe, Treynor,
and Jensen rankings to show significant divergence. Evidence of nonnor-
mality and the trade-off between mean-variance merits vis-à-vis higher
moment risks is also noted. The dependence of optimal leverage on risk
aversion and track record is noted. The results have implications for man-
ager selection and fund of hedge funds portfolio construction.

INTRODUCTION 

The heterogeneity of hedge fund strategies, their idiosyncratic bets, the com-
plexity inherent in their dynamic trading, and the extra degrees of freedom
they possess (given the absence of leverage or shorting constraints) makes the
task of judging managerial skill and performance particularly daunting. An
increasingly popular alternative is to invest indirectly through funds of
hedge funds (FoHFs). Liew (2003) suggests that FoHFs with “good dis-
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cernment,” can outperform their passively indexed counterparts. However,
good discernment presupposes the existence of good RAPMs.

A flurry of recent papers, such as those by Goetzmann, Ingersoll, Spiegel,
and Welch (2002), Spurgin (2001), and Bernardo and Ledoit (2000), have
highlighted the inadequacies of traditional RAPMs such as the Sharpe ratio.
Alternatives and modifications to the Sharpe ratio have been proposed, such
as Madan and McPhail (2000), Shadwick and Keating (2002), Kazemi,
Mahdavi, and Schneeweis (2003), while Leland (1999) proposes modifying
the capital asset pricing model (CAPM) beta. In that vein, this chapter
introduces the proposed RAPM, AIRAP, as the certainty equivalent. We fol-
low the CRRA (constant relative risk aversion) framework of Osband
(2002) but take the distribution-free route along the lines of CARA (con-
stant absolute risk aversion) solutions by Davis (2001). This is the first
work to investigate the utility of certainty equivalence as a RAPM for hedge
funds and to contrast the significantly different rankings obtained vis-à-vis
the Sharpe ratio and Jensen’s alpha. Sharma (2004) applies the AIRAP
framework to revisit empirical tests as well as to contrast hedge fund strate-
gies at the index and fund levels.

SURVEY OF RAPMS

While there exists no consensus on how to measure risk or risk-adjusted
performance for hedge funds, the menagerie of RAPMs in circulation that
could be applied includes the Sharpe ratio, Jensen’s alpha, Modigliani-
Squared (M2), M2-alpha, M3, SHARAD,1 the Treynor ratio, the Informa-
tion ratio, the Sortino ratio, Calmar, Sterling, gain/loss, and so on. Related
performance statistics include maximum drawdown, number of months 
to recovery, peak-trough, value added monthly index (VAMI), up/down
market returns, and upside/downside capture. Finally, the associated risk
metrics are beta, active risk, total risk, variance, semivariance (upside/
downside and capture), mean absolute deviation (MAD), value at risk
(VaR), VarDelta, marginal VaR, CVaR (conditional VaR or expected short-
fall), and CDaR (conditional drawdown at risk).

Absolute RAPMs consider portfolio returns in excess of the risk-free
rate (viz., Sharpe and Treynor ratios) or zero (Calmar and Sterling). Rela-

404 RISK AND PERFORMANCE MEASUREMENT

1The SHARAD (skill, history, and risk-adjusted) RAPM has been proposed by
Muralidhar (2001) as an extension of M3 (Muralidhar 2000), since it explicity
adjusts for disparate performance history. 
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tive risk adjustment performance measures (RAPMs), on the other hand,
consider portfolio returns in excess of benchmark (Information ratio), beta-
adjusted benchmark (Jensen’s alpha), or some threshold of minimum
acceptable return (MAR). The Sharpe and Information ratios both use the
standard deviation of differential returns in the denominator to risk adjust,
the Treynor ratio uses beta, the Sortino ratio uses downside deviation (DD),
Calmar uses maximum drawdown over three years, and Sterling uses the
average maximum drawdown over each of the past three years. Benchmark
risk-equivalent RAPMs such as M2, M2-alpha, M3, and SHARAD lever or
delever portfolio performance in order to risk-equalize with the benchmark
volatility, while borrowing at the risk-free rate. Since M2 is an affine trans-
form of the Sharpe ratio, it always produces the same rankings. Further,
M2-alpha is a close cousin of the Treynor ratio and produces identical rank-
ings. Hence, we do not dwell on either M-squared measures separately. M3

was proposed by Muralidhar (2000) to augment M2 by explicitly adjusting
for benchmark correlation while SHARAD goes further by adjusting for
disparate performance history (length of manager track records). Both M3

and SHARAD differ from the Sharpe ratio and are particularly germane
to institutional benchmark relative performance measurement and risk-
budgeting considerations. Despite the progressive institutionalization of
hedge funds, correlation adjustment and tracking-error budgeting do not now
appear central to a class of investments still largely perceived as an absolute
return class.

The applicability and appropriateness of these RAPMs to hedge funds
depends on the efficacy of their associated risk measure in capturing hedge
fund risk. To the extent that standard deviation, beta, downside deviation
and maximum drawdown are not sufficient risk statistics under non-
normality, none of the corresponding RAPMs should suffice for hedge
funds. That said, each of these has its attractions worth highlighting. Cal-
mar and Sterling are well suited for presenting the worst-case scenario since
they take into account maximum drawdown (the worst losing streak). The
Sortino ratio only adjusts by downside deviation. The benefit is that down-
side deviation does not penalize for upside variability but only for under-
performance vis-à-vis some threshold of minimum acceptable return. For
predictably asymmetric returns, Sortino can be a better ex-post RAPM than
the Sharpe ratio, since downside deviation will case pick up on the realized
skew and produce better portfolio rankings. Indeed, generalizing to the
notion of lower partial moments (LPM) can yield a host of new risk and
corresponding risk-adjusted measures. The zero LPM is shortfall risk or the
frequency of underperformance vis-à-vis some minimum acceptable return.
The first LPM is just the mean underperformance, while the second LPM
turns out to be downside variance.

Alternative RAPMs for Alternative Investments 405
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Risk of RAPM Shortfall

Recent literature highlights the vulnerability of traditional RAPMs given
the vagaries of leverage, nonnormality, and derivatives usage—issues that
typify hedge fund returns. In the domain of risk measures, even the most
popular candidates, such as value at risk, fall short in that they cannot han-
dle liquidity, credit, or tail risk that are often characteristic of hedge funds.
Further, VaR is not a coherent risk measure under nonnormality (Artzner,
Delbaen, Eber, and Heath 1999), a deficiency that has led to the growing
preference for expected shortfall as a quantifier of tail risk, coupled with
coherent scenario testing.

Among absolute RAPMs, we first consider the Treynor ratio, which can
be magnified without bound, via beta in the denominator. As a market-
neutral hedge fund approaches beta neutrality, the Treynor ratio approaches
infinity. This is an issue for nondirectional strategies in general. The Treynor
ratio is unsatisfactory for ranking and comparing hedge funds.

The Sortino ratio performs a valuable function in adjusting by down-
side deviation but can look deceptively high (on trend reversal) if the ex-
post estimation is based on a period of upwardly trending returns, since
downside deviation underestimates the two-sided risk if the estimation
period is not long enough to include loss periods. In this case, the Sharpe
ratio would perform better since the standard deviation is not as vulnerable
to a skewed sample when the underlying population is symmetrical.

Jensen’s alpha is not leverage invariant. Instead it scales in direct pro-
portion with leverage, thereby providing the perverse incentive to increase
leverage without bound. In fact, hedge fund strategies, particularly relative-
value strategies such as fixed income or statistical arbitrage, are known to
employ significant leverage in order to scale up their alpha. Leland (1999)
shows that alpha can be systematically misguided because the CAPM beta
ignores higher moments. Even if the single-index CAPM were appropriate,
Roll (1978) shows the arbitrariness of alpha rankings. If the benchmark
used is mean-variance efficient, the securities market line is unable to discern
outperformance. If not, then there exists some other nonefficient index,
which can reverse the ranking obtained.

Perhaps the most commonly used and widely respected RAPM in
industry circulation is the Sharpe ratio. It has many desirable properties,
such as proportionality to the t-statistic (for returns in excess of zero) and
the centrality of its squared value to optimal portfolio allocation.

The Sharpe ratio, however, is leverage invariant, and it is not as intu-
itive as M2, M3, and SHARAD, which measure performance in basis point
terms. It does not incorporate correlations, nor can it handle iceberg risks
lurking in the higher moments. It is plagued by another deficiency that lim-
its its usefulness during bear markets. Table 20.1 uses the Evaluation Asso-

406 RISK AND PERFORMANCE MEASUREMENT

c20_gregoriou.qxd  6/23/05  4:07 PM  Page 406



ciates Capital Markets (EACM) Bond Hedge index over the 1997 to 2001
period to show that a fund with the same excess return (−4.5 percent) but
twice the risk (12 percent) has a Sharpe ratio twice as good instead of twice
as worse. This happens because −0.37 is larger than −0.74 even though
smaller in absolute magnitude.

Further, by manipulating the returns profile, the Sharpe ratio can be
substantially modified. Spurgin (2001) shows how this can be achieved by
truncating the right tail. Similarly, Goetzmann, Ingersoll, Spiegel, and
Welch (2002) derive the optimal static strategy via short out-of-the-money
(OTM) puts and calls, which maximizes the Sharpe ratio. This corresponds
to a distribution with a truncated right tail (smooth monthly returns) but
with a fat tail representing periodic crashes. They remark that the peso
problem may be ubiquitous in any investment management industry that
rewards high Sharpe ratio managers. Bernardo and Ledoit (2000) specifi-
cally demonstrate the limitations of the Sharpe ratio under nonnormality.
They show that outside the realm of normality, attractive investments (i.e.,
arbitrage opportunities) can have arbitrarily low Sharpe ratios while poor
investments may have high Sharpe ratios. Given normality, the Sharpe ratio
suffices in completely characterizing investment desirability. Without nor-
mality, however, it is impossible to make general statements that are pref-
erence-free other than no-arbitrage (Bernardo and Ledoit 2000).

A number of cases manager hubris based on short but impressive track
records (possibly attributable to short option profiles) have been docu-
mented. Jorion (2000) points this out for the risk signature of Long-Term
Capital Management (LTCM). Similarly, the well-respected Neiderhoffer
became victim to short OTM puts as a result of a sudden 7 percent market
drop on October 27, 1997. More recently, Agarwal and Naik (2004) find
the majority of hedge fund strategies to be characterized by short option
profiles. They extend the findings of Mitchell and Pulvino (2001) for
merger arbitrage. While there are isolated cases that put manager integrity
into question, the broader issue remains one of investor suitability and
whether that necessitates regulating access to hedge fund investments.

Alternative RAPMs for Alternative Investments 407

TABLE 20.1 Sharpe Ratios of Negative Returns, 1997 to 2001

Fixed Income
EACM Index Bond Hedge Hedge Fund

Annual volatility 6.02% 12.04%
Annual % excess returns −4.50% −4.50%
Annual Sharpe ratio −0.75 −0.37
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To assess suitability we must ask whether hedge fund investors are, in
effect, unwittingly underwriting disaster insurance. The operative principle
in insurance is that risk transfer should result in the concentration of risk
with the less risk-averse party. Arguably, the existing requirement of
investor accreditation (which limits the audience to the less risk-averse)
should assuage suitability concerns, although the emergence of vehicles that
lower those requirements may not. The issue is germane to hedge funds not
only because of their extensive use of derivatives and the optionlike char-
acteristics of their incentive fees, but also because they are often marketed
on the basis of RAPMs such as the Sharpe ratio. To the extent that financial
intermediaries, such as registered brokers, are sufficiently trained to assess
suitability and investors sufficiently aware of risks when viewed as stand-
alone investments, then the focus can shift to the potential portfolio level ben-
efits of adding hedge funds based on marginal risk-return characteristics.

Bookstaber and Clarke (1981) show that options can skew portfolio
returns distribution, rendering the mean-variance framework inadequate.
While market participants may be aware that the October 1987 crash was
an abnormal extreme event, they may perceive the relevance of higher
moments as merely an esoteric concern. Table 20.2 shows negative skew
and excess positive kurtosis for the Standard & Poor’s (S&P) 500 over each
of the trailing 10-, 20-, 30- and 40-year periods2 running from February
1962 to January 2002.

Goodness of fit tests for the past 40 years confirms our suspicion. Table
20.3 shows rejections of normality by the Bera-Jarque test at the 99 percent
level and by the Lilliefors test at the 95 percent level. 

408 RISK AND PERFORMANCE MEASUREMENT

2The effect would be more pronounced with daily instead of monthly data.

TABLE 20.2 Skewness and Excess Kurtosis of the S&P 500 Index,
February 1962 to January 2002

Average
Excess Monthly

S&P 500 Returns Kurtosis Skewness Volatility Return

40 yrs (2/62–1/02) 1.91 (0.32) 4.33 0.97
30 yrs (2/72–1/02) 2.20 (0.36) 4.49 1.06
20 yrs (2/82–1/02) 2.96 (0.67) 4.43 1.29
10 yrs (2/92–1/02) 1.10 (0.66) 4.04 1.10
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Figure 20.1 and Table 20.4 show that for hedge funds, the mean,
median and mode of skewness are all negative as is the skew of skewness. 

Figure 20.2 and Table 20.4 show that the mean, median, and mode of
kurtosis (in excess of normality) are significantly positive with positive
skew and kurtosis of kurtosis.

Alternative RAPMs for Alternative Investments 409

TABLE 20.3 Goodness of Fit Tests on the S&P 500
Index, February 1962 to January 2002

95% 99%
Critical Critical

Test p-value Test stat Value Value

Lilliefors 0.0486 0.0408a 0.0404 0.0503
Bera-Jarque — 77.2904b 5.9915 9.2103

aSignificant at the 5 percent level.
bSignificant at the 1 percent level.

FIGURE 20.1 Distribution of Skewness
The distribution of HF skewness shows mild negative skew of −1.24 apparently
due to the counterbalancing effect of including CTAs. Still the left tail is longer
given min of −7.18 vs. max of 5.78 while mean, median & mode are all negative.
Source for 787 HFs used: Hedge Fund Research, Inc., © HFR, Inc.,
www.hedgefundresearch.com.
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Sharpe (1994) points out that comparisons based on the first two
moments of a distribution do not consider possible differences in higher
moments among portfolios. Nor do they consider differences in distribu-
tions of outcomes that may be associated with different levels of investor
utility. What is needed is a measure that incorporates investor preferences
via risk aversion and that adjusts for iceberg risks lurking in the higher
moments.

EXPECTED UTILITY THEORY AND AIRAP

Expected utility theory is central to the foundations of modern economics
and dates back to the axioms of Von Neumann–Morgenstern. Under tran-
sitivity, completeness, independence, and the Archimedean axioms, investor
preferences have an expected utility representation (which is unique up to
affine transforms). The expected utility property allows for the expression
of the Von Neumann–Morgenstern utility u of a lottery with payoffs z1 and

412 RISK AND PERFORMANCE MEASUREMENT

FIGURE 20.2 Distribution of Excess Kurtosis
The distribution of excess kurtosis for hedge funds during the 5 years (01/97–12/01)
is clearly right skewed (+4.54) with a long tail (max of 51.4 but min of −.86).
Average Ex-Kurt of 3.0 is significantly non-Gaussian with 87.4% of all funds with
excess kurtosis.
Source for 787 HFs used: Hedge Fund Research, Inc., © HFR, Inc.,
www.hedgefundresearch.com.
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z2 and probabilities p and (1−p) as [pu(z1) + (1 − p)u(z2)]. Here u is the
real-valued Bernoulli utility, which is a function of payoffs. Allowing a
lottery to be represented by a real-valued random variable enables lotteries
to be equivalently stated in terms of preferences over cumulative distribu-
tions F as shown by this expression:

For RAPMs to be useful, they should incorporate risk aversion since the
investor expects to be paid a risk premium for owning risky assets. In this
case risk aversion is embodied by the concavity of u. 

Given the concavity of u and Jensen’s inequality, we obtain equation 20.1:

u(E(z)) = u(pz1 + (1 − p)z2) > pu(z1) + (1 − p)u(z2) = E(u(z)) (20.1)

Risk aversion is captured by u(E(z)) > E(u(z)), since the utility of the mean
payoff E(z) exceeds the utility of the uncertain lottery (with payoffs z1 and z2).
The certainty equivalent lottery can thus be defined as that lottery that pays
CE(z) and has the same utility as the uncertain lottery u(CE(z)) = E(u(z)), as
shown in Figure 20.3. Risk-aversion qua concavity entails that the payoff

where U F u x dF xw
R

w( ) ( ) ( )= ∫

For lotteries w w F F U F U Fw w w w& ': ( ) ( )' '≥ ≡ ≥

Alternative RAPMs for Alternative Investments 413

u(Z2)

u(Z1)

U(E(z))

E(u(z))

E(z)z1 z2

AIRAP = CE (z )

FIGURE 20.3 AIRAP (Certainty Equivalent for CRRA = 4) under Risk Aversion

c20_gregoriou.qxd  6/23/05  4:07 PM  Page 413



be such that CE(z) < E(z). Hence, the risk-premium (RP) in equation 20.2
is defined as

RP(z) = (E(z) − CE(z)), RP(z) ≥ 0 (20.2)

In the RAPM world, CE(z) is the implied equivalent return that the
risk-averse investor desires with certainty in exchange for the uncertain
return from holding risky assets. Consequently, RP(z) ≥ 0 (under risk-aver-
sion) is the price paid for trading off the risky asset with CE(z). Hence, cer-
tainty equivalence provides an intuitive risk adjustment for our definition
of AIRAP. By stripping out varying risk premia earned, it facilitates a fair
comparison of hedge fund performance. Further, strict monotonicity and
continuity of the chosen utility function ensure invertibility, resulting in
CE(z) rankings that are identical to maximizing E(u), since by definition,
CE(z) = u−1(E(u)). See Huang and Litzenberger (1988) for a discussion of
utility theory in financial economics.

We now proceed with choosing the appropriate form of utility. The
standard mean-variance framework is justified either on the basis of quad-
ratic utility (for arbitrary distributions) or multivariate normality (for arbi-
trary preferences). However, neither assumption is satisfactory. Quadratic
utility displays satiation and IARA (increasing absolute risk aversion),
since it views risky assets as inferior goods, while normality is a poor
assumption for hedge fund data. In fact, hedge fund data do not even usu-
ally satisfy the premises of the central limit theorem (Getmansky, Lo, and
Makarov 2003).

A CRRA formulation has the benefit of being impartial to wealth level,
which is to be expected of asset managers from a fiduciary perspective,
excluding negative wealth, which is consistent with hedge fund losses under
limited liability being bounded below by the principal invested, and scale
invariance. For instance, a high-net-worth family in the top 39.1 percent
tax bracket will be relatively indifferent to a $10,000 loss, which represents
less than 3.4 percent of income, compared to a family at the poverty line
(annual income less than $18,000) for whom the same loss amounts to 55.3
percent of income. See Osband (2002) for an exposition of utility functions
and the relative merits of CARA versus CRRA utility.

The best-known measure of risk aversion is the Arrow-Pratt measure.
Assuming concavity, monotonically increasing, and twice-differentiable
utility, CRRA is tantamount to requiring that the Arrow-Pratt RRA coeffi-
cient is a constant c in equation 20.3:

(20.3)− =u w
u w

w c
''( )
'( )
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c20_gregoriou.qxd  6/23/05  4:07 PM  Page 414



We assume the NAV (net asset value) process represents hedge fund total
returns in equation 20.4:

(20.4)

CRRA utility corresponds to the family of power utility functions defined
for terminal wealth WT as:

(20.5)

Equation 20.5 reduces to when U(WT) = ln(WT) when c = 1. Given that ter-
minal wealth is just the initial wealth W0 compounded at rate TR, we
obtain equation 20.6:

WT = W0(1 + TR) (20.6)

Since CRRA rankings are scale invariant, then U(WT) rankings are the same
as U(1+ TR), so we obtain equation 20.7:

(20.7)

which reduces to U(1 + TR) = ln(1 + TR) when c = 1. For a finite dis-
crete distribution, we can now solve directly for CRRA certainty equi-
valence, albeit not explicitly parsed in terms of higher moments. Let pi
represent the probability of the ith return of N observed rates TRi for 
i = 1, . . . ,N such that:

(20.8)

where c ≥ 0 but c ≠ 1

AIRAP CE p TRi i
c

i

c
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
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
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To avoid restrictive distributional assumptions, we can proceed with any
one of many available nonparametric estimation techniques. We emphasize
the generality of this result, since the choice of nonparametric method is a
matter of taste, and the resulting AIRAP estimate need not be tied to it. Still,
it is worth highlighting a particularly simple solution that results from fit-
ting a histogram where pi denotes the frequency of observations in the ith

bin, i = 1, . . . ,M. Since an arbitrary choice of bin size results in an abitrary
number M of bins and arbitrary precision of the AIRAP estimate, we set the
bin width e as in equation 20.9:

(20.9)

for every i ≠ j. Starting with the leftmost observation, the e-bins are centered
on each TRi such that all distinct TRi fall in exactly one bin. Thus, for all
nonempty bins, we obtain pi = 1/N. Substituting 1/N for pi in AIRAP yields
a convenient closed form simplification. When c = 1, we proceed in a simi-
lar manner to solve for AIRAP under log utility (equation 20.10):

(20.10)

Again setting pi = 1/N provides a closed form solution that has a straight-
forward spreadsheet implementation. In general, any nonparametric esti-
mate as just outlined has the dual benefit of being distribution free and of
capturing all observed moments. Note that an analogous derivation is
obtainable under exponential utility (CARA), which would be a special case
of the closed form solution in Davis (2001) for histograms. Hence, AIRAP
could be formulated for CARA with ease. For comparison, we note that
Madan and McPhail (2000) as well as Davis (2001) use exponential utility
while Osband (2002) and Leland (1999) use power utility.

Recommended Arrow-Pratt Coefficient

For power utility, c > 0 represents risk-aversion. When c = 0, U(TR) is lin-
ear in TR and AIRAP is simply the arithmetic mean or in the annualized case

⇔ = = +








− =∏AIRAP CE TR ci

i

pi( ) ,1 1 1

EU TR p U CEi
i

i≡ + = ≡ +∑ ln( ). ln( )1 1

⇔ +








= +∏ln ( ) ln( )1 1TR CEi
i

pi

ε = × −1
2

Min TR TRi j
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it is the geometrically compounded monthly arithmetic mean excess return.
For c = 1, logarithmic utility results in AIRAP as the geometric mean of
monthly excess returns. Since 0 < c < 1 implausibly allows rational investors
to entertain bets potentially resulting in insolvency, we restrict our attention
to c ≥ 1. In the latter case, the pain of insolvency is unbounded, precluding
bets that could risk total ruin.

The plausible range for c is from 1 to 10. Osband (2002) suggests using
c from 2 to 4. Ait-Sahalia, Parker, and Yogo (2001) propose a resolution to
the equity premium puzzle by examining data on the consumption of lux-
ury goods by the very rich, who also constitute the majority of equity own-
ership. Their point estimate of c = 3.2 for ultra-high-net-worth individuals
seems most pertinent to hedge fund investors. To be quite conservative, we
assume c = 4, in which case the CRRA agent is willing risk no more than a
fifth of her wealth for even odds of doubling.

The dependence of this approach on parameter c may be viewed as
undesirable from a practical standpoint, given the ongoing academic debate
over the true value of c and its implications for the equity risk premium
puzzle. However, for RAPM purposes, this is not an impediment. As long
as we can target a plausible but fixed c, the ranking of all funds under
AIRAP will be comparable and consistent. There is a possible significant ben-
efit to the flexibility of being able to tweak risk aversion. Technology can
enable financial advisors and investment managers to query data on in-
vestor risk preferences and map them to an individualized c, thereby gener-
ating customized AIRAP rankings.

DATA AND ANALYSIS

We use monthly data from January 1997 to December 2001, from the Eval-
uation Associates Capital Markets (EACM) indices for our index-level
analysis, since these indices are recognized for their style-pure categorization.
The EACM100 is an equally weighted, annually rebalanced composite of
100 funds rigorously screened to represent 5 strategies (13 style subindices).
It has adequate data history (extending to 1996) and does not allow closed
funds. At the individual fund level, where EACM does not disclose con-
stituents, we resort to Hedge Fund Research (HFR) data because of its wide
usage and lower survivorship bias. Of the 2,445 entries in HFR as of June
2003, only 887 hedge funds existed for the entire five-year period. One hun-
dred time series corresponding to HFR indices were excluded. The final 787
hedge funds include onshore and offshore funds, FoHFs, managed futures,
as well as sector hedge funds. Table 20.5 provides descriptive statistics on the
EACM sub-indices.
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Our data set is long enough to be meaningfully subject to analysis,
without being too long to be affected by survivorship bias. Furthermore, the
choice of this period was motivated by the desire to include the Asian cri-
sis (1997), the Russian crisis, and LTCM debacle (1998), the bubble era
(through 1999), and the subsequent Nasdaq collapse. We do not explicitly
adjust for survivorship, instant history, selection, and other well-known
biases, since our objective is to study relative rankings. Table 20.4 shows
the aggregate statistics for the first four moments and various RAPMs for
the HFR universe. This in conjunction with Figure 20.2 shows the distri-
bution of excess kurtosis to be right skewed (+4.54) with a long right tail,
as evidenced by a maximum of 51.4. The average excess kurtosis of 3 indi-
cates nonnormality. Indeed, over 87 percent of funds show positive excess
kurtosis. The mean skewness is −0.14, while the skewness of skewness is
also negative (−1.24). This could have been worse at the composite level if
not for the counterbalancing effect of managed futures and macro funds in
the sample (Table 20.5). 

Rank discrepancies at the intrastrategy level are likely to be fewer if
HFR strategies are sufficiently style pure to reduce heterogeneity. While the
90 percent average reversal rate from intrastrategy rankings in Table 20.6
is somewhat lower, it is well known that the self-proclaimed style of man-
agers in databases such as HFR need not be a reliable indicator of the fac-
tors they load on. The magnitude of intrastrategy rank discrepancies and
how that relates to the aggregate level across databases is further docu-
mented in Sharma (2004). Table 20.7 summarizes RAPM statistics for the
HFR universe.

Scatter plots of RAPM rankings (Figure 20.4) and the abundance of
off-diagonal funds visually confirm the noted lack of correlation. The pic-
ture is essentially the same for CRRA in the 2 to 4 range. The Treynor ratio,
with the lowest AIRAP correlation of 0.49, erroneously penalizes funds
with slight negative beta exposures or negative means, resulting in the clus-

422 RISK AND PERFORMANCE MEASUREMENT

TABLE 20.6 Percentage Rejections of Normality versus Percentage Rank Reversals,
1997 to 2001

Number of Percentage of Number of Number of Percentage of
HFR Intra-Style Rejections Rejections of Funds Reversals Reversals

Short Sellers 4 36% 11 9 82%
Equity Nonhedged 22 37% 60 53 88%
Convertible Arbitrage 20 51% 39 34 87%
Merger Arbitrage 19 66% 29 29 100%
Event Driven 35 80% 44 41 93%
Full HFR universe 418 53% 788 787 100%

c20_gregoriou.qxd  6/23/05  4:07 PM  Page 422



ter to the southeast corner. Alpha, on the other hand (+.66 correlation), cre-
ates a cluster to the northwest composed of funds that are in most cases
either negative beta or where the CAPM beta fails to capture risk. Short
sellers are grossly misrepresented due to their negative betas, resulting in

Alternative RAPMs for Alternative Investments 423

TABLE 20.7 RAPM Measures on 787 Funds from the HFR Universe,
1997 to 2001

Average Median Minimum Maximum

ExTR 6.53% 6.01% −25.10% 44.76%
Vol 16.55% 13.83% 0.12% 100.07%
Skewness −0.14 −0.01 −7.18 5.78
Excess kurtosis 3.02 1.28 −0.86 51.41
Treynor ratio 0.05 0.19 −60.66 38.93
Alpha 6.20% 5.60% −24.40% 66.50%
Beta 0.29 0.2 −1.75 2.12
Sharpe ratio 0.75 0.57 −1.72 7.54
AIRAP −0.02% 2.99% −93.25% 25.63%
MSR 13.65 2.13 −74 1,600.14

FIGURE 20.4 Comparative RAPM Rankings (HFR Universe)
All RAPM ranks are in ascending order with higher ranks being more desirable.
AIRAP (CRRA = 4) rankings are shown on the x-axis. The abundance of off-
diagonal data shows the extent of divergence between the 3 RAPMS vis-à-vis
AIRAP. The cluster of pyramids in the top left represents high JA funds demoted by
AIRAP. The cluster of squares at the bottom right represents high AIRAP funds
demoted by Treynor.
Source for 787 HFs used: Hedge Fund Research, Inc., © HFR, Inc.,
www.hedgefundresearch.com.
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Jensen’s alpha being artificially boosted and the Treynor ratio being inap-
propriately depressed. 

We display rank correlations and reversals between the Sharpe ratio,
Jensen’s alpha, and power utility (AIRAP) for the full HFR universe of 787
funds, as a function of the parameter c (between 0.1 and 30), in Table 20.8
and Figure 20.5. RAPM ranks and correlations for the 13 EACM style sub-
indices appear in Table 20.5.

The Sharpe ratio rank correlations (Table 20.8) are similar to those of
Fung and Hsieh (1999a) except that their study used 233 funds, they define
the Sharpe ratio in terms of total and not excess returns, and they did not
look across style categories and databases. More important, their objective
was to check for the near sufficiency of mean-variance in portfolio con-
struction as opposed to the suitability of RAPMs for hedge funds.

The performance of the Sharpe ratio in ranking hedge funds is sig-
nificantly misleading with respect to the investor’s true utility rankings as
per both ranks reversals and correlations (Table 20.8). Pearson correla-
tions (Table 20.4) are even weaker at 0.46, 0.37 and −0.01 for the Sharpe
ratio, Jensen’s alpha, and the Treynor ratio, respectively. Our correlations

424 RISK AND PERFORMANCE MEASUREMENT

FIGURE 20.5 Percentage Reversals and Rank Correlations by Risk Aversion
AIRAP vs. Sharpe & Jensen represent Spearman rank correlations. Correlations
with Jensen tapers off rapidly. %Reversals SR show nearly 100% rank reversals
between Sharpe & AIRAP. %Reversals JA show nearly 100% rank reversals
between Jensen & AIRAP. Data: 787 funds in HFR for the period 1997 to 2001.
Source: Hedge Fund Research, Inc., © HFR, Inc., www.hedgefundresearch.com.
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(Table 20.8) are similar to those of Fung and Hsieh (1999a) for CRRA in
the range [3, 5], but theirs drop off much faster for lower values of CRRA
while ours decline faster for higher levels of risk aversion. Further correla-
tions of AIRAP with alpha decrease dramatically with increasing risk aver-
sion. This may be explicable since AIRAP imposes a steeper risk penalty, as
an increasing but nonlinear function of risk aversion, while alpha is invari-
ant with regard to risk aversion.

Table 20.9 shows that fund 512 has the worst AIRAP rank (#1) even
though the Sharpe ratio ranks it as #133 (out of 787), because not only are
returns low (10) and volatility very high extreme (#786 rank) but iceberg
risks are high. Excess kurtosis (ExKurt) is ranked #682 while skewness is
ranked #58. Fund 235 has the worst Sharpe ratio (#1) due to negative
mean. AIRAP correctly handles the negative mean and boosts the rank by
201 notches since the higher moments are tame and volatility is exception-
ally low. Fund 229 has the highest Jensen’s alpha (ranked #787 due to neg-
ative beta), moderate Sharpe ratio (ranked #482), but AIRAP is 775
notches lower because of the penalty for high volatility (83.2 percent). For
EACM subindices, AIRAP penalizes on average 2 percent more than does
Jensen’s alpha. It is systematically lower than Jensen’s alpha for all but
event-driven subindices. In the case of multistrategy Relative Value, the
penalty is 1.2 percent, largely due to the −4.6 skewness and excess kurtosis
of nearly 25.

To show that AIRAP conveys new information not already captured by
traditional RAPMs, we show Spearman rank and Pearson correlations in
Table 20.4. For the HFR universe, AIRAP is positively correlated with
ExTR, skewness, the Treynor ratio, Jensen’s alpha, and the Sharpe ratio,
but negatively correlated with volatility and beta, as expected. To the extent
that a large dispersion in mean-variance profiles has been documented
across strategies and these effects often dominate higher order effects, one
should expect drastic rank reversals for the full HFR universe that aggre-
gates across strategies. We find that rank reversals are in excess of 99 per-
cent across the board. At the universe level, there is almost no agreement
between AIRAP and Sharpe ratio or Jensen’s alpha rankings. This observa-
tion needs to be tempered by the realization that for a given rank order
<1,2, . . . ,787>, the trivial permutation <2,3, . . . ,787,1> results in 100 per-
cent reversals despite near-perfect correlation. The key is that the magni-
tude of some of these reversals (in addition to their prevalence) can be
substantial as indicated by Figure 20.4, anecdotal evidence, and the rank
correlations previously noted.

Strategies with higher iceberg risks, such as HFR Merger Arbitrage and
Event Driven, seem to have higher reversal rates (Table 20.6) than more liq-
uid strategies like short sellers (82 percent). Short sellers display a much

426 RISK AND PERFORMANCE MEASUREMENT
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lower incidence of non-Gaussian profile (36 percent) as compared to event
driven (80 percent). Indeed, our results for EACM subindices (Table 20.5)
show event driven as well as relative value and event driven multi-strategy
being demoted a notch under AIRAP. Liquid equity strategies with con-
trolled volatility, such as domestic opportunistic, global and long/short
move up two to four notches. It would therefore appear that style categories
exhibiting greater departures from normality (higher-moment risks) also ex-
hibit greater rank discrepancies between the Sharpe ratio and AIRAP. How-
ever, the picture is muddled by the complex interaction of volatility with
higher moments (since manifestation of higher kurtosis can percolate into
volatility and skewness and vice-versa) and the fact that the higher magni-
tude volatility penalty often dominates. High volatility results in AIRAP
severely penalizing long biased (RP = 7.37 percent) and short EACM sub-
indices (RP = 6.9 percent). This interaction is often easier to disentangle at
the individual fund level than at the aggregate category level.

The related claim that high Sharpe ratios in hedge funds may represent
a trade-off for higher-moment risk is investigated in Sharma (2004). Here
we simply note the positive and statistically significant rank correlation of
the Sharpe ratio with excess kurtosis for both EACM and HFR data (Tables
20.4 and 20.5). To the extent that some hedge fund strategies pay for a bet-
ter mean-variance profile by assuming iceberg risks, it seems less plausible
that they are better exploiting inefficiencies or expanding the investment
opportunity set. At least part of their mean-variance attraction may stem from
the pre-meditated but potentially suicidal (short volatility) act of scooping up
pennies before the onslaught of the steamroller.

Scott and Horvath (1980) show that risk-averse investors prefer positive
odd central moments such as skewness and dislike even central moments
such as kurtosis. Unlike traditional RAPMs, which are largely oblivious to the
impact of higher moments, AIRAP critically penalizes for negative skewness
and positive kurtosis.

IMPACT OF LEVERAGE

Traditionally, the leverage invariance of the Sharpe ratio has been consid-
ered desirable. This makes sense for traditional investments since leverage
is neither central to the investment strategy nor usually permissible under
existing regulation. If used at all, leverage is usually employed by means
external to the core investment vehicle, perhaps at the allocation level or
through structured products.

Leverage to the hedge fund manager is a critical extra degree of free-
dom, especially for relative value/arbitrage strategies. The decision whether

428 RISK AND PERFORMANCE MEASUREMENT

c20_gregoriou.qxd  6/23/05  4:07 PM  Page 428



to use leverage and to what extent is integral to the hedge fund investment
process. The impact of leverage on the realized distribution should not be
ignored. For ranking and comparison purposes, we must either use unlev-
ered returns or account for leverage directly. Given the lack of transparency
of hedge funds, computing unlevered returns may be impractical. Moreover,
investor utility is a function of the realized total return achieved, not some
hypothetical unlevered return that may have been achieved had the man-
ager used leverage. Hence, appropriately accounting for leverage requires
accommodating preferences. In other words, a good hedge fund RAPM
should encapsulate aversion to excessive leverage under risk aversion.

To understand how AIRAP incorporates leverage, we consider only
financing leverage, that is, the impact of levered exposure to the same risky
fund enabled through borrowing. This suffices since AIRAP already adjusts
for the market risk of the underlying fund based on returns data. Table
20.10 shows the impact of leverage on the EACM100 index. We assume
that n-times leverage corresponds to the excess return scaled up by n, since
the differential return is a self-financed portfolio. Hence, the mean monthly
excess return of 0.40 percent doubles to 0.80 percent for 2× and rises to 6
percent for 15× leverage. Volatility, beta and Jensen’s alpha also rise linearly
by exactly the leverage factor n. Since Jensen’s alpha rises in proportion to
leverage, it is inappropriate for hedge funds as it indiscriminately rewards
higher leverage without bound. The proportional rise in beta does not suf-
ficiently penalize for the rise in volatility under risk aversion, even though
skewness and excess kurtosis are unchanged. The Sharpe ratio and Treynor
ratio, however, are both leverage invariant. To ensure that leverage invari-
ance holds, we assume that the numerators in these ratios are annualized.
They are oblivious to the impact of leverage since the first and second
moments rise in tandem and cancel out in equation 20.11:

(20.11)

AIRAP penalizes for increased leverage as a function of risk aversion.
The impact of leverage on the returns distribution is captured via credit for
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the higher mean and penalty for the higher volatility as a function of the
CRR parameter. As an example, in going from 5× to 10× leverage, RP jumps
by 46.4 percent, from 12.3 to 58.7 percent (CRR = 4), turning AIRAP neg-
ative (−18.9 percent despite +39.8 percent excess TR). This is illustrated in
Table 20.10. 

The alpha of 37.3 percent and static value of 0.90 for the Sharpe ratio
would be misleading. Assuming lower risk aversion, with c = 2, AIRAP only
turns negative in going from 10× to 15× leverage, as shown in Figure 20.6.
Hence, AIRAP provides risk-adjustment for leverage customized to the
investor’s risk aversion. An AIRAP based on the Sharpe ratio, defined as a
function of CRR, would also respond to leverage because the denominator
incorporates risk aversion, though not identically. This is shown with equa-
tion 20.12:

(20.12)

The difference is attributable to penalizing for risk-premium multi-
plicatively (in MSR-AIRAP) vis-à-vis additively (in AIRAP).

MSR AIRAP
ExcessTR
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FIGURE 20.6 AIRAP across CRRA and Leverage for EACM 100®
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Finally, the dependence of AIRAP on leverage, as shown by Figures
20.6 and 20.7 and Table 20.10, tells both the hedge fund manager and the
institutional investor what degree of leverage is optimal for a given track
record. Standard optimization techniques that use first- and second-order
conditions in terms of the partial derivative of AIRAP on leverage can pro-
vide the optimal leverage, which maximizes AIRAP. Figure 20.6 shows the
AIRAP profile across varying leverage for a range of CRRA. For the
growth-optimal case, the Kelly criterion (Kelly 1956) provides the answer.
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FIGURE 20.7 RAPM versus Leverage (CRR = 4)

TABLE 20.10 Change in RAPMs with Change in Leverage

Variable
Leverage factor 2 5 10 15 Response

Leverage increase 2.00 2.50 2.00 1.50
ExTR 2.00 2.50 2.00 1.50 Linear
Volatility 2.00 2.50 2.00 1.50 Linear
Skewness 1.00 1.00 1.00 1.00 Invariant
Excess kurtosis 1.00 1.00 1.00 1.00 Invariant
Sharpe ratio 1.00 1.00 1.00 1.00 Invariant
Treynor ratio 1.00 1.00 1.00 1.00 Invariant
Jensen’s alpha 2.00 2.50 2.00 1.50 Linear
Beta 2.00 2.50 2.00 1.50 Linear
AIRAP 1.76 1.35 −1.83 4.78 Nonlinear
ExTR geom 1.98 2.40 1.76 1.14 Nonlinear
Risk premium 4.15 6.98 4.88 2.43 Nonlinear
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HEDGE FUND PEER PERCENTILE RANKINGS

Realized hedge fund peer rankings within categories can be based on real-
ized AIRAP. However, for a prospective measure that may better handle ice-
berg risks without the complications of a regime-switching implementation,
we propose for future implementation a composite percentile ranking
framework based on a weighted average of the funds style category per-
centile and stressed scenario percentile. The weights w1 and w2 should be
fixed from intrastyle category testing such that:

Composite AIRAP Percentile = w1 × AIRAP Style Percentile 
+ w2 × AIRAP Stress Percentile 

and

AIRAP Style Percentile = 5-year AIRAP Percentile Ranking 
within Style Category

Given that most hedge funds have a far shorter history than their tra-
ditional counterparts, this may appear to be impractical. However, a num-
ber of simulation and optimization techniques have emerged for backfilling
history, which can remedy the paucity of available data. Attractive candi-
dates include fitting optimal factor or style exposures to fund profiles based
on available history. This will allow one to extend the style signature back
in time via factor or style exposures that have adequate history. A plethora
of multifactor models have been proposed for hedge funds (Fung and Hsieh
1997a, Schneeweis and Spurgin 1998b). Further, one can use style analysis,
originally proposed by Sharpe (1992) for mutual funds, and applied to
hedge funds by Agarwal and Naik (2000c), among others. Indices better
known for their style pure classification (i.e., Standard & Poor’s, EACM, or
Zurich) should be used to extend backward the earliest known weighted-
average style signature (assuming no style drift) to facilitate calculation of
AIRAP style percentile.

The inclusion of AIRAP stress percentile is warranted due to dormant
dangers that may be lurking in the higher moments but not manifest in the
five-year trailing period. Industry consensus is required for establishing rep-
resentative, preset crash test scenarios encompassing credit, interest rate, vola-
tility and equity events. Obvious candidates for equity include 1987 and 2000,
1994 for fixed income, while 1997 and 1998 may suffice for credit and
default scenarios. Incorporating historical crises is critical to capturing
higher-moment risks, hence potential rank reversals. The volatility spike
that resulted from the Russian default dealt swift justice to short volatility
players, whose previously pristine track records abruptly realized the dor-
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mant dangers of their risk profile. In fact, using only the three-year period
from December 1999 to November 2002, which omits these credit and
volatility spikes, shows rather different results, with nondirectional strate-
gies displaying dramatically lower kurtosis (even less than directional
strategies during this period) and more favorable skewness.

CONCLUSION

AIRAP presents a radical departure from preference-free RAPMs currently
in use. At the same time, it benefits from the familiar and established line-
age of expected utility theory. Salient features of AIRAP, which enhance
its suitability as a RAPM for hedge funds in a distribution-free framework,
include their ability to appropriately treat the leverage employed by hedge
funds and incorporation of investor preferences via power utility, which,
given CRRA, is more realistic than the quadratic utility assumed by mean-
variance analysis. Moreover, AIRAP is scale invariant and can better handle
nonnormality since it utilizes the full empirical distribution. Unlike higher-
order approximations, such as the modified Sharpe ratio based on a Cornish-
Fisher modified VaR, there is no sacrifice in accuracy due to the truncation
of higher-order terms. It produces consistent rankings even when mean ex-
cess returns are negative and can be intuitively expressed in familiar units
of performance.

AIRAP maximization is equivalent to maximizing expected utility.
Hence, it can be utilized for portfolio optimization as in the case of FoHFs.
ARAP can better handle nondirectional/market-neutral strategies, and it
can be expressed as a modified Sharpe ratio to preserve the reward-risk for-
mat. Furthermore, when using this measure, no complications regarding the
estimation of higher moments, comoments, or convergence of Taylor series
arise. AIRAP can dovetail with regime-switching models or be combined
with scenario stresses, for handling iceberg risks. While regime-switching
models provide a systematization of the ad hoc scenario analysis prevalent
in practice, they do require regime identification and technical complexities
that may present barriers to practicability. It is also possible to use closed-
form solutions that are easily implemented on a spreadsheet.

Traditional portfolio construction of FoHFs based on Sharpe ratio maxi-
mization can result in a bias toward illiquidity and short volatility. Mea-
sures such as AIRAP that mitigate the vulnerabilities of the Sharpe ratio
can help circumnavigate the dangers lurking in higher moments. As FoHF
portfolio construction usually entails a two-step top-down procedure where
the optimal style weights are determined before individual manager
weights, refining the first optimization by transcending the mean-variance
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framework should help in avoiding the pitfalls of improperly weighting
styles. Properly identifying allocation implies that the FoHF manager can
focus more on the selection challenge of picking the right managers and per-
forming the necessary due diligence to avoid operational risk or fraud. We
have demonstrated the relevance of AIRAP to the selection challenge via
better rankings. AIRAP as presented in this chapter maximizes ease 
of practical use at the stand-alone fund level. We leave the application of
expected utility theory toward FoHF portfolio construction using marginal
considerations and correlations with other investments as fodder for future
research.

Effects such as putatively managed or stale pricing may also be mask-
ing the true statistical properties (Asness, Krail, and Liew 2001). Lo (2002)
and Getmansky, Lo, and Marakov (2003) have documented the extent of
serial correlation observed in hedge fund returns and its upward bias on
RAPMs such as the Sharpe ratio. It would be interesting to apply AIRAP to
unsmoothed returns since it would adjust for illiquidity/stale pricing in
addition to higher-moment risks. To the extent that survivorship would
likely bias mean and skewness upward while depressing volatility and kur-
tosis, even if survivorship were adjusted for, the divergence between AIRAP
and the Sharpe ratio or Jensen’s alpha reported in this chapter would only
be exacerbated. Although the Sharpe ratio would also drop given the mean-
variance impact, it may not be impacted as much as AIRAP upon incorpo-
ration of higher moments.

The debate on the adequacy of the Sharpe ratio and the mean-variance
framework continues. We believe that RAPMs such as AIRAP should also be
considered, since these measures are likely more appropriate under stressed
scenarios.
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PART

Four
Statistical Properties 

of Hedge Funds

Chapter 21 examines how volatility affects all asset prices, including the
net asset value of hedge funds. The authors explore the impact of stock

market volatility on hedge fund returns. Specifically, they determine whether
it is the level of volatility or the change in volatility that effects the return
to hedge funds. They analyze several different hedge fund strategies to
determine whether volatility has a positive or negative impact on hedge fund
returns. They also examine how hedge fund returns are impacted by differ-
ent volatility regimes: high, low, and mid volatility, as well as whether lagged
volatility has an impact on hedge fund returns. The authors find that almost
all hedge fund investment styles are impacted negatively by the current level
of stock market volatility and not the change in volatility, with high and low
levels of volatility having the greatest impact on hedge fund returns. They
also find only limited evidence of any lagged impact from volatility on hedge
fund returns.

Chapter 22 examines historical hedge fund time series is used to com-
pute the fund of hedge fund weights using the modified value at risk and
the conditional value at risk optimizations with different confidence levels,
and measure the effects on the optimal fund of hedge fund weights. The
results show that extreme risks affect fund of funds composition.

Chapter 23 relies on leading edge academic and practitioner research to
explain managed futures strategies to hedge fund investors. The chapter
emphasizes the unique diversification benefits of futures strategies, which are
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becoming more important to hedge fund investors as they attempt to con-
struct “all-weather” portfolios during an era of subdued investment returns.

Chapter 24 analyses the risk when combining hedge funds, stocks, and
bonds. The risk of portfolios is quantified by the value at risk and the
expected shortfall derived from extreme value theory. This approach con-
siders the impact of higher moments. The authors show that the risk of a
traditional investment portfolio is reduced by the inclusion of hedge funds.

Chapter 25 demonstrates that most asset classes are not Gaussian (bell-
shaped) normal curves, but are asymmetrical return distributions causing
the employment of higher statistical moments such as skewness and kurto-
sis. Utilizing higher moments in conjunction with volatility parsed between
upside and downside returns, the authors demonstrate the use of alternative
investments within a traditional asset portfolio.

Chapter 26 investigates if all investable equity long/short hedge fund
indices created equal? The author examines the behavior (both constant
and variable) of the betas of various investable equity long/short indices and
finds that the variability of these betas over time is modest and is different
from each other for some investable equity long/short indices.

Chapter 27 looks at why the current performance measures, such as the
Sharpe ratio, are prone to manipulation with option-based techniques.
Using multimoment risk measures, however, it is possible to create per-
formance ratios more robust to option-based gambling. In addition, higher-
moment-based, so-called variance-equivalent risk measures may provide a
useful tool in separating “optimized” option strategies from superior skill-
based performance in the hedge fund world. 
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CHAPTER 21
Volatility Regimes and 

Hedge Fund Management
Mark Anson, Ho Ho, and Kurt W. Silberstein

This chapter examines different stock market volatility regimes (high, low,
and moderate) and determines which hedge fund strategies work best dur-

ing each period of volatility. We first identify a systematic exposure to volatil-
ity (beta) using the Chicago Board Options Exchange (CBOE) volatility
index. We also explore whether there is price smoothing by hedge fund man-
agers with respect to a volatility event by examining lagged betas to determine
the true exposure of a hedge fund manager to volatility. We next ascertain
whether this beta is constant or varies across different volatility regimes. Last,
we examine the impact of volatility on hedge fund returns in a stepwise
regression with other independent variables added to determine whether
volatility might be a proxy for other economic drivers of hedge fund returns.

INTRODUCTION 

There is a difference between an investment manager who can generate
alpha through an informational advantage—a demonstration of manager
skill—compared to a manager who claims to generate alpha by assuming
certain risks and earning a corresponding risk premium; this is really beta
exposure. As noted by Jaeger (2002), the search for alpha begins with an
understanding of beta. That is, hedge fund managers can earn significant
returns simply by accepting risks for which a risk premium must be earned
to compensate for the risk taken.

In this chapter we examine the extent to which hedge fund managers
earn risk premiums from their exposure to volatility. There are different
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beliefs on how volatility affects hedge fund returns. For instance, Wood
(2004) states that hedge funds have a difficult time making money in trend-
less markets. Conversely, Anson (2002b) notes that certain hedge fund
managers such as merger arbitrage and event driven perform poorly when
stock market volatility is high. Yet Jaeger (2002) notes that other strategies,
such as convertible arbitrage, can perform well when volatility increases.

The reason for such differing conclusions results from hedge fund man-
agers having different beta exposure to stock market volatility. For exam-
ple, merger arbitrage, event driven, and fixed income arbitrage strategies
are effectively selling financial market insurance against volatility events in
the financial markets. Should a merger event break off, the merger arbitrage
manager is on the hook for the lost value. Similarly, if credit spreads widen
dramatically, a fixed income arbitrage manager—who is betting that credit
spreads will decline—will be on the short end of the stick when this finan-
cial market crisis unfolds. Conversely, merger arbitrage managers and fixed
income arbitrage managers should perform well when financial market
volatility is low to moderate. During periods of relative market calm, these
types of hedge fund managers collect “insurance premiums” for their arbi-
trage strategy.

Consequently, there is no clear guidance regarding how hedge fund
managers should perform during different periods of stock market volatil-
ity. In our next section we apply basic regression techniques to determine
the impact of stock market volatility on hedge fund returns.

INITIAL STATISTICAL ANALYSIS

To resolve the issue of when and where hedge fund managers perform dur-
ing different periods of volatility, we regress hedge fund returns against the
VIX index. The VIX is the Chicago Board Options Exchange SPX volatility
index and reflects a market estimate of the future volatility of the Standard
& Poor’s (S&P) 500 based on the weighted average of implied volatilities
for a number of put and call options on the S&P 500 stock market index.
For hedge fund data, we use the Hedge Fund Research Inc. (HFRI) data-
bases over the January 1990 through September 2004 period.1

438 STATISTICAL PROPERTIES OF HEDGE FUNDS

1We acknowledge that there are many issues with hedge fund databases that pro-
vide an upward bias to hedge fund returns.  The purpose of our research is not to
determine the absolute size of hedge fund returns, but rather to observe how hedge
fund returns react to stock market volatility.  For a full discussion on hedge fund
data biases, see Fung and Hsieh (2002b).
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We acknowledge that the VIX is just one measure of financial market vol-
atility. However, we believe that it is an appropriate proxy for three reasons. 

1. Many hedge fund strategies involve the purchase and sale of equity
securities, and the VIX measures directly the volatility of the equity
markets. 

2. The predominate, if not overwhelming, risk in most institutional and
high-net-worth portfolios is equity risk. 

3. Volatility tends to wash over markets at the same time. For instance, a
volatility event in the bond markets or currency markets will tend to
flow into the equity markets as well (witness the Russian bond default
in July of 1998 and its impact on stock markets around the world, or
the Asian contagion of autumn 1997 and its similar, negative, impact
on stock markets).

Our idea is simple: We attempt to estimate the beta of hedge fund man-
ager returns with respect to stock market volatility. In other words, we doc-
ument whether there is a systematic exposure among hedge fund managers
to the amount of volatility experienced in the financial markets. Our goal
is to observe to what extent volatility can have an impact on a hedge fund
manager’s return.

Our initial results are presented in Table 21.1. As shown, most hedge
fund styles react negatively to financial market volatility. Starting with the
HFRI Composite of all hedge fund styles, we see both an economically and
statistically significant impact of volatility on hedge fund returns. The beta
of −0.125 indicates that hedge returns are impacted negatively by increas-
ing financial market volatility. In addition, the t statistic of −5.70 for the
Hedge Fund Composite is statistically significant, and the R2 of 0.152 indi-
cates a significant amount of variation in hedge fund returns is explained by
financial market volatility.

When we break down the hedge fund composite returns into individual
strategies, we observe in almost every case that financial market volatility
has a statistically significant, negative impact on hedge fund returns. Cer-
tain hedge fund strategies such as event driven and distressed debt seem to
be particularly adversely affected by financial market volatility.

Only two hedge fund strategies demonstrated an ability to perform well
under increasing volatility. In particular, short-selling hedge funds were the
only group to demonstrate a positive beta associated with financial market
volatility. Further, this beta was statistically significant. Evidently, short sell-
ers use stock market volatility to their economic advantage. In addition,
although market-neutral hedge funds had a beta of −0.028, this figure was
neither economically nor statistically significant.
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TABLE 21.1 Hedge Fund Returns and Volatility for Full Sample and High, Mid, and
Low Volatility

Intercept Volatility
Coefficients t Statistic Coefficients t Statistic Adj R2

HRFRI-Comp
Full Data 3.63261 7.90713 −0.12497 −5.69746 0.15165
High Vol 8.21626 4.58474 −0.28674 −4.40781 0.24112
Mid Vol 5.96283 2.63592 −0.23200 −1.97807 0.04705
Low Vol 6.10688 4.18393 −0.34503 −3.18883 0.13856

ConvArb
Full Data 1.45355 6.06600 −0.02913 −2.54612 0.03021
High Vol 3.53037 4.18846 −0.10080 −3.29435 0.14521
Mid Vol 2.33400 2.24122 −0.07337 −1.35890 0.01415
Low Vol 3.32804 2.84496 −0.18114 −2.08890 0.05572

DisDebt
Full Data 3.75117 9.55007 −0.12724 −6.78508 0.20375
High Vol 7.71227 5.87365 −0.27147 −5.69559 0.35152
Mid Vol 5.40997 2.54630 −0.18705 −1.69802 0.03093
Low Vol 5.54167 4.02054 −0.30340 −2.96944 0.12061

Eq–Hedge
Full Data 3.61995 5.83844 −0.11188 −3.77939 0.07018
High Vol 8.32177 3.38317 −0.27748 −3.10763 0.12988
Mid Vol 7.13151 2.33555 −0.27859 −1.75975 0.03432
Low Vol 6.81233 3.26029 −0.38929 −2.51333 0.08532

MktNeutral
Full Data 1.12569 4.93403 −0.01865 −1.71180 0.01085
High Vol 1.67706 1.94784 −0.03840 −1.22853 0.00870
Mid Vol 0.76950 0.71843 0.00294 0.05300 −0.01719
Low Vol 2.40673 2.30555 −0.11978 −1.54789 0.02391

Event
Full Data 3.72153 8.65027 −0.12804 −6.23366 0.17703
High Vol 7.98564 4.65949 −0.27992 −4.49935 0.24913
Mid Vol 5.46380 2.82969 −0.19971 −1.99484 0.04807
Low Vol 7.26639 5.30166 −0.43110 −4.24314 0.22977

FI–Arb
Full Data 1.81542 6.04440 −0.05635 −3.92968 0.07584
High Vol 3.67830 3.35062 −0.12450 −3.12434 0.13124
Mid Vol 2.55072 1.71795 −0.08299 −1.07811 0.00274
Low Vol 1.24390 0.96019 −0.03187 −0.33192 −0.01586
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In sum, most hedge fund strategies react negatively to financial market
volatility. Perhaps the question raised by Asness, Krail, and Liew (2001) is
appropriate: Do hedge funds really hedge? Our results suggest that, with
respect to financial market volatility, the answer is no.

We also considered whether hedge fund returns are affected not only by
the absolute level of financial market volatility, but also by changes in
volatility. To examine this question, we regress hedge fund returns on the
month to month changes in the VIX index. Our results are presented in
Table 21.2.
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TABLE 21.1 (continued)

Intercept Volatility
Coefficients t Statistic Coefficients t Statistic Adj R2

Macro
Full Data 3.49376 5.97758 −0.11030 −3.95276 0.07672
High Vol 4.03715 2.42115 −0.12647 −2.08946 0.05485
Mid Vol 2.78527 0.84594 −0.07609 −0.44571 −0.01377
Low Vol 9.38986 3.08216 −0.55381 −2.45230 0.08085

MergerArb
Full Data 2.05107 6.98968 −0.06123 −4.37048 0.09326
High Vol 4.70753 3.73436 −0.15520 −3.39163 0.15332
Mid Vol 1.67948 1.48174 −0.03417 −0.58141 −0.01135
Low Vol 4.52544 4.68807 −0.26500 −3.70337 0.18239

Rel–Value
Full Data 2.04722 8.26356 −0.05337 −4.51184 0.09908
High Vol 4.13793 5.50590 −0.12703 −4.65637 0.26285
Mid Vol 0.86653 0.59432 0.01272 0.16833 −0.01674
Low Vol 4.69708 4.59369 −0.26453 −3.49002 0.16398

ShortSell
Full Data −3.91523 −2.57959 0.21309 2.94067 0.04164
High Vol −13.39840 −2.29391 0.53933 2.54373 0.08619
Mid Vol −20.51154 −2.70886 1.05212 2.67994 0.09484
Low Vol −13.60019 −2.50106 1.01991 2.53022 0.08657

FoF
Full Data 2.30672 5.94872 −0.07540 −4.07251 0.08135
High Vol 6.96529 4.95416 −0.23866 −4.67632 0.26459
Mid Vol 2.34702 1.23450 −0.07070 −0.71724 −0.00830
Low Vol 4.74234 3.23972 −0.28401 −2.61740 0.09309
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In general, hedge fund returns are impacted much more by the current
level of financial market volatility rather than changes in volatility. Although
the betas remain negative, consistent with Table 21.1, they are generally less
significant, both economically and statistically. Consequently, we conclude
that hedge fund returns are impacted to a greater extent by the current level
of financial market volatility than by changes in the level of that volatility.

We performed one more test of the sensitivity of hedge fund returns to
market volatility. Asness, Krail, and Liew (2001), Anson (2002b), and
Weisman and Abernathy (2000) document that the returns to alternative
assets often lag the returns of the financial markets. Part of this effect may
be the lack of liquidity of certain alternative strategies that have less fre-
quent mark-to-market points than the daily stock or bond markets. Also, it
is possible that hedge fund managers smooth their asset returns by marking
their positions up or down gradually to account for sudden increases in
financial market volatility.

To test this theory, we regress hedge fund returns on the returns to cur-
rent and past monthly stock market volatility. Specifically, we determine the
beta coefficient of hedge fund returns to the current level of stock market
volatility as well as the volatility for each of the three prior months. This
provides us with a multiple regression model where we have four beta
measures, one with respect to current volatility as well as the prior three
months. The results are presented in Table 21.3.

In Table 21.3, VIX measures the impact of current market volatility on
hedge fund returns, while VIX (t − 1), VIX (t − 2), and VIX (t − 3) measure,
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TABLE 21.2 Change in Volatility and Hedge Fund Returns

Strategy Intercept t Statistic Beta t Statistic R2

Composite Index 1.14 7.59 −0.094 −2.31 0.03
Convertible Arbitrage 0.88 12.04 −0.042 −2.107 0.025
Distressed Debt 1.21 9.21 −0.096 −2.69 0.04
Equity Hedge 1.39 7.12 −0.095 −1.8 0.018
Market Neutral 0.754 10.75 −0.016 −0.84 0.004
Event Driven 1.167 8.13 −0.077 −1.97 0.02
Fixed Income Arbitrage 0.69 7.31 −0.136 −1.377 0.011
Global Macro 1.3 7.03 −0.076 −1.52 0.013
Merger Arbitrage 0.83 8.86 −0.003 −0.12 0.001
Relative Value 0.99 12.41 −0.018 −0.86 0.004
Short Selling 0.34 0.73 0.14 1.09 0.007
Fund of Funds 0.81 6.67 −0.093 −2.83 0.044
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respectively, the impact on the prior month’s, two months’ prior, and three
months’ prior volatility on hedge fund returns. The table demonstrates that
there is, in some cases, a lagged impact with respect to volatility. For exam-
ple, examining the returns for the HFRI composite index of all hedge funds,
we see that VIX and VIX (t − 1) are both economically and statistically sig-
nificant. Interestingly, the sign on VIX (t − 1) is positive, indicating a posi-
tive relation between prior volatility and composite hedge fund returns,
while the sign on VIX remains negative.

We can only speculate as to why this might be. It is possible that hedge
funds get “whipsawed” by volatility; therefore, correctly predicting volatil-
ity in one month may be short-lived by the following month.

Overall, the impact of lagged volatility on hedge fund returns is spo-
radic. For instance, VIX (t − 3) is significantly positive for convertible arbi-
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TABLE 21.3 Lagged Volatility and Hedge Fund Returns

Intercept VIX VIX (t − 1) VIX (t − 2) VIX (t − 3) Adj R2

HFRI-Comp 2.4433 −0.3092 0.1440 0.0720 0.0272 0.3183
5.3183 −8.6839 3.1347 1.5667 0.7637

ConvArb 0.9414 −0.0530 −0.0311 0.0310 0.0503 0.1250
3.7686 −2.7359 −1.2444 1.2396 2.6003

DisDebt 2.5908 −0.2350 0.0149 0.0589 0.0906 0.3545
6.5451 −7.6603 0.3753 1.4878 2.9547

Eq−Hedge 2.3592 −0.3221 0.1960 0.0462 0.0300 0.1875
3.6772 −6.4777 3.0550 0.7196 0.6049

MktNeutral 1.0838 −0.0182 0.0283 −0.0870 0.0599 0.0692
4.3500 −0.9441 1.1375 −3.4931 3.1066

Event 2.4238 −0.2894 0.0878 0.1033 0.0351 0.3806
6.0550 −9.3287 2.1926 2.5803 1.1333

FI−Arb 1.7920 −0.0215 −0.0628 −0.0174 0.0457 0.1051
5.4289 −0.8389 −1.9018 −0.5284 1.7870

Macro 3.0268 −0.1751 0.0476 0.0281 0.0124 0.0746
4.6140 −3.4447 0.7251 0.4280 0.2447

MergerArb 1.4146 −0.1294 0.0357 0.0462 0.0189 0.2021
5.1413 −6.0674 1.2988 1.6801 0.8866

Rel−Value 1.6039 −0.1163 0.0437 0.0196 0.0211 0.1659
5.9881 −5.6021 1.6321 0.7305 1.0156

ShortSell −0.6169 0.8642 −0.6043 −0.2876 0.0741 0.2448
−0.4085 7.3851 −4.0017 −1.9045 0.6337

FoF 1.7431 −0.1541 0.0634 0.0044 0.0384 0.1173
4.0780 −4.6510 1.4825 0.1026 1.1590
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trage, distressed debt, and equity-market neutral, but no other strategy.
Similarly, the lagged variable VIX (t − 2) is significantly negative for market
neutral hedge funds and significantly positive for event-driven hedge funds,
but has no impact on any other hedge fund strategy. Unlike the clearly doc-
umented negative impact that current volatility has on hedge fund returns
as demonstrated in Table 21.1, we cannot discern any consistent pattern in
the lagged volatility terms and hedge fund returns.

We also note the R2 measure in Table 21.3 increases for every hedge
fund style compared to Table 21.1. However, this is not surprising given
that more economic variables are added in attempt to explain more of the
variation in hedge fund returns. Consequently, we would expect the R2

measure to improve. In most cases, the increase in R2 is significant, sug-
gesting that lagged exposure to stock market volatility has more than an
insignificant impact on hedge fund returns. The one exception is global
macro hedge funds, where the R2 remained virtually unchanged when add-
ing the lagged variables.

To conclude, from Table 21.3, we observe only sporadic instances
where lagged volatility had an impact on hedge fund returns. In addition,
these instances did not follow any consistent pattern. These findings tend to
refute the suggestion that hedge fund managers might smooth the impact of
a sudden increase in volatility as well as illiquid hedge fund strategies react-
ing slowly to financial market volatility. It is clear that current financial
market volatility has significant explanatory power with respect to hedge
fund returns, but prior financial market volatility has only a limited impact
on hedge fund returns.

VOLATILITY REGIMES AND HEDGE FUND RESULTS

We next consider whether hedge fund returns are affected by different
volatility regimes. To examine this issue, we divide our VIX data into ter-
ciles of volatility: high volatility, mid-volatility, and low volatility, each with
an equal number of observations. We match up the returns of each hedge
fund strategy with its corresponding volatility tercile and determine whether
periods of high, low, or mid-volatility have a greater or less impact on hedge
fund returns.

The results of the tercile regressions are also presented in Table 21.1 so
that we can compare the different volatility regimes to the full sample of
data. Starting with the HFRI composite index, we see that volatility has a
significant negative impact across a wide range of hedge fund styles during
high-, mid-, and low-volatility regimes, although the mid-volatility range
shows the least impact, economically and statistically, on hedge fund returns.
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These results are consistent across the individual hedge fund styles. In
almost every hedge fund style, the high-volatility and low-volatility regimes
have the most negative impact on hedge fund returns with the mid-volatility
regime having the least and, in some cases, insignificant impact on hedge
fund returns. For example, with distressed debt hedge funds, the beta for
high-volatility regime is −0.27 with a t statistic of −5.70, the beta for low-
volatility regime is −0.30 with a t statistic of −2.97, and the beta for 
mid-volatility regime is −0.187 but with a t statistic of only −1.69.

We also find that in most cases, the R2 measure is greater when we
divide the data into high- and low-volatility regimes compared to the full
sample of data. It is evident that the relationship between hedge fund
returns and volatility is weakest as measured by the R2 in the mid-volatility
range. This indicates that hedge fund returns are affected more by extreme
volatility levels, both high and low, than by mid-volatility levels. This is
consistent with the statement of Wood (2004), cited earlier.

There are two exceptions. The first is short-selling hedge funds where
volatility has a consistent positive impact on returns across the high, low and
mid ranges. In fact, the R2 measure with respect to short-selling hedge funds
is amazingly consistent across the high-, low-, and mid-volatility levels. Sec-
ond, market-neutral hedge funds show no significant impact from volatility
in any regime. This is consistent with their strategy to minimize exposure to
the equity markets and any volatility that accrues to the equity market.

VOLATILITY AND THE ECONOMIC DRIVERS OF HEDGE
FUND RETURNS

In our final analysis, we follow the factor analysis of Agarwal and Naik
(2004) for examining hedge fund returns. They perform a stepwise regres-
sion across a number of economic variables, including option strategies, to
determine the source of hedge fund returns. We repeat their analysis, but
instead of option-based strategies, we use the VIX to capture the impact of
volatility on hedge fund returns in conjunction with other potential drivers
of hedge fund value.

Again, our idea is simple. We wish to determine whether volatility has
consistent explanatory power with respect to hedge fund returns when
other potential explanatory variables are added to our analysis. If volatility
fails to remain a significant explanatory variable in our hedge fund analy-
sis, it could be that volatility is acting as a proxy for other economic vari-
ables with which it might be related.

Agarwal and Naik (2004) use a multivariate model (equation 21.1)
stated as:
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(21.1)

where Ri,t = net of fees excess return (in excess of the risk-free rate) on
hedge fund index i at month t

ai = intercept for hedge fund index i over the regression period
Bi,k = regression estimate of the factor loading of hedge fund i on

factor k
Fk,t = excess return (in excess of the risk-free rate) on the kth factor

during month t
ui,t = regression residual term

The factors we include in the regression follow from Agarwal and Naik
(2004):

RUS is the monthly excess return on the Russell 3000 (small-cap) stock
index.

MXUS is the monthly excess return on MSCI world stock index ex-U.S.
stocks.

MEM is the monthly excess return of the MSCI emerging markets stock
index.

SMB (small minus big) is the monthly excess return premium to small cap-
italized stocks over large capitalized stocks.

HML (high minus low) is the monthly excess return to high book-to-mar-
ket stocks minus low book-to-market stocks.

SBG is the monthly excess return to the Salomon Brothers government and
corporate bond index.

SBW is the Salomon Brothers excess return on the world government bond
index.

LHY is the monthly excess return for the Lehman Brothers high yield bond
index.

FRBI is the monthly excess return of the Federal Reserve Bank trade-
weighted dollar index.

GSCI is the monthly excess return of the Goldman Sachs Commodity Index.
DEFSPR is the month change in the default spread (BAA corporate bonds

minus the 10-year Treasury bond yield).
VIX is the monthly stock market volatility index.

Our final results are presented in Table 21.4. In a stepwise regression,
only those variables that have a statistically significant impact in explaining
the variation of hedge fund returns are included in the final equation. Inde-
pendent economic variables that might have explanatory power with
respect to hedge fund returns are added one by one, and the final regression

R F ui t i i kk

K

k t i t, , , ,= + +
=∑α β
1
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equation includes only those variables that have explanatory power. Some
economic variables might fall out of the equation as others variables are
added so that the resulting regression reflects only the most significant driv-
ers of hedge fund returns.

In Table 21.4 we conduct our stepwise regression analysis for the full
sample of hedge fund data as well as the high-, mid-, and low-volatility
regimes. Estimated coefficients appear in boldface, and corresponding t sta-
tistics are in italics. The results indicate that volatility is still a significant
explanatory variable for several hedge fund styles when other economic
variables are added, but it does not have the same impact as indicated in
Table 21.1.

For example, for the HFRI composite index, volatility (VIX) still has a
significant negative impact on hedge fund returns for the full sample of data
as well as for the high-volatility regime. However, for the mid- and low-
volatility regime, volatility does not have a significant impact on the com-
posite index of hedge fund returns. Other variables have a more consistent
impact on the HFRI composite hedge fund returns than volatility, including
the returns to small-cap stocks (RUS), emerging markets (MEM), and the
premium for small-cap stocks over large-cap stocks (SML).

Similarly, for the equity hedge fund returns, volatility (VIX) drops out
as an explanatory variable when other stock market variables are added,
specifically, the return to small-cap stocks (RUS) and the spread of small-
cap stocks over large-cap stocks (SML). It seems that volatility can be a con-
sistent proxy for small-cap stock market returns with respect to explaining
the variation of equity hedge funds.

We also observe that with respect to the returns to convertible arbi-
trage, volatility has no impact in explaining the variation of returns to
hedge funds in this strategy when other independent economic variables are
added to the regression equation. Of these other variables, the Lehman
Brothers High Yield Bond Index has the most consistent impact. In fact,
based on these observations, we might conclude that volatility is a proxy for
the returns to high yield bonds when it is the only variable in the regression
as in Table 21.1.

For most hedge fund strategies, volatility still has explanatory power
for hedge fund returns and cannot be discounted completely. Its impact
might not be as consistent as Table 21.1 when other economic variables are
added, but it cannot be ignored entirely, either.

CONCLUSION

Our initial results demonstrate that volatility has a significant and negative
impact on hedge fund returns. In addition, we found the current level of

Volatility Regimes and Hedge Fund Management 451
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volatility to have a greater explanatory impact on hedge fund returns than
the change in volatility. We also found some evidence that lagged volatility
has an impact on hedge fund returns, but this impact was sporadic and fol-
lowed no consistent pattern across hedge fund styles. Furthermore, we
found that high- and low-volatility regimes have a much greater (negative)
impact on explaining hedge fund returns than mid-volatility ranges. We
conclude that significant shifts in volatility away from its midrange have a
detrimental impact on hedge fund returns.

We examined the impact of volatility in conjunction with other poten-
tial economic drivers of hedge fund returns. We conducted a stepwise
regression and found evidence that volatility can be a proxy for other eco-
nomic drivers of hedge fund returns. For instance, with respect to convert-
ible arbitrage, the returns to high-yield bonds have a greater impact in
explaining the returns to this hedge fund strategy than volatility. Similarly,
with respect to equity-hedged strategies, we found the returns to small-cap
stocks and the premium earned by small-cap stocks over large-cap stocks to
be better explanatory variables than volatility. Nonetheless, volatility con-
tinued to have a significant impact on hedge fund returns across a wide
variety of hedge fund styles. Volatility clearly retains significant independ-
ent explanatory power over hedge fund returns.
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CHAPTER 22
Does Extreme Risk Affect the

Fund of Hedge Funds
Composition? 

Laurent Favre 

The suspiciously low volatility of hedge fund historical time returns has led
researchers to investigate other models in search of an explanation: a cor-

rection model for higher moments, a volatility correction model for auto-
correlation, a return correction model for illiquidity, a survivorship bias
return correction model, and a credit risk model. In this chapter, we use the
historical hedge fund time series, apply a correction for extreme returns,
and measure the effects on the optimal fund of hedge fund weights. The
results show that extreme risks affect fund of funds composition. After
deleting the 1998 extreme negative returns, the optimal fund of hedge fund
weights are independent of value at risk confidence level optimizations.

INTRODUCTION 

The Barclay Group estimates that the hedge fund industry, as of March
2005, has assets under management of $1,035 billion. This amount, how-
ever, is not as impressive if we consider that the mutual fund industry
worldwide is estimated to have $14.460 trillion under management, accord-
ing to the Investment Company Institute. The current fashionable nature of
hedge funds is reflected not only in their low return volatility or impressive
consecutive positive returns, but also in financial publications and newspa-
pers that have devoted a great deal of copy to this investment category in
2003 and 2004.
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This chapter addresses the issue of whether extreme risk affects the opti-
mal fund of hedge fund weights. By extreme risk, we mean returns that
depart from a normal distribution. These returns can be extremely positive
or extremely negative. We distinguish between traditional risks, such as
those in equity markets, interest rates, and credit ratings, and nontraditional
risks, such as liquidity risk, spreads, commodities, currencies, value versus
growth, momentum, small versus large caps, legal risk, operational risk,
model risk, and risks due to economic stagnation. We assume that tradi-
tional risks lead to normally distributed returns, but this is not the case for
certain nontraditional risks. Strategies based on liquidity risk, for example,
collect a premium when liquidity is high. When liquidity dries up, the fund
incurs a large loss, which is counted as an extreme loss. If risk is not man-
aged correctly, losses that are not included in a normal return distribution
will occur. For example, correct risk management might be to close 50 per-
cent of positions if the fund has lost −3 percent, to close 75 percent of posi-
tions if the fund has lost −5 percent and to close 100 percent of positions if
the fund has lost −7 percent till the beginning of the next month. Incorrect
risk management neglect to test a model under all market conditions.

Arbitrage strategies (spreads, value versus growth, small versus large
caps) generate small and constantly positive premiums, but extreme losses
appear when the arbitrages fail to converge due to what is sometimes
referred to as irrational exuberance. Legal, operational, and model risks
can affect fund returns in the form of extraordinary events that produce
sudden large losses. These nontraditional risks affect the fund of funds
position through extreme returns, but we need to determine how they affect
the weights.

Mean-variance optimization accounts only for mean and volatility.
Mean-modified value at risk (MVaR) and mean-conditional VaR (CVaR)
account for mean, volatility, and higher moments. The extreme return
effects are captured by these two measures of value at risk. To determine the
impact of extreme returns on fund of hedge fund optimal weights, we com-
pare the results from the mean-variance optimization with those from the
mean VaR optimizations under different confidence levels.

EXTREME RISKS

Extreme risk is defined as a crystallizing event. Observers around the world
focus on crystallizing events because they have obvious directional implica-
tions for the market. Millions of decisions that drive the market are no
longer randomly independent. Normal distribution is temporarily broken,
and we see a sudden extreme observation.

454 STATISTICAL PROPERTIES OF HEDGE FUNDS
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Extreme value theory (EVT) uses two approaches to treat extreme risks.
The first approach is the block maxima, where the maximum loss of a certain
time period (e.g., two years) is recorded during several years (Embrechts,
Klüppelberg, and Mikosch 1997). All the maximum losses represent the
extreme returns of each time period. The second approach is the peak over
threshold (POT), which says that all returns over a certain threshold are
considered extreme events (e.g., all returns below −5 percent per month).
We use the POT approach, the most common among researchers.

OPTIMIZATION MODELS

The allocation techniques used to construct funds of hedge funds are cur-
rently biased toward a qualitative approach among many European multi-
managers. However, we believe a shift toward quantitative techniques is
approaching in the near future, since nearly one third of European multi-
managers use optimization techniques to construct their funds of funds.

To construct funds of hedge funds quantitatively, we use three tech-
niques, the mean-variance optimization from Markowitz (1952), the MVaR
from Favre and Galeano (2002), and the CVaR from Rockafellar and Urya-
sev (2002). All three models have pitfalls. The mean-variance approach
does not account for nonnormal distributions; the MVaR does not provide
reliable results for highly skewed assets; and the CVaR requires a long time
history in order to have enough data points below the VaR threshold. The
MVaR combined with the CVaR allows us to test the robustness of our con-
clusions about the impact of extreme risks on fund of fund weights.

Mean-Variance Optimization
Using mean-variance optimization, we compute the portfolio with the low-
est volatility for a selected portfolio return. The optimization appears in
equation 22.1:

(22.1)

where wi = asset weight included in the fund of hedge funds, i = 1,2, . . . , n
Ω = variance-covariance matrix between the asset’s historical time series

MVaR Optimization
By using the modified value-at-risk optimization, we can include mean and
variance in the objective function, as well as portfolio skewness and excess

min
w

T

i
i

N

i

i

w w

w w

Ω

such that and
=
∑ = ≥

1

1 0
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kurtosis (kurtosis minus 3). The optimization function to compute the asset
weights is presented in equation 22.2:

(22.2)

where

zc = N−1(0,1,p) is the critical value for a normal distribution for prob-
ability p

R
– = average return on the portfolio

The parentheses in equation 22.2 show that when the portfolio skew-
ness and excess kurtosis are zero, the formula is reduced to the normal VaR
in equation 22.3:

MVaR(zc) = wTR − (zc)σ (22.3)

This optimization allows selection of assets with positive (co)skewness,
small (co)kurtosis, and low (covariance) volatility for a given return. In this
chapter, systematic skewness is the coskewness divided by the skewness, co-
skewness is the covariance between the asset return and the squared portfolio
returns, systematic kurtosis of an asset is the cokurtosis divided by the kur-
tosis, and cokurtosis is the covariance between the asset return and the
cubed portfolio returns.

CVaR Optimization

Using the conditional VaR optimization allows us to include all distribution
moments below the given threshold T in the objective function. The thresh-
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where

such as

is the portfolio skewness

is the portfolio excess kurtosis

is the portfolio volatility
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old T is the VaR at a certain confidence level. The CVaR optimization func-
tion is equation 22.4:

(22.4)

where VaRa = portfolio value at risk at the a probability for a dis-
continuous distribution

CVaR+
a = conditional VaR at the a probability for a discontin-

uous distribution
l = a constant to adjust for discontinuous distribution

P[R < VaRa] = probability that a return is below the threshold VaRa

This optimization favors assets with low historical probabilities of
returns below VaRa (i.e., a low probability of extreme negative historical
portfolio returns). It also favors assets with positive (co)skewness, small
(co)kurtosis, and low volatility (covariance) for a given return.

EMPIRICAL RESULTS 

We use data from the Hedge Fund Research (HFR) indices from January
1997 to July 2004. To test the robustness of our results, we also use the
Edhec indices from the same time period. The Edhec indices are computed
by using principal component analysis and several public hedge fund
indices (Hedge Fund Research (HFR), Credit Suisse First Boston (CSFB),
Evaluation Associates Capital Markets (EACM) Advisors, Zurich, Altvest,
Hennessee, Van Hedge, Managed Account Reports (MAR), Hedge Fund
Net (HF Net), and Barclay for Commodity Trading Advisors (CTAs)). The
optimization results done with the Edhec indices are provided in Appendix
22.1. We construct the minimum risk portfolio for each of the three opti-
mizations, which eliminates the need to use historical index returns or to
estimate future index returns. 

Thirty-six-month past returns are used to compute the first optimization.
The full window is then rolled forward one month, and a new optimization
is completed. From January 1997 through July 2004, 56 optimizations are
performed. To examine the effects of using extreme returns in the opti-
mization, we use VaR confidence levels between 85 and 99 percent. The
closer we move to the 99 percent optimization confidence level, the more
weight is given to the extreme returns. By using these 15 VaR confidence
levels, the number of optimizations increases by 15 times to 840 optimiza-
tions. The maximum weight for each index in the fund of funds is set at 40
percent, and the minimum weight is zero.

CVaR VaR CVaR

P R VaR

= + −( )

=
− ≤ 

+λ λ

λ
α

α

α α

α

1
where
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As Table 22.1 shows, most of the HFR indices exhibit negative skew-
ness historically, meaning they have at least one return far to the left of the
mean. Historically, the most risky has been emerging market, and the least
risky has been equity-market neutral. HFR relative value has the most neg-
ative skewness. This is due to only one extreme negative return, as Figure
22.1 shows. If we optimize without accounting for this extreme negative
return (e.g., by using conditional VaR at 90 percent), the allocation to rel-
ative value will be higher than if we optimized with it, by using conditional
VaR at 99 percent, e.g.). In this chapter, risk refers to mean modified value
at risk, not volatility. We see that MVaR is consistent with maximum loss,
as equity-market neutral has the highest MVaR and the highest maximum
loss, but not the lowest volatility, due to its position skewness.

The next section shows the effects of these extreme returns on the fund
of hedge fund weights.

Optimization versus Confidence Level

Figure 22.2 shows the optimized index weights for different confidence levels
using VaR. The closer we move to the right, the more the extreme negative
index returns impact the allocation. The graph does not contain any returns,
because the minimum MVaR portfolio is computed for each confidence level. 

Figure 22.2 shows that the more investors are aware of extreme port-
folio negative returns, the more they are likely to invest in the CTA index.
For an optimization at the 90 percent confidence level, the weight in CTA
is zero. For an optimization at the 99 percent confidence level, the weight
in CTA is 18 percent. This means that CTA adds positive skewness and/or

Does Extreme Risk Affect the Fund of Hedge Funds Composition? 459

FIGURE 22.1 Historical Monthly Returns
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negative kurtosis to the portfolio, thereby decreasing the portfolio extreme
risks. Equity-market neutral has the same characteristics. 

However, relative value, macro, and distressed all add negative skew-
ness or positive kurtosis because they are in the portfolio for optimizations
at 88 percent VaR, but not at 99 percent. In other words, they increase the
portfolio extreme risks. Each of these indices had some extreme negative
returns between January 1997 and July 2004. In August 1998, relative
value had one 6.55 standard deviation event, something that should occur
only once every 432 million years under a normal distribution assumption.
Macro had three extreme events: in August 1998, corresponding to a 2.25
standard deviation event or once every 2.6 years; in April 2000, correspon-
ding to a 2.24 standard deviation event; and in April 2004, corresponding
to a 1.80 standard deviation event. For distressed, the extreme event
occurred in August 1998, a 5.27 standard deviation event or once every
233,000 years. 

These three indices show that only some unlikely and very extreme
returns will impact the fund of funds allocation. But if we believe these
extreme events will recur in the future, we should account for them now by
using an extreme risk optimization model. Alternatively, we could delete
them from the historical data.

Fixed income arbitrage has no impact on portfolio extreme risks, as its
weights are almost constant for every VaR confidence level. It therefore has
no systematic skewness and no systematic kurtosis versus the portfolio.

460 STATISTICAL PROPERTIES OF HEDGE FUNDS

FIGURE 22.2 MVaR Confidence Level
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As Figure 22.3 shows, CVaR optimization exhibits the same features as
MVaR optimization. As the VaR confidence level increases so that extreme
negative returns increasingly impact the portfolio allocation, the relative
value and distressed weights decrease, and convertible arbitrage replaces
merger arbitrage. CVaR optimization prefers convertible arbitrage because
its maximum loss (−3.2 percent in August 1998) is better than the maxi-
mum loss of merger arbitrage (−5.69 percent in August 1998) and CVaR is
highly influenced by maximum loss when the time series is short.

In order to visualize the effect of extreme risks on fund of fund weights,
we perform a mean variance optimization for all confidence levels (see
Figure 22.4). The weights are constant independent of the VaR confidence
levels. This is normal, because mean variance uses volatility only as a risk
measure, and has no higher moments. The weights in Figure 22.4 are
almost the same as a CVaR 92 percent confidence level optimization, and
are slightly comparable to an MVaR 95 percent optimization. Note that
extreme risks eliminate relative value, merger arbitrage plus distressed, and
increase equity-market neutral plus CTA.

Optimization versus Confidence Level and Time Window

Because extreme negative returns affect fund of hedge fund weights as VaR
confidence levels increase, it is important to understand the impact of the
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historical time window used for the optimization. There are two ways to test
this impact, by using a rolling time window in the optimization and by
deleting or altering the extreme negative returns with robust optimization.

We choose the first technique because the results are easier to explain
and interpret. We use a 36-month rolling window, and perform an opti-
mization for every confidence level. We then move the time window by one
month, and continue the process through the last window (from August
2001 to July 2004). In total, 840 optimizations are performed.

The results are shown in Figure 22.5, a three-dimensional graph. The
dates are on the x-axis, the confidence levels are on the y-axis, and the asset
weights are on the z-axis. For visibility reasons, it is possible to exhibit only
one asset per graph. 

Our aim is to determine the impact, if any, of having the extreme neg-
ative returns in the fund of funds time series. We focus on the indices
already discussed, CTA and equity market-neutral, which hedge against
extreme risks, and distressed and relative value, which do not. To verify
whether these hedging features are time-independent, we use optimizations
with rolling windows.
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FIGURE 22.4 Minimum Risk Fund of Funds Weights with Mean Variance Optimi-
zation: 85% to 99% Confidence Levels, January 1997–July 1997
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Figure 22.5 shows the CTA weights in a fund of funds where the MVaR
has been maximized for confidence levels between 85 and 99 percent. When
the returns of the 1998 crisis are included, around the highest peaks of the
graph, the CTA weight increases to 23 percent, for the 92 to 99 percent con-
fidence levels. When those returns are excluded, the CTA weight decreases
to almost zero. 

The CTA weight can only increase to 10 percent with a confidence level
above 92 percent for some time window between 1999 and 2002. But this
fact can be easily explained. The CTA return in August 1998 was 5.72 per-
cent, during which time all other HFR indices had large negative returns.
The extreme risk optimization perceives this good CTA performance as an
implicit hedge. The lesson is important. If we expect CTA to perform posi-
tively during the next crisis, we should allocate approximately 20 percent
CTA weight in the fund of funds. If not, we should eliminate this strategy.
If a CTA manager proves his or her strategy can react faster in crisis situa-
tions, we should invest in this manager. Otherwise, it is better to invest in
other hedge fund strategies with higher potential returns.

Figure 22.6 for equity-market neutral has the same characteristics. As
its name suggests, this index is neutral to equity movements. The figure
shows that as the confidence level increases on the y-axis, that is, as more
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FIGURE 22.5 CTA Weights in a Minimum Risk Fund of Fund Weights with MVaR
Optimization: 85% to 99% Confidence Levels, 36-Month Rolling Window
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extreme risk is taken into account in the optimization, the equity-market
neutral weight increases on the z-axis. The weights are independent of the
time windows.

In contrast, Figure 22.7 shows exactly the opposite feature, but for the
distressed index. When the returns of the 1998 crisis are included, the dis-
tressed weight is zero. When the data from the 1998 crisis are excluded, the
distressed weight is approximately 20 percent for 85 to 95 percent confi-
dence levels and around 10 percent for 96 to 99 percent confidence levels.
Note that even when the extreme risks are taken into account, the distressed
weights are at least 10 percent for time windows from 1999 until year-end
2002. Since 2003, distressed is no longer considered a risk reducer in funds
of funds, which explains why its weight is approximately zero.

Figure 22.8 shows the same characteristics as Figure 22.7. When the
1998 crisis is excluded from the optimization, the relative value weights
increase to almost the maximum of 40 percent since the end of 1999. This
means that several managers in the HFR relative value index, since the end
of 1999, have changed their strategies and are currently adding fund of
funds risk reduction (volatility risk and extreme risks).
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FIGURE 22.6 Equity-Market Neutral Weights in a Minimum Risk Fund of Fund
Weights with MVaR Optimization: 85% to 99% Confidence Levels, 36-Month
Rolling Window
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The risk characteristics of each index are summarized in Table 22.A1
in Appendix 22.1. The second column, volatility reducer, determines
whether the index adds diversification power in a fund of funds context,
that is, whether it decreases the fund of fund volatility. The third column,
extreme risk reducer, determines whether the index adds volatility, skew-
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FIGURE 22.7 Distressed Weights in a Minimum Risk Fund of Fund Weights with
MVaR Optimization: 85% to 99% Confidence Levels, 36-Month Rolling Window

FIGURE 22.8 Relative Value Weights in a Minimum Risk Fund of Fund Weights with
MVaR Optimization: 85% to 99% Confidence Levels, 36-Month Rolling Window
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ness, and kurtosis to the fund of funds. The fourth and fifth columns show
which fund of fund weights are optimal if there are no future extreme neg-
ative events (column 4), and if there are such events (column 5). The time
windows including the 1998 crisis are considered with extreme risks, and
those without it are considered without extreme risks (i.e., the most recent
36-month time windows). To compute the weights in column 4, we take the
average of the weights from 1997 to 1999 for confidence levels between 96
and 99 percent, in the three-dimensional graph, computed with the MVaR
optimization. The weights in column 5 are the average of all the weights
from 2000 to 2004 for all confidence levels.

Investors should not necessarily rule out any of the indices we have not
discussed until now: emerging markets, equity hedge, event driven, macro.
If reliable index forecasts predict higher returns for these indices, their
weights should be higher than zero. For example, the distressed recom-
mended weight for a minimum risk fund of funds is 1 percent. Historically,
the distressed annual return is 11.32 percent, which is much higher than
that of equity-market neutral at 7.21 percent. Investors wishing to increase
expected fund of funds returns and who have reliable index return forecasts
may wish to invest in distressed instead of equity-market neutral. 

Accordingly, note that five indices are considered volatility reducers:
convertible arbitrage, equity-market neutral, fixed income arbitrage, merger
arbitrage, and relative value. To be a volatility reducer in Figures 22.2 and
22.3, the index weights for the 85 to 95 percent confidence levels should be
equal to or higher than those for the 96 to 99 percent confidence levels, and
also be present for the 85 to 95 confidence levels. The five indices represent
arbitrage strategies and, among them, only equity-market neutral reduces
the fund of funds extreme risks. This means that by investing in equity-
market neutral, fund of funds volatility and extreme risks both decrease.
Naturally, this has a cost, namely a low historical return. The CTA index is
also capable of diversifying away the fund of funds extreme risks, but its
own volatility is high, so it is not considered a volatility reducer. 

Two indices are therefore extreme risk reducers: equity-market neutral
and CTA. To be an extreme risk reducer, the index weights for the 96 to 99
percent confidence levels should equal or be higher than those for the 85 to
95 percent confidence levels and also be present for the 96 to 99 percent
confidence levels. Columns 4 and 5 in Table 22.2 show which weights pro-
tect against extreme risks and which do not.

The most extreme change in weights, when considering extreme risks
or not, is for relative value. Considering possible extreme risks in the future
decreases the relative value weight from 35 percent to zero. The relative
value strategies are dividend arbitrage, pairs trading, options arbitrage, and
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yield curve trading. Each strategy works well with normal price volatility,
but not with price disruptions such as occurred in August 1998. 

Relative value has a low historical annual volatility of 3.43 percent, at
the same level as convertible arbitrage and equity-market neutral. Price dis-
ruptions can impact the optimal weight of a low-volatility strategy like rel-
ative value, which explains why it decreases from 35 percent to zero if the
extreme August 1998 return is included in the optimization. The August
1998 return is −5.68 percent, a 6.55 standard deviation event.

To verify the results in Figure 22.2 and the weights in Table 22.2, col-
umn 4, we perform an optimization without August 1998. The results are
not surprising given the illustration in Figure 22.9. The weights are inde-
pendent of the confidence levels. Even the relative value weight, which was
zero when the August 1998 data were included, is now 40 percent, the max-
imum. This confirms our assertion for fund of funds allocation that it is
important to determine whether an extreme risk is likely to appear in the
future. If the answer is positive, the fund of funds weights must be adjusted
as in Table 22.2, column 5. Although the weight of 33 percent for convert-
ible arbitrage in Table 22.2, column 3 is higher than the weight if extreme
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TABLE 22.2 Risk Characteristics of the Hedge Fund Indices in a Fund of Funds

Weights If Weights If Weights
Extreme Extreme Risks Extreme Risks Without

Volatility Risk Do Not Occur Occur in August 1998
Reducer Reducer in the Future the Future Return

Barclays CTA No Yes 1% 23% 8%
Convertible 

Arbitrage Yes No 13% 33% 18%
Distressed No No 1% 1% 11%
Emerging Markets No No 0% 0% 0%
Equity Hedge No No 0% 0% 0%
Equity-Market

Neutral Yes Yes 39% 38% 13%
Event-Driven No No 0% 0% 0%
Fixed-Income 

Arbitrage Yes No 8% 1% 0%
Macro No No 1% 0% 0%
Merger Arbitrage Yes No 1% 3% 14%
Relative Value Yes No 35% 0% 36%
Total 100% 100% 100%
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risks do not occur, convertible arbitrage is not an extreme risk reducer. This
is due to the fact that since 2000, this index has lost a great deal of its diver-
sification power, in terms of volatility. Before 2000, the optimal index
weight was 40 percent, but it reduces to 13 percent if only volatility is con-
sidered, as exhibited in Tabel 22.2, column 4.

CONCLUSION

In hedge fund indices, extreme risks, in terms of returns more than 1.75
standard deviations away from the historical mean or 96 percent probabil-
ity on one side, affect the fund of fund weights. We use mean modified value
at risk and conditional value at risk optimizations to determine the effects
of these extreme risks. Relative value, macro, and distressed weights are
negatively affected by extreme risks. CTA, equity-market neutral, and con-
vertible arbitrage weights are not, or are positively affected by extreme risks.
This means that extreme risk management must be done on relative value
managers, who engage in dividend arbitrage, pairs trading, options arbi-
trage, and yield curve trading; on macro managers, who trade in equity
markets, interest rates, foreign exchange; and commodities; and on dis-
tressed managers, who are active in reorganizations, bankruptcies, distressed
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FIGURE 22.9 VaR Confidence Level, Minimum Risk Fund of Funds Weights with
MVaR optimization excluding the August 1998 return: 85% to 99%
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sales, and corporate restructurings. The extreme risk management can be
performed in four different ways:

1. By using classical due diligence on the manager strategies
2. By using a tactical style allocation model with predictive power on the

strategy future returns
3. By increasing the fund of funds’ expected return to lower the impact of

extreme negative returns on the strategies’ annual returns
4. By using structured products on the strategies

We compute the minimum fund of fund risks, which does not require any
strategy return forecasts. As Amenc and Martellini (2002) mention, the ex-
post volatility of minimum variance portfolios generated using implicit factor-
based estimation techniques is between 1.5 and 6 times lower than that of a
value-weighted benchmark. This strongly suggests that optimal inclusion of
hedge funds in an investor portfolio can generate a potentially dramatic
volatility decrease on an out-of-sample basis. Differences in mean returns,
between the minimum variance portfolios and the equally weighted portfo-
lios, are not statistically significant, suggesting that the improvement in terms
of risk control does not necessarily come at the cost of lower expected returns.

APPENDIX 22.1
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TABLE 22.A1 Edhec Index Performance, January 1997 to July 2004

Annualized Annualized Monthly
Return Volatility Monthly Excess

(%) (%) Skewness Kurtosis

Convertible Arbitrage 11.54 3.87 −1.0 2.0
Distressed Securities 12.25 5.86 −1.8 9.3
Emerging Markets 10.91 14.19 −1.2 5.8
Equity-Market Neutral 10.08 2.28 0.3 0.6
Event-Driven 11.44 6.03 −2.1 10.4
Fixed-Income Arbitrage 6.55 4.15 −4.7 30.3
Global Macro 11.43 6.57 0.9 1.6
Long/Short Equity 12.24 7.88 0.0 0.7
Merger Arbitrage 9.68 3.96 −2.2 9.6
Relative Value 10.39 3.54 −1.3 3.4
Convertible Arbitrage 11.54 3.87 −1.0 2.0

c22_gregoriou.qxd  6/27/05  3:06 PM  Page 469



470 STATISTICAL PROPERTIES OF HEDGE FUNDS

TABLE 22.A1 (continued)

Time
Monthly Maximum Under the

Monthly Maximum Drawdown Water 
99% MVaR Loss (%) (%) (months)

Convertible Arbitrage −2.6% −3.2 −7.1 7
Distressed Securities −6.9% −8.4 −11.6 12
Emerging Markets −15.7% −19.2 −35.5 28
Equity-Market Neutral −0.6% −1.1 −1.1 2
Event-Driven −7.2% −8.9 −10.9 11
Fixed-Income Arbitrage −5.0% −8.0 −12.6 16
Global Macro −2.3% −3.0 −5.4 9
Long/Short Equity −4.7% −5.5 −12.6 30
Merger Arbitrage −4.2% −5.4 −5.4 20
Relative Value −2.7% −3.4 −4.7 7
Convertible Arbitrage −2.6% −3.2 −7.1 7

FIGURE 22.A1 MVaR Confidence Level-1
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FIGURE 22.A2 MVaR Confidence Level-2

c22_gregoriou.qxd  6/27/05  3:06 PM  Page 471



CHAPTER 23
A Hedge Fund Investor’s 
Guide to Understanding 

Managed Futures 
Hilary F. Till and Joseph Eagleeye 

Managed futures are a niche within a niche in the global capital markets.
So why should hedge fund investors become knowledgeable about this

investment category? This chapter answers this question by discussing how
futures strategies provide unique diversification properties for investments,
including hedge funds. The chapter also discusses the main characteristics
of futures strategies as well as alternative statistical measures that are
appropriate for evaluating managed futures investments.

INTRODUCTION 

The current size of the global capital markets is estimated to be about 
$55 trillion, according to Anjilvel, Boudreau, Johmann, Peskin, and Urias
(2001). Investments in mutual funds make up about 18 percent of this total;
investments in hedge funds amount to almost 1 percent of this amount,
according to estimates by the above-mentioned authors, as shown in Figure
23.1. Jaeger (2002) estimates that managed futures strategies make up
about 5 percent of the hedge fund universe, as shown in Figure 23.2.

Managed futures strategies are a niche within a niche in capital mar-
kets. Despite this niche status, managed futures have become of particular
interest to hedge fund investors. By focusing on this strategy’s unique diver-
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sification properties, this chapter discusses why this has become the case.
We also briefly cover the main characteristics of this investment category,
its underlying sources of return, and alternative statistical measures that are
appropriate for comparing managed futures investments with hedge fund
investments. We will rely on leading edge academic and practitioner
research in covering each of these topics.

PERFORMANCE DURING EQUITY DECLINES

When one examines all the declines in the Standard & Poor’s (S&P) 500
that were greater than 6 percent since 1980, one finds that managed futures
programs have outperformed the S&P 500 by 17 percent on average dur-
ing each time of major equity loss. According to Horwitz (2002), during
each period of equity loss, the average S&P 500 decline was about −12 per-
cent with the average managed futures return increasing by +5 percent. This
comparative performance history is shown in Table 23.1. The table also
shows that since 1990, hedge funds have generally declined during major
equity losses.

The returns of 2002 are a striking illustration of managed futures pro-
grams outperforming during large equity declines. This is illustrated in

474 STATISTICAL PROPERTIES OF HEDGE FUND

Institutions, Other Money Managers, Privately Held

Hedge Funds

Passive and Active Mutual Funds

FIGURE 23.1 Breakdown of Global Capital Markets by Type of Investment
Manager
Does not include cash equivalents and short-duration fixed income. Estimates for
year-end 2000, based on ICI, MSCI, MAR, FRM, (and) Morgan Stanley estimates.
Source: Anjilvel, Boudreau, Johmann, Peskin, and Urias (2001), Exhibit 1.
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Table 23.2. Collectively, managed futures programs produced amongst the
highest returns of any investment strategy in the face of a −23.4 percent
drop in the S&P 500 during 2002.

Managed futures programs are also referred to as commodity trading
advisors (CTAs). The 2000–2003 equity bear market coincided with such
good performance on the part of CTAs that over the time period December
1989 through June 2004, CTAs outperformed equities. This is illustrated in
Figure 23.3. The CTA proxy index shown in this figure is based on an index
of trend followers, which, as is discussed later, is the dominant investment
style of CTAs.

476 STATISTICAL PROPERTIES OF HEDGE FUND

TABLE 23.1 Declines in the S&P 500 of Greater than 6% since 1980 and
Corresponding Performance of Hedge Fund Indices

Managed Hedge
S&P 500 Futuresa Fundsb

1 September–November 1987 −30% 8.5%
2 April–July 2002 −20% 10.6% −4.4%
3 June–September 2001 −17% 1.9% −3.8%
4 July–August 1998 −15% 5.8% −9.4%
5 February–March 2001 −15% 4.0% −3.8%
6 June–October 1990 −15% 19.4% −1.9%
7 September–November 2000 −13% 2.7% −6.4%
8 September 2002 −11% 1.9% −1.5%
9 December 2002 to February 2003 −10% 12.1% 0.5%

10 August–September 1981 −10% 0.1%
11 February–March 1980 −10% 10.3%
12 December 1981–March 1982 −10% 7.9%
13 September 1986 −8% −4.2%
14 December 1980–January 1981 −7% 9.5%
15 February–March 1994 −7% 0.3% −2.1%
16 January–February 2000 −7% 0.9% 6.8%
17 January 1990 −7% 3.2% −2.1%
18 May–July 1982 −7% 1.4%
19 July–September 1999 −6% −0.5% 0.7%

Average −12% 5% −2%

Source: Horwitz (2002), slide 8.
aCISDM (Center for International Securities and Derivatives Markets)
Trading Advisor Qualified Index.
bHFR (Hedge Fund Research) Fund Weighted Composite Index.
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TABLE 23.2 Index Returns During 2002

Long-Only Indices Return

S&P 500 −23.37%
Nasdaq Composite −31.53%
MSCI EAFE −17.06%

Hedge Fund Indices Return

Hennessee Hedge Fund −3.43%
CSFB Tremont 3.04%
MSCI Hedge Fund Composite 3.90%

Managed Futures Indices Return

Barclays CTA Index 11.81%
Carr CTA Index 13.28%

Source: Phillips (2003), p. 45.
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FIGURE 23.3 Net Asset Value Chart, December 1989 through June 2004
CISDM: Center for International Securities and Derivatives Markets.

c23_gregoriou.qxd  6/23/05  4:15 PM  Page 477



CHARACTERISTICS OF 
MANAGED FUTURES PARTICIPANTS

Low Barriers to Entry, But Assets Are Concentrated 
in the Hands of the Few

The managed futures landscape is notable for the large number of managers
within it, and yet the vast majority of assets are managed by a select few.
Aleks Kins of Access Asset Management notes in Collins (2003) that CTAs
with less than $50 million under management account for 75 percent of the
CTA universe. According to Phillips (2003), 90 percent of the assets are con-
centrated in the hands of a few large players who have been in the market
for 20 years or more.

The large number of small CTA’s is likely due to the low cost of entry.
According to McGuinness (2003), a start-up hedge fund generally requires at
least $20 million in trading capital to effectively cover operating costs. In con-
trast, CTAs trade in exchange-traded options and futures with relatively low
margin requirements. It is not unusual for a start-up CTA to trade an account
as small as $250,000, which would only require about $25,000 in margin. A
start-up securities hedge fund, however, requires lines of credit with prime
brokers and all manner of over-the-counter derivatives documentation.
McGuinness (2003) notes that the start-up costs of a securities hedge fund are
about $275,000. In contrast, judging by our personal experience, the start-up
costs of a managed futures business are a small fraction of this figure.

Trend-Following Is the Predominant Style

Although there are two basic types of CTAs, discretionary and trend fol-
lowing, the investment category is dominated by trend followers. Trend fol-
lowers are also known as systematic traders. The operative word here is
systematic. Automated programs screen the markets using various technical
factors to determine the beginning or end of a trend across different time
frames. Lungarella (2002, p. 10) states that “the trading is based on the
systematic application of quantitative models that use moving averages,
break-outs of price ranges, or other technical rules to generate the ‘buy’ and
‘sell’ signals for a set of markets.” In this investment process, automation is
key, and discretionary overrides of the investment process tend to be taboo.

Discretionary traders occupy the other end of this bifurcated CTA
spectrum. As Lungarella (2002, p. 9) explains, for discretionary traders:
“Personal experience and judgment are the basis of trading decisions. They
tend to trade more concentrated portfolios and use fundamental data to
assess the markets, and also technical analysis to improve the timing.”
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While it is easier to make generalizations regarding trend followers, dis-
cretionary traders are not readily compartmentalized. Their trading styles
run the gamut from opportunistic niche strategies to thematic, global macro
trading opportunities.

Schneeweis and Spurgin (1998b) confirm that systematic trend follow-
ing is the dominant style among CTAs. The authors draw their conclusion
from the fact that the correlations between a general CTA index and system-
atic CTA subindices are about 90 percent while the correlations between a
general CTA index and discretionary CTA indices are approximately 50
percent. Citing some of their previous research, Fung and Hsieh (2001) note
that when they apply principal component analysis on CTA funds, they find
a single dominant style, which they interpret as the trend-following style.

Schneeweis and Spurgin (1998b, p. 9) further clarify that: “CTAs who
follow discretionary (e.g., mixed markets and strategies) or unique markets
(e.g., energy, currency, and agriculture) [may require] separate explanatory
return variables [from the ones used for systematic traders.]” That is, there
are different drivers behind systematic trend-following strategies and dis-
cretionary trading strategies. As the managed futures investment category is
dominated by trend followers and because academic research correspond-
ingly centers around them, the focus of this chapter is on trend following.

TREND-FOLLOWING APPROACH

Description

The basic idea underlying trend-following strategies is that all markets
trend at one time or another. Rulle (2003, p. 5) notes that “a trend-follow-
ing program may trade as many as 80 different markets globally on a 24-
hour basis. Trend-followers try to capture long-term trends, typically
between 1 and 6 months in duration when they occur.” Trend followers will
scan the markets with quantitative screens designed to detect a trend. Once
the model signals a trend, a trade will be implemented. A successful trend
follower will curb losses on losing trades and let the winners ride. That is,
false trends are quickly exited and real trends are levered into. In a sense
this is the distinguishing feature among trend-following CTAs. Good man-
agers will quickly cut losses and increase their exposure to winning trades.
In a sense, the alpha may come from this dynamic leverage. As Fung and
Hsieh (2003, p.78) note: 

trend-following alpha will reflect the skill in leveraging the right bets
and deleveraging the bad ones as well as using superior entry/exit
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strategies. Negative alphas will be accorded to those managers that
failed to lever the right bets and showed no ability in avoiding losing
bets irrespective of the level of overall portfolio return—luck should
not be rewarded.

Optionlike Payoff Profile

A trend-following strategy aims for a payout profile similar to a long option
strategy, as indicated in Figure 23.4. The figure also shows that CTA returns
are positively skewed. Lungarella (2002, p. 11) notes that:

Almost like a call option, the downside risk is to a certain extent lim-
ited, and the upside potential rather open. . . . [This is because the dom-
inant strategy, trend following,] will generate strong returns in times
when the markets are trending, and during sideways markets the risk
management guidelines will try to limit the losses.

Because of this call-option–like return profile, trend followers are some-
times classified as a long option strategy. This is in contrast to short option
strategies, where one earns steady, small returns but is exposed to infre-
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FIGURE 23.4 History of Monthly Returns of the Barclay CTA Index, January 1985
to August 2002
Author’s Data Source: Barclay Trading Ltd.
Source: Lungarella (2002), Figure 1.
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quent, but large, drawdowns. Some hedge fund arbitrage strategies appear
to provide the latter type of return profile. The portfolio implications of
these observations are later in this chapter.

While there seems to be little dissension on categorizing trend following
as a long option strategy, it is somewhat controversial to refer to trend fol-
lowing as a long volatility strategy. Schneeweis and Spurgin (1998b) note
that the returns of CTAs are not exclusively related to volatile markets, but
instead are due to markets that show trends or large intramonth moves. In
explaining the returns of CTAs, the authors further clarify that standard
deviation is often less significant in the presence of intramonth drawdowns
or drawups.

Fung and Hsieh (1997b) highlight another optionlike aspect of trend-
following returns. Figure 23.5 shows the returns of the six largest trend-
following funds across five different world equity market environments.
State 1 maps into the average returns of world equities and CTAs during the
worst equity months while State 5 consists of the average returns of world
equities and CTAs during the best equity months. The authors note that
trend-following CTA returns are similar to the payoff profile of call and put
options (or a straddle) on equities.

Table 23.1 and Figure 23.5 suggest that trend followers may have a
negative beta with equities when the equity market is doing poorly. Rulle
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FIGURE 23.5 Average Monthly Returns of Six Large Trend-Following Funds in Five
Different Morgan Stanley World Equity Market States, April 1983 to March 1997
Source: Fung and Hsieh (1997b), Exhibit 2.
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(2003, p.30) provides an intuitive rationale for why this has been the case
historically:

[Trend-following] has a high negative correlation to equity markets
during periods of perceived crisis in those markets. We believe this
occurs because a global consensus emerges about macroeconomic con-
ditions, which causes various markets, particularly currencies, interest
rates and equities to move in tandem. When this consensus is further
confronted by an “event,” such as a major country default, the “event”
will reinforce the crisis mentality already in place and drive those trends
toward their final conclusion.

Another way of characterizing Rulle’s argument is that CTAs have his-
torically benefited from event risk.

Return Replication of Trend-Following Systems
There have been at least two attempts at modeling the returns of trend-
following CTAs. Spurgin, Schneeweis, and Georgiev (2001) create a
benchmarking algorithm centered around a set of mechanical momentum
strategies. In contrast, Fung and Hsieh (2001) replicate the returns of
trend followers with a basket of straddles on interest rates, currencies,
and physical commodities.

A Combination of Momentum Strategies
Spurgin, Schneeweis, and Georgiev (2001) create a passive benchmark that
tracks trend following returns with a tracking error similar to what is
encountered between a typical equity mutual fund and the S&P 500 index.

The authors create passive momentum strategies based on three differ-
ent crossover points, 15, 27, and 55 days. That is, if a futures price is
greater than its price t days ago, where t = 15, 25, and 55 days, a long posi-
tion in a particular market is adopted. Otherwise, a short position is adopted.
This process is done for futures contracts in the currencies, interest rates,
physical commodities, and equity indices futures markets. These momentum
strategies are the building blocks for their passive CTA style benchmarks.

The passive CTA style benchmarks are created by obtaining the com-
bined weightings of the passive momentum strategies that would best fit
various Managed Account Reports (MAR)1 indices. The MAR indices rep-
resent the performance of CTAs who categorize themselves as belonging in
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1The MAR indices are now the Center for International Securities and Derivatives
Markets (CISDM) indices.
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one or more of the currency, discretionary, diversified, financial, systematic,
and trend-following categories.

The authors use data over the January 1988 through December 2000
period. Their procedure uses four years of monthly data to calculate the
weightings on the passive strategies. For example, they use 1988 to 1992
data to model the 1993 out-of-sample performance of MAR indices. To the
extent that the returns of the in-sample models are systematically under or
over the actual returns, an adjustment is made to the next period’s out-of-
sample prediction. Table 23.3 shows the average composition of the style
benchmarks versus the MAR indices from 1993 to 1999.

Columns 1 through 4 of the table show the average weight for each of
the momentum strategies (or subindices). The interest rates and currency
subindices receive the largest weightings.

Table 23.4 compares the average R2 of the in-sample models with the
average R2 of out-of-sample models, whereas Table 23.5 compares the aver-
age out-of-sample difference between each MAR index and its correspon-
ding passive style benchmark. A positive entry means the passive style
benchmark underperformed the corresponding MAR index.

Tables 23.3, 23.4, and 23.5 indicate that the momentum subindices
explain very little of the discretionary CTAs returns. Only 17 percent of the
price variation is explained with the momentum subindices. Out-of-sample
the R2 drops down to 4 percent. This is additional evidence that there are
different fundamental factors driving trend-following versus discretionary
strategies. As would be expected, the predictive power of the passive bench-
marks drops somewhat when using out-of-sample data. With the exception
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TABLE 23.3 Composition of Passive CTA Style Benchmarks

Average Annual Subindex Average Annual
Weights (%) of Style Benchmarks Results

Interest Physical In-Sample Implied
MAR Index Rates Currencies Commodities Equities R2 Leverage

Dollar Weight 99.6 100.6 48.5 1.6 0.68 2.5
Equal Weight 82.5 104.4 42.0 11.6 0.71 2.4
Currency 60.3 146.8 — — 0.64 1.6
Discretionary 36.8 30.4 24.2 — 0.17 0.9
Diversified 107.3 93.0 60.8 13.4 0.60 2.7
Financial 142.2 120.6 45.6 — 0.66 3.1
Systematic 128.8 109.3 68.9 13.8 0.61 3.2
Trend-following 154.3 167.5 77.7 19.2 0.72 4.2

Source: Spurgin, Schneeweis, and Georgiev (2001), Exhibit 2. 
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of the discretionary MAR index, the passive benchmarks underestimate the
returns. This is most notable with the MAR trend-following index. The pas-
sive benchmark underestimates the MAR trend-following index by about
44 basis points per month. This finding is consistent with the idea that the
core strength of a good trend follower is the ability to lever up a winning
trade. This is not a criticism of the authors’ benchmarking approach, how-
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TABLE 23.5 Average Monthly Out-of-Sample
Difference between MAR Index and Passive
Style Benchmarks

Average Monthly Difference
MAR Index in Basis Points

Dollar Weight 14
Equal Weight 37
Currency 23
Discretionary −13
Diversified 60
Financial 30
Systematic 14
Trend-following 44

Source: Spurgin, Schneeweis, and Georgiev
(2001), Exhibit 2.

TABLE 23.4 In-Sample Versus Out-of-Sample Performance
of Passive CTA Style Benchmarks

Average Annual Results
In-Sample Out-of-Sample

MAR Index R-squared R-squared

Dollar Weight 0.68 0.54
Equal Weight 0.71 0.60
Currency 0.64 0.62
Discretionary 0.17 0.04
Diversified 0.60 0.50
Financial 0.66 0.62
Systematic 0.61 0.58
Trend-following 0.72 0.62

Source: Spurgin, Schneeweis, and Georgiev (2001), Exhibit 2.
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ever, since one would hope that active managers could indeed outperform
passive style benchmarks.

Lookback Straddles

Fung and Hsieh (2001) formalize the notion of trend followers as being long
options by likening the strategy to a portfolio of lookback straddles. Under
a straddle strategy, a put and a call are held together. Under an option strat-
egy with a lookback feature, the owner is allowed to exercise the option at
the underlying asset’s extreme price over the life of the option. The owner of
a lookback put would have the benefit of selling the underlying asset at high-
est price over the option’s horizon while the owner of the lookback call
would have the benefit of buying at the lowest price. The owner of a look-
back straddle would have the benefit of the difference of the maximum and
minimum price of the underlying asset over the straddle’s time horizon.

When only examining times of extreme equity moves, Fung and Hsieh
are able to explain about 61 percent of the variation in trend-following
returns. The time period of this study runs from January 1989 through
December 1997. The key variables in explaining trend-following returns are
lookback straddles on U.S. bonds, dollar/mark exchange, wheat, and silver.
Lookback straddles on short rates (eurodollar and short sterling) and dol-
lar/yen exchange are also noted as contributing factors. On a stand-alone
basis, lookback straddles on currencies have the highest explanatory power,
followed by commodities, short-rates and bonds.

When one performs this same set of regressions over the full sample,
rather than just during extreme equity moves, CTA returns are linked once
again to lookback straddles on commodities, currencies, and bonds; these
variables, however, now only explain about 47 percent of the variation in
trend-following returns.

Fung and Hsieh (2003) provide out-of-sample results of their model.
Their model accurately predicts that trend followers would do well during
three of the four large equity declines since the beginning of 1998. But like
the momentum indices approach, the lookback straddle methodology can-
not capture the magnitude of returns (again likely due to the dynamic
nature of leverage used by trend followers).

APPROPRIATE METRICS FOR COMPARING 
MANAGED FUTURES STRATEGIES WITH 
HEDGE FUND INVESTMENTS

As noted earlier, successful trend followers tend to do well in the face of
extreme equity market returns and generally have a low correlation to the
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equity market. As such, one might expect trend followers to compete with
other hedge fund strategies as a diversifying investment in a traditional
stock/bond portfolio. Yet, as noted before, CTAs represent only about 
5 percent of the overall hedge fund market. One may wonder why this
number is so low.

A key metric for comparing strategies is the Sharpe ratio, the excess
return divided by the standard deviation. And on this risk-adjusted return
metric, trend followers are not as attractive as other hedge fund strategies.
However, it is useful to examine two frameworks that are more favorable
to trend followers.

Portfolio Skewness

This section briefly explains how taking into consideration the higher
moments of an investment’s return distribution will put CTAs in a more
favorable light. But before doing so, we build an economic argument
that explains why the higher moments of an investment’s return distri-
bution matter.

The first thing to understand is how a strategy earns its returns. As
noted in Till (2001b), multiple sources of risk besides the market risk fac-
tor can produce high average returns. If an investor passively bears any of
these risks, the investor will earn a return that is not conditioned upon
superior information. There may be large losses from bearing one of these
risk factors, resulting in a short option–like return distribution, but the
returns over time are sufficient to make the activity profitable. These
returns are called risk premia.

A number of hedge fund strategies appear to be earning risk premia. In
other words, they earn returns because they are performing an economic
function, which involves some form of risk transfer. For example, one could
argue that a relative-value bond fund earns its returns by taking on the illiq-
uid assets that international banks wish to get rid of when banks reduce
risk. The fund hedges this risk by shorting liquid assets. A relative-value
bond fund thereby provides reinsurance for financial institutions, but it also
exposures the fund to liquidity crises. An examination of empirical data
shows that relative-value bond funds have short option–like returns. An
investor in such funds assumes the risk of systemic financial distress and
provides other investors with the flexibility of being able to readily liquidate
their investments. A relative-value bond fund is in essence providing real
options to other investors.

One issue with the Sharpe ratio is that it can inadvertently favor short
option strategies. One may be earning premia in compensation for taking
on the risk of rare events. In other words, by undertaking a maximum

486 STATISTICAL PROPERTIES OF HEDGE FUND

c23_gregoriou.qxd  6/23/05  4:15 PM  Page 486



Sharpe ratio strategy, an investor may be accepting negatively skewed
returns in exchange for improving the mean or variance of the investment.

To the extent that a portfolio of hedge funds contains strategies that
have short-option-like profiles, allocations to CTAs with their long-option-
like profiles may provide helpful diversification benefits. This suggestion
particularly comes to mind when viewing panels A and B of Figure 23.6.

Framing the matter in a concise statistical fashion, the issue for
hedge fund investors, as noted by Feldman (2002), is that most hedge
fund styles achieve high Sharpe ratios at the expense of high levels of
kurtosis and negative skew. Skewness and kurtosis are the higher moments
of a statistical distribution. The mean is the first moment of a distribution,
standard deviation the second, and skewness and kurtosis the third and
fourth respectively.

Bacmann and Scholz (2003) explain that skewness describes the asym-
metry of a distribution. Positive skewness indicates that more observations
are found to the right tail of the distribution. The authors further explain
that kurtosis depends on the existence of extreme returns. The higher the
kurtosis, the more likely extreme observations. For given levels of mean re-
turns and variance, risk averse investors prefer positive skewness but dislike
high kurtosis.

Panels A and B of Figure 23.6 indicate that the arbitrage strategy has
negative skewness while the CTA strategy has positive skewness.

Amin and Kat (2003b) find evidence that when mean-variance optimiza-
tion is used to construct portfolios that include a sufficiently large number of
hedge funds, those portfolios have lower skewness as well as higher kurtosis.
They find a trade-off between improving a portfolio’s mean-variance char-
acteristics and taking on more risk of rare, but large losses.

Could the addition of CTAs with their positive skewness help in port-
folio optimization? Kat (2004b, p. 10) formally examines the role of CTAs
within both a traditional stock and bond portfolio, which may also include
hedge funds. He pays particular attention to the impact that hedge funds
and CTAs have on a portfolio’s higher moments. He finds that:

Adding managed futures to a portfolio of stocks and bonds will reduce
that portfolio’s standard deviation more and quicker than hedge funds
will, and without the undesirable side-effects on skewness and kurtosis.
Overall portfolio standard deviation can be reduced further by com-
bining both hedge funds and managed futures with stocks and bonds.

It appears that in order to view CTAs in a more favorable light, their
diversifying properties during infrequent, crisis events may need to be val-
ued more than has been the case so far.
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Beta-Adjusted Return Metric

Besides understanding the tail risk of strategies, another key attribute to
understanding and evaluating strategies is the quality of the data used to
make decisions.

As noted in Till (2004b), the principals of AQR Capital Management
have built a convincing argument in Asness, Krail and Liew (2001) that the
lack of relationship of hedge fund indices to the S&P 500 is largely due to
the reporting of stale prices for hedge fund positions. The researchers use the
Credit Suisse First Boston (CSFB)/Tremont hedge fund indices in their study.

When the CSFB/Tremont Aggregate Hedge Fund Index’s returns are
regressed on lagged returns of the equity market, they find a strong rela-
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Histogram of Monthly Returns
of the Credit Suisse First Boston Convertible Arbitrage Index (2X)

# 
o

f 
p

er
io

d
s

60

50

40

30

20

10

0

−12% −10% −8% −6% −4% −2% 0% 2% 4% 6% 8% 10%

−10% −8% −6% −4% −3% −0% 2% 4% 6% 8% 10% 12%

FIGURE 23.6 Stop Losses and Returns Distributions, Panel A
Arbitrage strategies exhibit return distributions with left tails. Arbitrage strategies
have frequent small gains (capturing the arbitrage spread) and rare but sometimes
sizable losing trades.
⇒SHORT OPTION DISTRIBUTION TYPE, 2X: two times leveraged.
Source: Molinero (2003), Slide 10.

c23_gregoriou.qxd  6/23/05  4:15 PM  Page 488



tionship between the hedge fund index and the S&P 500 during the January
1994 to September 2000 period. They compare the hedge fund index’s
returns to dated returns in the stock market and infer that hedge funds mak-
ing up the index may have been using stale pricing to evaluate their holdings.

Investors might consider hedge funds for their portfolios because they
would like to diversify away some of their equity market exposure. Given
that investment rationale, the AQR researchers recalculate the Sharpe ratio
of a number of hedge fund styles if one hedged out their true equity-market
exposure, taking into consideration the stale-pricing effect.

Table 23.6 shows the results of Asness, Krail, and Liew (2001). In this
table, Monthly Unhedged Sharpe Ratio is the unadjusted Sharpe ratio of the
hedge fund style, Monthly Beta Hedged Sharpe Ratio is the Sharpe ratio of
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Histogram of Monthly Returns
of the Carr Barclay CTA Index
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FIGURE 23.6 (continued) Panel B
CTAs exhibit return distributions with right tails. Although CTAs incur more fre-
quent small losses (due to stops), winning trades tend to be significant.
⇒LONG OPTION DISTRIBUTION TYPE
Source: Molinero (2003), Slide 10.
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the hedge fund style if it were hedged according to its relationship with the
stock market based on regressing contemporaneous returns, and Summed
Beta Hedged Sharpe Ratio is the Sharpe ratio of the hedge fund style if it
were hedged according to its relationship with the stock market, which
includes the stale-pricing effect.

Table 23.6 shows that the ranking of managed futures goes from sec-
ond from the bottom using the unadjusted Sharpe ratio, to third from the
top once one takes into consideration stale pricing and the actual equity
beta of a strategy. Thus, once one adjusts for the actual relationship of
hedge fund strategies with the equity market, CTAs are once again painted
in a much more favorable light.

CONCLUSION

Despite the small size of managed futures relative to other alternative
investment strategies, this investment strategy has risen in prominence
mainly because of its positive performance during the March 2000 to
March 2003 equity market decline. Even with an improving equity market,
investments in managed futures can be expected to grow as hedge fund
investors’ understanding of this strategy’s unique diversification benefits
becomes more widespread.
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TABLE 23.6 Annual Sharpe Ratios of Unhedged and Hedged Hedge Fund Returns,
January 1984 to September 2000

Monthly Monthly Summed
Unhedged Beta Hedged Beta Hedged

Portfolio Sharpe Ratio Sharpe Ratio Sharpe Ratio

Aggregate Hedge Fund Index 0.8 0.31 −0.4
Convertible Arbitrage 1.07 0.95 −0.11
Event Driven 1.05 0.55 −0.27
Equity Market Neutral 1.85 1.55 1.06
Fixed Income Arbitrage 0.35 0.28 −0.56
Long/Short Equity 0.94 0.39 −0.23
Emerging Markets 0.11 −0.47 −0.82
Global Macro 0.54 0.18 −0.4
Managed Futures −0.1 −0.12 0.14
Dedicated Short Bias −0.38 0.61 0.89

Source: Asness, Krail, and Liew (2001)
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CHAPTER 24
Fat-Tail Risk in Portfolios 

of Hedge Funds and 
Traditional Investments 

Jean-François Bacmann and Gregor Gawron

In this chapter we analyze the risk of portfolios mixing hedge funds, stocks,
and bonds. The risk of the portfolios is quantified by value at risk and the

expected shortfall derived from extreme value theory. This approach
enables us to take the impact of higher moments into account. We show
that the risk of a traditional portfolio is reduced when hedge funds are
added. An optimal weight of 50 percent hedge funds is found when the tra-
ditional portfolio is mostly composed of bonds. In equity-dominated port-
folios, investors should incorporate as much hedge funds as possible.
Furthermore, we examine the extreme dependence between funds of hedge
funds and stocks or bonds using multivariate extreme value theory. We do
not find any significant extreme dependence between hedge funds and
bonds. The evidence is more mixed between stocks and funds of hedge
funds. Funds of hedge funds without a significant investment in managed
futures exhibit significant dependence in the extreme with the stock market.
The August 1998 event linked to the Russian crisis and the failure of Long-
Term Capital Management is the cause of this dependence.

INTRODUCTION 

Over the last decade, hedge funds have been the fastest growing asset class of
the financial sector. According to TASS Research, the total net assets in single
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manager hedge funds are estimated to be approximately U.S.$800 billion at
the third quarter of 2003, including assets run by hedge fund managers in
privately managed accounts. The attractiveness of hedge funds may be
explained by their good performance associated with low volatility and
low correlation to traditional investments. Indeed, hedge funds are known
in the financial community to present bondlike volatility. According to
McFall-Lamm Jr (1999), hedge funds should even replace bonds in in-
vestors’ portfolios. 

However, recent evidence cast doubts on the validity of volatility as the
risk measure for hedge funds (Brooks and Kat 2002; Schmidhuber and
Moix 2001). Indeed, the returns of hedge fund indices are not normally dis-
tributed and exhibit unusual levels of skewness and kurtosis. These charac-
teristics are consistent with the complex trading strategies used by hedge
funds, which often present option-like payoffs. As a consequence, the
analysis of hedge funds based solely on mean and variance may be leading
to wrong conclusions and decisions. This is discussed by Bacmann and
Scholz (2003) in the context of performance measurement, and by Bacmann
and Pache (2004) in the context of portfolio optimization. In a recent paper,
Amin and Kat (2003b) show that while hedge funds combine well with
stocks and bonds in the mean variance framework, this is no longer the case
when skewness is considered. 

The preferences of risk averse investors to the different moments of the
return distribution imply a trade-off between these moments (Scott and
Horvath 1980; Pratt and Zeckhauser 1987). Risk-averse investors tend to
like positive skewness but dislike high levels of kurtosis. In other words, an
investor may accept more negative skewness if the variance is reduced at the
same time. Thus, the preferences of investors have strong implications for
the analysis of risk in the hedge fund world. In particular, analyzing indi-
vidually the different moments, as in Amin and Kat (2003b), impedes on
measuring the substitution effects between the moments and their implica-
tions on the portfolio allocation decision.

Here we advocate the use of extreme value theory (EVT) to investigate
the behavior of extreme events. This area of statistics enables the estimation
of value at risk and the expected shortfall under fairly general types of dis-
tributions. Value at risk and expected shortfall estimated via EVT do not
require the analyst to explicitly describe the substitution between the dif-
ferent moments. These measures rely on the standard deviation of the dis-
tribution as well as on a shape parameter describing the left tail of the
distribution. The substitution effects are treated as endogenous.

This chapter contributes to the growing literature on the risk associated
to hedge funds in two main directions. First, it carefully examines the risk
of portfolios built with stocks, bonds, and hedge funds using EVT. Several
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studies have used value at risk derived from EVT in the context of single
funds or hedge fund indices (Blum, Dacorogna, and Jaeger 2003; Gupta
and Liang 2003; Lhabitant 2003). However, none has explored the risk
properties of portfolios including stocks, bonds, and hedge funds. Second,
we measure the dependence between hedge funds and traditional invest-
ments in periods of crisis. For that purpose, we test explicitly the existence
of asymptotic dependence between hedge funds and traditional invest-
ments, namely stocks or bonds.

MEASURING THE RISK OF HEDGE FUNDS

How to Measure Risk

The definition of risk is a particularly difficult since no commonly accepted
definition of risk exists. In the financial community, risk is usually related
to the uncertainty of the future outcome of a decision made today. The dif-
ferent possible outcomes are linked to specific probabilities. Analyzing the
entire range of probabilities, the probability distribution, is not tractable in
practice. This is why simple statistical measures are used to assess the mag-
nitude of risk. The standard deviation, also known as volatility, is the most
widely used measure of risk. However, this measure relies on the assump-
tion that the return distribution is symmetric around its mean and implies
that the sensitivity of the investor is the same on the upside as on the down-
side. This very strong assumption has been challenged by the emergence of
prospect theory (Kahneman and Tversky 1979). In this framework, the
investor is more affected by a drop in wealth than by an increase. 

In order to take the asymmetry of the return distribution as well as of
the investor preferences into account, the use of downside deviation as risk
measure has been frequently advocated (Sortino and Price 1994; Bacmann
and Pache 2004). However, even though this measure is sensitive to extreme
events of the return distribution, it does not provide a full characterization
of these extreme events as defined by the extreme percentiles of the distri-
bution. In such a context, value at risk (VaR), designed to capture the max-
imum loss over a target time horizon with a given degree of confidence, is
far better suited. Value at risk has been gaining a very wide acceptance
throughout the financial community as it translates a complex risk notion
into a simple and synthetic monetary amount. Moreover, VaR serves as the
basis for regulatory requirements in terms of capital adequacy in banks and
financial institutions. In the context of hedge funds, Gupta and Liang
(2003) report that most hedge funds are well funded according to VaR and
to the guidelines from the Basel Committee on Banking Supervision.
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The major drawback of VaR is that it considers only one particular
point of the distribution. Indeed, no information is given when the loss
exceeds the VaR level. As pointed out by Artzner, Delbaen, Eber, and
Heath (1999), VaR is not a coherent risk measure because under certain
circumstances, it neglects diversification effects. Another measure, known
as conditional VaR or expected shortfall, has been designed to address this
issue. It measures the expected loss given that the loss will be exceeding the
VaR level. Contrary to VaR, the expected shortfall qualifies as a coherent
risk measure.

The estimation of VaR and of the expected shortfall relies on three dif-
ferent variables: the target horizon, the confidence level, and the estimation
model. Following Gupta and Liang (2003), we set the target horizon to one
month. The choice of the estimation model for VaR and the expected short-
fall is critical in the hedge fund context. The estimation of VaR based on the
log normality assumption of prices following the delta approximation is not
applicable for hedge funds that exhibit fat-tailed and asymmetric returns. In
order to capture the extreme tail better than the standard VaR calculation,
Li (1999) proposes to estimate VaR based on volatility, skewness, and kur-
tosis. Signer and Favre (2002) and Favre and Galeano (2002) introduce a
similar concept, with the modified VaR based on a Cornish-Fisher expan-
sion. However, this kind of approach suffers from an important drawback
in that it assumes that the first four moments exist. As pointed out by
Dacorogna, Müller, Pictet and De Vries (2001), the convergence of the
fourth moment is not guaranteed for financial data. In other words, these
quantities can always be computed but cannot be used to obtain a reliable
estimate of value at risk. Moreover, the expected shortfall cannot be derived
within the Cornish-Fisher expansion framework. As a consequence, value
at risk and expected shortfall should be estimated via a more reliable the-
ory, namely extreme value theory.

EXTREME VALUE THEORY

Extreme value theory provides a very powerful tool for analyzing risk in the
extremes. In this section, we briefly review the main aspects of EVT. A more
detailed and comprehensive description of this theory can be found in
Embrechts, Klüppelberg, and Mikosch (1997), Focardi and Fabozzi (2003),
and Focardi and Fabozzi (2004). 

Two different approaches have been employed in the EVT framework,
the block maxima method and the peak-over-threshold method. In prac-
tice, the block maxima method suffers from an important drawback. It
requires very large dataset as it considers nonoverlapping blocks (or sub-
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periods) of a given size n. Rather than dividing the data set into subperi-
ods and selecting the maximum value in each subsample, the peak-over-
threshold method offers a more efficient use of the data set, where all
values exceeding a (high) prespecified threshold are considered. The theo-
retical background of this methodology is derived by Pickands (1975).
Conditional on the event that the random variable X is larger than the
threshold u and denoting these exceedances by Y, we can define the distri-
bution function (equation 24.1) Fu called the conditional excess distribu-
tion function as

Fu(y) = P(X − u ≤ y | X > u), 0 ≤ y ≤ xF − u (24.1)

where xF ≤ ∞ = right endpoint of F

Pickands (1975) shows that the generalized Pareto distribution (GPD) is
the limiting distribution for the distribution of the excesses, Fu(y) ≈ GPDx,s(y),
for u → ∞. The GPD is defined in equation 24.2 as 

(24.2)

where s = scale parameter
x = shape parameter

The mean of this distribution exists if x < 0 and the variance exist if 
x < 1/2. More generally, the kth moment exists if x < 1/k. Redefining the
generalized Pareto distribution as a function of x with x = u + y, that is,
GPDx,s(x), the model in equation 24.3 can be derived to build a tail esti-
mate of F(x):

F̂(x) = (1 − F(u))GPDx,u,s(x) + F(u) (24.3)

In equation 24.3, Fu is replaced by the GPD, and F(u) can be estimated
by (n − nu)/n, where n is the total number of observations and nu the num-
ber of observations exceeding the threshold u in equation 24.4. This trans-
lates into the next expression for F̂(x):
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Value at risk is obtained by inverting for a given probability a, result-
ing in equation 24.5:

(24.5)

The derivation of the expected shortfall ES1−a is straightforward. It is
given by ES1−a = VaR1−a + E[X − VaR1−a | X > VaR1−a]. It can be shown in
equation 24.6 that an estimator for the expected shortfall is

(24.6)

Extreme Dependences

Measuring the risk of individual asset classes is usually not sufficient.
More insight can be gained by analyzing the dependences between the dif-
ferent classes. However, measures such as correlation are not applicable
when returns are not normally distributed (Kat 2003c). Here we measure
extreme dependences between asset classes. To our knowledge, only one
paper (Blum, Dacorogna, and Jaeger 2003) measures dependences
between hedge funds and traditional assets. However, that paper assumes
that the bivariate distributions are well described by elliptical distribu-
tions. We believe that this assumption is too strong since the distributions
of hedge fund returns are usually asymmetric. As a consequence, we apply
the concept of asymptotical dependence (Ledford and Tawn 1996, 1997).
More specifically, we test the existence of asymptotical dependences
between the different asset classes, as suggested by Poon, Rockinger, and
Tawn (2004). 

Following Poon, Rockinger, and Tawn (2004), we transform the bivari-
ate returns (X,Y) to unit Fréchet marginals (S,T). This transformation
removes the influence of the marginal aspects of the initial random vari-
ables while keeping the differences due to dependences aspects. More
specifically, the transformation can be expressed as

S = −1/log F̂X(X) and T = −1/log F̂Y(Y) (24.7) 

where F̂X, F̂Y = empirical marginal distribution functions of X and Y,
respectively
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Two different types of bivariate distributions can be identified, de-
pending on the value of the coefficient of dependence. This coefficient is
defined as

(24.8)

In this expression, we have 0 ≤ χ ≤ 1, provided the limit exists. The
extreme dependence coefficient χ represents the conditional probability of
an extreme event occurring in one variable given that an extreme event
occurs in the other. In other words, χ measures the degree of dependence
that is persistent into the limit. The random variables are said to be asymp-
totically dependent if χ > 0 and asymptotically independent if χ = 0.

When the two variables are asymptotically independent such that χ = 0,
the coefficient χ is not sufficient to describe the dependence of the two vari-
ables. Thus, Coles, Heffernan, and Tawn (1999) advocate the use of –χ,
defined in equation 24.9:

(24.9)

In this expression we have −1 < –χ ≤ 1. This quantity measures the rate
at which the conditional probability Pr(T > s | S > s) tends to zero, and is
useful for assessing the degrees of dependence at finite levels of s. In the
context of the bivariate normal distribution, –χ is equal to the correlation
coefficient.

In practice, the hypothesis –χ = 1 should be tested first. If the hypothe-
sis is rejected, –χ serves as a measure of dependence. If the hypothesis can-
not be rejected, χ is computed and serves as the measure for the extreme
dependence. In this chapter, our primary goal is to determine if hedge funds
and traditional assets are asymptotically dependent or if their dependences
drop to zero at a certain rate.

Under weak conditions, it can be shown that the estimator for –χ can be
expressed as

(24.10)

This estimator has variance Var(–̂χ) = (–̂χ + 1)2 / nu, where Z = min(T,S).
The estimator –̂χ is the Hill (1975) estimator of –χ. Moreover, –̂χ is asymptoti-
cally normally distributed. The Hill estimator can easily be used in this con-
text, as the variables have been transformed to a Fréchet distribution.
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Finally, when the hypothesis –χ = 1 cannot be rejected, the measure of
dependence, χ, is estimated by equation 24.11:

(24.11)

This estimator has variance .

EXTREME RISK IN INDIVIDUAL ASSET CLASSES 

Here we present the data used in our analysis and estimate the value at risk
and the expected shortfall of stocks, bonds, and hedge funds.

Data

We use several indices as proxies of asset classes. We use the Morgan Stanley
Capital International (MSCI) World (total return) for stocks, the Citigroup
Global Government Index for bonds, and the Hedge Fund Research Inc.
(HFRI) fund of funds composite index for hedge funds. There are at least
four reasons to choose a fund of funds (FoF) index as representative for the
hedge fund universe:

1. As mentioned by Fung and Hsieh (2002b), an FoF index is less subject
to the various biases in hedge fund databases, such as survivorship bias,
selection bias, and backfill bias.

2. Funds of funds invest in funds that are not necessarily listed in any
database and thus provide a better and larger coverage of the whole
sector.

3. Funds of funds constitute well-diversified portfolios. This implies that
an FoF index is less sensitive to operational risk.

4. More and more institutional investors choose FoFs as investments.

We consider additional fund of funds indices because the number of FoFs
being offered has grown over the last few years. Hedge Fund Research (HFR)
provides a classification of FoF into four different categories. We investigate
whether the choice of the fund of funds index has an impact on the risk
behavior of the portfolios built out of stocks, bonds, and hedge funds.

1. Funds of funds classified as conservative by HFR seek consistent
returns by primarily investing in funds that generally engage in more
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conservative strategies, such as equity market neutral, fixed income
arbitrage, and convertible arbitrage.

2. Those classified as diversified invest in a variety of strategies among
multiple managers.

3. Market defensive funds of funds invest in funds that generally engage
in short-biased strategies, such as short selling and managed futures.

4. Funds of funds classified as strategic seek superior returns by primarily
investing in funds that generally engage in more opportunistic strate-
gies, such as emerging markets, sector specific, and equity hedge.

As the number of data points is critical to our analysis, we use the max-
imum available time period, that ranging from January 1990 to August
2003. For each time series, we have 164 monthly returns. This number is
small compared to other applications of EVT that use daily or weekly finan-
cial market data. Consequently, we expect to obtain large confidence inter-
vals for our estimates.

Table 24.1 reports standard statistics on the various indices. The hedge
fund indices show the best mean return and usually smaller volatility than
bonds. Moreover, the classification of hedge fund indices is reflected in the
different statistics. The strategic FoF index shows the best returns and the high-
est volatility whereas the conservative index exhibits the smallest standard
deviation. All the FoF indices exhibit nonnormal distributions, according
to the Jarque Bera statistics. The normality cannot be rejected for the two

Fat-Tail Risk in Portfolios of Hedge Funds and Traditional Investments 499

TABLE 24.1 Statistics for Indices Representing Funds of Funds, Equities, and Bonds,
January 1990 to August 2003

Stocks Bonds Composite Conservative Diversified Defensive Strategic

Mean (%) 0.55 0.62 0.82 0.72 0.76 0.84 1.10
Volatility (%) 4.33 1.86 1.68 0.97 1.80 1.75 2.72
Skewness −0.40 0.26 −0.27 −0.52 −0.10 0.19 −0.39
Excess Kurtosis 0.27 0.10 4.06 3.57 3.96 1.35 3.30
JB Statistica 4.82 1.93 114.73 94.35 107.50 13.37 78.59
Min (%) −13.32 −3.63 −7.47 −3.88 −7.75 −5.42 −12.11
Max (%) 10.55 5.94 6.85 3.96 7.73 7.38 9.47
Correlation lag 1 −0.01 0.24b 0.31 0.31 0.32 0.10 0.29
Correlation lag 2 −0.07 −0.02 0.12 0.21 0.10 0.01 0.10
Correlation lag 3 0.01 0.01 0.01 0.05 −0.03 0.05 0.05

aJarque-Bera statistic.
bValues in bold are significant at the 1 percent level.
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traditional indices at the 1 percent confidence level. Significant autocorre-
lation at lag one is found in the hedge fund indices except the diversified
index, as well as for the bond index. At lag two we find evidence for auto-
correlation only in the conservative fund of funds index. This is consistent
with the fact that market neutral hedge funds present longer autocorrela-
tion (Lo 2002).

Risk of the Asset Classes

We analyse the risk of the different indices by computing their VaR and
their expected shortfall (ES) at several confidence levels. We compare the
VaR obtained from EVT with the VaR obtained assuming normality and
the modified VaR derived using the Cornish-Fisher expansion. The EVT
VaR and the EVT ES are computed by estimating the shape parameter of
the gross domestic product (GDP) distribution via maximum likelihood. We
first center the returns by the median of their distribution. In order to avoid
overfitting bias, we define the threshold u as the product of the percentile p
and the empirical standard deviation of the returns. The percentile p is
determined by evaluating the mean excess function as suggested by Davison
and Smith (1990). We find that the 81st percentile is a good definition of
the threshold for the different time series analyzed as it usually gives stable
results. On average, we obtain 30 exceedance points, usually ranging
between 25 and 40.

Table 24.2 displays the results for the different methods for estimating
VaR and expected shortfall. All numbers are percentages, except those for
the shape parameter. We also report several confidence levels for the VaR
and expected shortfall estimates, as well as the 95 confidence intervals. Sev-
eral observations are striking. First, the VaR derived assuming normality
always underestimates that estimated using EVT. The normal VaR is out-
side the boundaries of the 95 percent EVT confidence interval in 12 out of
14 cases. The same is true to a lesser extent for the modified VaR. The esti-
mates lie outside the previous boundaries in 9 out of 14 cases. In other
words, the normal VaR and the modified VaR provide results that are sta-
tistically different from the EVT VaR. For the MSCI world index, the mod-
ified VaR is always below the one derived assuming normality. Given that
the MSCI world shows negative skewness and slight excess kurtosis, this is
surprising. Second, all hedge fund indices except the strategic index present
lower 95 percent VaR than the bond index. For the 99 percent VaR, the pic-
ture is reversed, except for the conservative index. This is a direct conse-
quence of the fat-tail behavior of the FoF indices. In addition, the expected
shortfall shows a more robust behavior than VaR. Indeed, the expected
shortfall of the bond index is smaller than those of the hedge fund indices
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for all confidence levels. The only exception is the conservative index at the
95 percent confidence level.

Serial independence and identical distribution of returns is a key
assumption of peak over threshold method. As seen in Table 24.1, the
hedge fund and bond returns are autocorrelated at lag one (lag two for the
conservative index). We also checked for auto-regressive conditional het-
eroskedasticity (ARCH) effects, but did not find any. As suggested by Kat
and Lu (2002) and Okunev and White (2004), we unsmooth the returns
using the formula in equation 24.11:

(24.11)

where Rt = unsmoothed return
R*t = return computed from the index
p̂ = coefficient of autocorrelation at lag one

After adjusting the returns for first order autocorrelation, we check for
additional autocorrelation at longer horizons but do not find any evidence
even in the case of the conservative index. Consequently, we do not apply
any additional adjustments. Table 24.3 reports the results of the VaR and
the expected shortfall computed using the unsmoothed time series. As
expected, the VaR and expected shortfall both increase for the autocorre-
lated indices. The increase of VaR is not only due to an increase in the
underlying variance but also to a modification of the shape parameter. The
95 percent confidence intervals of the different estimates are wider than
those computed with raw returns. Finally, the order of VaR and of the
expected shortfall is not modified, and the difference between the VaR of
the MSCI World index and the other indices are still significantly reduced.

EXTREME RISK IN PORTFOLIOS OF HEDGE FUNDS,
STOCKS, AND BONDS

Portfolio Risk

In order to analyze how hedge funds, stocks, and bonds fit together, we start
by building portfolios out of the different asset classes. Contrary to Amin
and Kat (2003b), we do not run optimizations for at least three reasons.

1. Any optimization framework relies on the definition of expected returns,
which are particularly prone to errors. Consequently, the choice of
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expected returns coming from a model or from a historical perspective
influences the optimal weights of hedge funds, stocks, and bonds in 
the portfolio.

2. Optimization methods are very sensitive to errors in the different esti-
mates and tend to exacerbate the impact of the errors on the optimal
weights (Michaud 1998).

3. The behavior of institutional investors is not well captured by an opti-
mization framework. Indeed, institutional investors tend to favor limited
investment (between 1 and 5 percent) when considering the inclusion of
a new asset class in their portfolio.

We build different sets of portfolios by choosing the initial composi-
tion between stocks and bonds. Eleven sets are defined, where the alloca-
tion to stocks (bonds) ranges from 0 percent (100 percent) to 100 percent
(0 percent) in increments of 10 percent. In each of the sets, we add differ-
ent levels of hedge funds (0, 1, 5, 10, 15, and 20 percent, up to 100 per-
cent, in increments of 5 percent). When hedge funds are added to the
portfolio, the proportion of stocks (or bonds) is kept constant in the tra-
ditional part of the portfolio. In total, we analyze 242 portfolios for a
given FoF index, which corresponds to 1,210 portfolios for the five fund
of funds indices. This method provides more information than a standard
optimization would.

The unsmoothed return series of the different portfolios are con-
structed using the individual unsmoothed return series of each index. In
this context, each portfolio is constructed using the same underlying
returns. However, this implies that we do not consider any possible cross-
autocorrelation between the return series that might induce autocorrela-
tion at the portfolio level. Consequently, we also calculate the linear
autocorrelation for each portfolio; no significant autocorrelation has been
found at the portfolio level. The results are not reported in this chapter, but
are available upon request.

Panels A, B, and C of Figure 24.1 illustrate the different behavior,
depending on the composition of five selected traditional portfolios. The
introduction of hedge funds in a traditional portfolio reduces the risk, as
measured by VaR and ES, for all the considered cases. The optimal level
depends strongly on the initial traditional portfolio composition and on the
type of fund of funds added. For example, when the traditional portfolios
contain mostly stocks, the VaR and the ES are strictly decreasing to the VaR
and the ES of the individual FoF. In other words, these portfolios should
contain as many hedge funds as possible. On the other side, when the tra-
ditional portfolio contains mostly bonds, diversification effects can be
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achieved. In the overall portfolio we find an optimal allocation of between
50 and 60 percent for hedge funds and between 40 and 50 percent for
bonds. Moreover, the reduction of VaR and ES is significant at the 5 per-
cent confidence level. For example, the VaR and ES of a bond only portfo-
lio are 3.79 and 4.57 percent, respectively. When 50 percent composite FoF
are added to this portfolio, the VaR and ES drop to 2.48 and 3.39 percent,
respectively. The upper limit of the confidence intervals for VaR and ES
become 3.01 and 4.39 percent, respectively.

The characteristics of the FoF index added to the traditional portfo-
lio have a strong impact on the risk profile of the blended portfolio. The
lowest risk reduction is achieved with the strategic index, likely due to the
high risk behavior of the index. The most important reduction of risk is
obtained with the conservative index when the traditional portfolio con-
tains mostly bonds. In the case of the addition of market defensive fund
of funds to the traditional portfolio, we find an optimal allocation of
hedge funds for each traditional portfolio. The level of hedge funds to be
added is a function of the composition of the traditional benchmark. In
other words, the market-defensive category provides a different risk pro-
file and brings diversification regardless of the initial traditional portfo-
lio. Market defensive funds of funds are overweighed toward managed
futures and short sellers. Our findings are consistent with those of Kat
(2004b) that managed futures substantially reduce the risk of traditional
portfolios. From a risk perspective, a hedge fund portfolio should contain
managed futures in order to diversify the extreme risk in the traditional
portfolio part.

As the choice of the threshold is critical in the EVT framework, we
explore the impact of this choice. As already mentioned, we use a paramet-
ric definition of the threshold corresponding to the product of the percentile
p of the standard normal distribution and the empirical standard deviation
of the return time series. We consider three different percentiles, the 75th,
81st (the usual one), and 85th. Figure 24.2 summarizes the results for
selected portfolios. We do not find significant differences between the
results of the various thresholds.

Extreme Dependences

So far, we have shown that hedge funds fit well in a traditional portfolio.
Indeed, they are able to reduce the risk of the different traditional portfo-
lios. However, when building portfolios, the dependence between hedge
funds and the other asset classes is treated as endogenous. In this section,
we explicitly evaluate the extreme dependence between the different assets
as defined in the context of multivariate EVT.
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We start by estimating the parameter –χ for each pair of assets without
boundaries. We perform the next test of the null hypothesis H0 versus the
one-sided alternative H1 on this parameter:

H0 : –χ = 1
(24.12)

H1 : –χ < 1

If the parameter –χ is not significantly less than unity, we cannot rule out
the possibility of asymptotic dependence. In this case, it is conservative to
examine the tail dependence coefficient χ under the assumption that –χ = 1.

Tables 24.4 to 24.6 report the different values for the extreme depend-
ence coefficients and their associated standard errors in parentheses. A bold
value indicates that the estimates are smaller than one, using the one-sided
test in equation 24.12 at the 5 percent level. The parameters –χ displayed in
Table 24.4 are of the same magnitude or even smaller than the ones
reported by Poon, Rockinger, and Tawn (2004) for different stock markets.
In particular, none of the parameters is above one even though they were
not constrained. However, the standard errors in our study are larger since
our sample size is small. Despite this, several conclusions can be drawn.
First, we do not find any evidence of asymptotic dependence between hedge
funds and bonds. The market-defensive fund of funds index is even nega-
tively related to the bond index. These findings may be related to the reduc-

510 STATISTICAL PROPERTIES OF HEDGE FUND

TABLE 24.4 Estimates of the –χ Parameters on Indices Representing Funds of Funds,
Equities, and Bonds, January 1990 to August 2003

Stocks Bonds Composite Conservative Diversified Defensive Strategic

Stocks 0.19 0.53 0.51 0.46 0.18 0.68
(0.23) (0.31) (0.30) (0.29) (0.24) (0.34)

Bonds 0.12 0.22 0.24 −0.10 0.29
(0.22) (0.25) (0.25) (0.18) (0.26)

Composite 0.80 0.73 0.41 0.70
(0.36) (0.35) (0.28) (0.34)

Conservative 0.90 0.35 0.67
(0.38) (0.27) (0.33)

Diversified 0.36 0.77
(0.27) (0.35)

Defensive 0.25
(0.25)

Strategic

Note: Values in bold indicate an estimate smaller than 1 at the 5 percent level.
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tion of value at risk and expected shortfall in portfolios dominated by
bonds and hedge funds. The optimal composition found previously is a
direct consequence of the absence of extreme dependence between hedge
funds and bonds.

Second, the stock market index and several fund of funds indices,
namely the composite, conservative, and strategic indices, are asymptoti-

Fat-Tail Risk in Portfolios of Hedge Funds and Traditional Investments 511

TABLE 24.5 Estimates of the –χ Parameters on Indices Representing Funds of Funds,
Equities, and Bonds, January 1990 to August 2003

Stocks Bonds Composite Conservative Diversified Defensive Strategic

Stocks 0.45 0.45 0.43
(0.08) (0.08) (0.08)

Bonds
Composite 0.58 0.82 0.71

(0.11) (0.15) (0.13)
Conservative 0.49 0.50

(0.09) (0.09)
Diversified 0.64

(0.12)
Defensive
Strategic

Note: Values in bold indicate an estimate smaller than 1 at the 5 percent level.

TABLE 24.6 Estimates of the –χ Parameters on Indices Representing Funds of Funds,
Equities, and Bonds, January 1990 to August 2003, with August 1998 Removed

Stocks Bonds Composite Conservative Diversified Defensive Strategic

Stocks 0.20 0.31 0.45 0.29 −0.15 0.45
(0.24) (0.26) (0.29) (0.26) (0.17) (0.29)

Bonds 0.18 0.28 0.30 −0.11 0.38
(0.24) (0.26) (0.26) (0.18) (0.29)

Composite 0.66 0.69 0.22 0.55
(0.33) (0.34) (0.24) (0.31)

Conservative 0.72 0.17 0.42
(0.34) (0.23) (0.29)

Diversified 0.15 0.74
(0.23) (0.35)

Defensive 0.03
(0.21)

Strategi

Note: Values in bold indicate an estimate smaller than 1 at the 5 percent level.
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cally related. The diversified and market-defensive indices do not exhibit
extreme dependence with the stock market. For the diversified index, its
constituents are well diversified across the strategies covered by hedge
funds. This implies that this type of fund of funds is exposed to a wide
range of sources of risk, which reduces the link to the stock market. The
results obtained with the market defensive index are consistent with previ-
ous findings showing that managed futures provide some downside protec-
tion to equity markets (Kat 2004b). Again, this is consistent with the strong
reduction of value at risk and expected shortfall when the market-defensive
index is added to portfolios containing mostly equities. Moreover, the 
market-defensive index exhibits a different behavior from the other fund of
funds indices. Indeed, all the hedge fund indices, except the market defen-
sive, present asymptotic tail dependence.

Table 24.5 displays the estimated asymptotic dependence coefficient χ
for the pairs displaying a parameter –χ not statistically different from one.
The link between hedge fund indices is stronger than that between hedge
fund indices and the stock market index. In Table 24.6, we attempt to
determine the cause of the dependence in the tails between the different
indices. We eliminate the observation for August 1998, which corresponds
to the Russian crisis. This crisis reflects a global liquidity crisis that affected
primarily relative value arbitrage hedge funds, such as Long-Term Capital
Management, as well as equity markets. All the tail dependence coefficients
–χ are reduced and the extreme dependence between hedge fund indices and
the stock market is no longer significant. However, most of the hedge fund
indices are remaining dependent in the extreme. We conjecture that hedge
funds are able to control their market risk but may be strongly impacted by
extremely bad liquidity conditions.

CONCLUSION 

In this chapter we analyze the behavior in the extreme left tail of funds of
hedge funds, stock, and bond indices. Unlike Amin and Kat (2003b), we do
not analyze individually the first three moments of the distribution without
measuring substitution effects. Instead we use extreme value theory to esti-
mate value at risk and expected shortfall. This enables us to evaluate and
to compare the risk of the different asset classes, taking higher moments
into account. 

We find that the benefits of the inclusion of hedge funds in a traditional
portfolio depend on the initial composition of the portfolio and on the type
of hedge fund added to the portfolio. When the initial portfolio is domi-
nated with stocks, inclusion of every type of fund of funds reduces the risk,
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as measured by value at risk and expected shortfall. If the added funds of
hedge funds are mostly managed futures, the risk reduction of an equity-
dominated portfolio is bigger. An optimal level for minimizing risk is
obtained with approximately 80 percent invested in funds of hedge funds.
When the initial portfolio is composed mostly of bonds, the optimal com-
position corresponds to approximately 50 percent invested in funds of
hedge funds.

We also examine the asymptotic dependence between hedge funds and
traditional investments using two nonparametric measures. We do not find
any statistical evidence of dependence between hedge funds and bonds.
Some fund of funds indices and stock markets present statistically signifi-
cant asymptotic dependence. This is not the case for funds of hedge funds
consisting mostly of managed futures. This finding is consistent with the
diversification effects brought on by mixing equities and market-defensive
funds of funds. Furthermore, we find that the asymptotic dependence
between hedge funds and stocks is a consequence of the events of August
1998. Consequently, it would be interesting to investigate whether liquidity
is responsible for the extreme link between equity indices and hedge funds.
This is left for future research.

Fat-Tail Risk in Portfolios of Hedge Funds and Traditional Investments 513
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CHAPTER 25
Skewing Your Diversification 

Mark S. Shore 

This chapter reviews the performance metrics and use of alternative asset
allocations within a traditional asset portfolio. We that show that the

returns of most asset classes are not normally distributed, as modern port-
folio theory assumes. Instead, the returns are asymmetrical to the right or
left, which justifies the use of higher statistical moments such as skewness
and kurtosis in describing returns distribution. Indeed, the first and second
statistical moments (mean and variance) are not sufficient alone to deter-
mine risk-adjusted returns of a portfolio. Utilizing higher moments in con-
junction with volatility parsed between upside and downside returns, we
demonstrate how managed futures and hedge funds perform individually
and simultaneously as diversifiers in a traditional portfolio.

INTRODUCTION 

As the realization of asset allocation has found itself in the vocabulary of
many investors in recent years, it is interesting to view the upside return/
downside return volatility (the standard deviation ratio or S-ratio), skew-
ness, correlations, and returns in traditional portfolios when managed
futures and hedge funds are introduced into the portfolio.

For years, investors would diversify their portfolios with the use of
stocks, bonds, and cash. Harry Markowitz’s (1952) mean-variance work

515
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assisted the advancement of portfolio diversification. Darst (2003) points
out during the 1930s, asset allocation was defined as 60 percent bonds and
40 percent equity. By the 1960s, the U.S. economy was growing and the
asset allocation model shifted to 60 percent domestic equity, 30 percent
bonds, and 10 percent cash. By the 1990s, sophisticated investors were inte-
grating absolute-return strategies such as hedge funds and managed futures
into their portfolios.

The objective of this chapter is to understand how managed futures
and hedge funds affect a traditional portfolio when allocated individually and
simultaneously. Schneeweis and Spurgin (2000b) stress the benefits of
including alternative investments in traditional portfolios. The issue of inde-
pendent returns of these investments is not as important as how they may
benefit the overall portfolio. We discuss this point later in the chapter.

The first and second statistical moments, better known as mean and
variance, are conventional tools that determine the risk and return of an
investment. The third and fourth moments, skewness and kurtosis, have
been receiving greater attention in recent years by academics and practi-
tioners. Skewness relates to the symmetrical characteristics of the return
distribution. Returns shifted toward the right (left) create positive (negative)
skewness and cause asymmetrical returns distributions. When considering
components of a portfolio, one must consider the coskewness of each com-
ponent and how portfolio skewness is affected when a new asset is intro-
duced. Harvey and Siddique (2000) define coskewness as the component of
an asset’s skewness related to the market portfolio’s skewness. Coskewness
may be utilized to reduce volatility shocks to the portfolio. Kurtosis
describes the fatness of the tail by the peak or flatness of the distribution.
The higher the excess kurtosis of the return distribution, the lower is its
peak. Bacmann and Scholz (2003) describe a higher kurtosis as a greater
probability for extreme returns.

Positive skewness of returns reflects the potential for greater variance
of positive returns than negative returns. This is a desirable property for
most investors. Kraus and Litzenberger (1976) support rational investor
preference for positive skewness and reduced volatility. As Till (2002)
writes, the use of the mean-variance metric is most appropriate when an
investment’s return distribution is symmetrically distributed. If this risk
measure is used for asymmetrically distributed investments, it implies that
investors are indifferent between upside risk and downside risk. To assume
investors are indifferent between gains and losses contradicts the behavioral
finance work of Kahneman and Tversky (1979) on prospect theory of loss
aversion, according to which an investor’s preference of losses carries more
weight than similar gains on a utility curve. This preference justifies inves-
tigating the downside risk of a portfolio. By avoiding the third and fourth
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moments, investors may overlook how the components of a portfolio com-
pliment or decay the long-run effects of a portfolio. 

If a return distribution is asymmetrical, an investor must consider if the
investment is prone to greater variance of positive or negative returns. One
could argue positive (negative) skewness is similar to long (short) option
position because the payoff structure is similar to buying (writing) options.
Agarwal and Naik (2004) find many hedge fund strategies have negative
skewness. This is due to dynamic trading strategies that create payoff struc-
tures similar to writing puts, which induces greater left tail risk. Managed
futures are more prone to long optionality observed in the positive skew-
ness and therefore less left-tail risk. This is due in part to the tendency for
commodity trading advisors (CTAs) to be trend followers.

According to Sharpe (1994), the mean and variance are adequate for char-
acterizing normally distributed returns. Analyzing nonnormal return distribu-
tions using only the mean and variance is not recommended. Most asset classes
are not normally distributed. Some of the assumptions of the Sharpe ratio are
that historic returns have some predictive ability, that the mean and variance
are sufficient for evaluating the portfolio risk/return profile, that investments
should have similar correlations (an investment with a smaller correlation to a
portfolio, such as alternative investments, may add greater value with a smaller
Sharpe ratio), and finally, that the distribution is symmetric.

Kat (2004b) found that hedge funds and managed futures may com-
plement each other in a portfolio, but only when managed futures receive at
least 45 to 50 percent of the alternative allocation. Kat (2004b) used the Stan-
dard & Poor’s (S&P) 500 index, the 10-year Salomon Brothers Government
Bond index, a median equally weighted portfolio of 20 hedge funds, and the
Stark 300 index to benchmark managed futures. His test period ran from
June 1994 to May 2001.

To test for benchmark robustness we use the S&P 500, the Citigroup
Corporate Bond index (formerly Salomon Corporate Bond index), the
Hedge Fund Research (HFR) Fund of Fund index, and the Center for Inter-
national Securities and Derivatives Markets (CISDM) Public Fund index
(formerly Zurich Public Fund index). Descriptive statistics on these indices
appear in Table 25.1.

We form five portfolios with these allocations:

1. 100 percent stocks
2. 60 percent stocks and 40 percent bonds
3. 60 percent stocks, 30 percent bonds, and 10 percent hedge funds
4. 60 percent stocks, 30 bonds, and 10 percent managed futures
5. 60 percent stocks, 30 percent bonds, and 5 percent each of hedge funds

and managed futures

Skewing Your Diversification 517
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The 10 percent allocation to alternative assets in the last three portfolios
allows for more potential of noncorrelation among the portfolio compo-
nents. We tested each portfolio, not so much for their returns, but to exam-
ine how volatility and skewness are affected when hedge funds and managed
futures are introduced. Portfolios 3 and 4 also test for efficiency of alloca-
tion, where efficiency is defined as improved portfolio skewness and reduced
downside risk. The results are presented in Table 25.1 and indicate that man-
aged futures are more allocation efficient than hedge funds.

Brooks and Kat (2002) test various hedge funds indices and found the
return distributions to be asymmetrical or nonnormal because of negative
skewness and positive excess kurtosis, causing an overstatement of risk-
adjusted returns when based on the Sharpe ratio. Their study found hedge
fund indices to be highly correlated to the stock market. 

The indices used in this chapter cover domestic and international equi-
ties, bonds, hedge funds, and managed futures. Only the CISDM Public
Fund index and the Barclay CTA index, both representing the managed
futures industry, show positive skewness. The Barclay CTA index, the
CISDM Public Fund index, and the HFR Fund of Fund index are calculated
net of expenses. The annualized standard deviation of the alternative asset
indices is lower than that of the equity indices. The S-ratio better indicates
whether volatility originates more from positive or negative monthly
returns. An S-ratio above one implies positive months result in greater
volatility than negative months. If an investment has greater dispersion of
positive returns than of negative returns, the resulting positive skewness
should add value to the portfolio. In fact, the results of Table 25.2 support
this contention. On a risk-adjusted basis determined by the S-ratio, the
indices are ranked as CISDM, Barclay, Citigroup, HFR, EAFE, S&P 500,
Nasdaq, and Dow Jones.

The average monthly returns and total returns are similar across the
four combined portfolios. When 40 percent of assets in Portfolio 1 are allo-
cated to bonds, the annual standard deviation and returns are reduced by
36 and 11 percent, respectively (Portfolio 2). Skewness and kurtosis also
show improvement. The reduction of volatility is seen in the reduced dis-
persion between the monthly maximum and minimum returns, the average
positive and negative months, standard deviation of the positive and nega-
tive months, and the S-ratio. Although the S-ratio is still below one, it did
improve. The S-ratio improved with skewness, reflecting a positive rela-
tionship between skewness and the S-ratio. Indeed, both metrics measure
the variance of positive and negative monthly returns.

The skewness of the HFR index (−0.29) is an improvement over the
skewness of Portfolio 2 of −0.39. Allocating 10 percent to hedge funds
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diminishes the skewness of Portfolio 3, to −0.47. This reduction of skew-
ness is coupled with high excess kurtosis of hedge funds (4.25) and causes
the kurtosis of Portfolio 3 to increase from 0.26 to 0.49. A portfolio of
decaying skewness and higher kurtosis is not an investor’s ideal scenario, as
it may increase tail risk. The standard deviation marginally increases from
9.7 to 9.77 percent. The S-ratio finds the negative returns increase volatil-
ity while the volatility of positive returns remains stable from Portfolio 2 to
Portfolio 3. This is supported by the slight decay of the average down
month in Portfolio 3 from Portfolio 2, while the average up month
remained constant.

On the flip side, the CISDM index has a skewness of 0.51 and a kur-
tosis of 1.25. When 10 percent is allocated to the CISDM index, the skew-
ness of Portfolio 4 improves from −0.47 to −0.24. The S-ratio increases

520 STATISTICAL PROPERTIES OF HEDGE FUNDS

TABLE 25.2 Descriptive Statistics of the Five Portfolios, January 1990 to 
December 2003

Portfolio Portfolio Portfolio Portfolio Portfolio 
(1) (2) (3) (4) (5)

Monthly Average 0.97% 0.86% 0.87% 0.85% 0.86%
Return

Monthly Standard 4.35% 2.80% 2.82% 2.73% 2.77%
Deviation

Annual Return 11.60% 10.33% 10.50% 10.20% 10.35%
Annual Standard 15.07% 9.70% 9.77% 9.47% 9.59%

Deviation
Total Returns 329.86% 295.76% 304.39% 289.81% 297.15%
Skewness –0.46 –0.39 –0.47 –0.24 –0.36
Kurtosis 0.50 0.26 0.49 0.26 0.34
Monthly Maximum 11.40% 8.08% 8.22% 9.34% 8.78%
Monthly Minimum –14.50% –8.62% –9.39% –7.86% –8.62%
Information Ratio 0.77 1.07 1.07 1.08 1.08
Sharpe Ratioa 0.44 0.55 0.56 0.55 0.56
Average of + Months 3.63% 2.48% 2.48% 2.36% 2.44%
Average of – Months –3.53% –2.21% –2.25% –2.25% –2.20%
Standard Deviation 2.50% 1.65% 1.65% 1.70% 1.66%

+ Months
Standard Deviation 2.91% 1.77% 1.84% 1.61% 1.73%

– Months
S-Ratio 0.86 0.93 0.90 1.06 0.96

aThe Sharpe ratio is calculated using a risk-free rate of 5 percent.
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above one as the positive volatility increases and the negative volatility
decreases. The monthly maximum return increases from 8.22 to 9.34 per-
cent and the monthly minimum return increases from −9.39 to −7.86 per-
cent. The CISDM index has a relatively low Sharpe ratio, yet it improves
the portfolio’s risk-adjusted returns. As pointed out by Sharpe (1994), an
investment with a low Sharpe ratio and low correlation to the portfolio may
be a good diversifier for the portfolio. The improvement of the risk/return
profile demonstrates the addition of noncorrelated assets to a highly con-
centrated portfolio has the potential to reduce downside volatility more
than it reduces returns. 

We find hedge funds exhibit asymmetrical distributions with negative
skewness and high excess kurtosis, a high correlation of hedge funds to
equity indices, and a noncorrelation of managed futures to equities (see
Table 25.3) confirming the finding of Brooks and Kat (2002). This is not
surprising in light of Till’s (2003b) finding that 60 percent of hedge funds
in the HFR universe are equity-based strategies.

Table 25.3 presents the correlations of alternative investments to tradi-
tional investments. For example, the HFR Fund of Funds index shows a
correlation of 0.42, 0.38, 0.53, and 0.36 to the S&P 500, DJ, Nasdaq and
MSCI EAFE indices, respectively. The correlations of the CISDM index to
the benchmarks are −0.14, −0.15, −0.22, and −0.11, respectively. These
results point to a stronger positive correlation of hedge funds to equities
than managed futures. From January 1990 to December 1999, the cor-
relation of the HFR index to the S&P 500 remained at 0.42, while that of
the S&P 500 to the CISDM index was 0.01. This suggests that, since 2000,
managed futures have become more negatively correlated to the S&P
500 index.
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TABLE 25.3 Correlations of Each Benchmark, January 1990 to December 2003

S&P 500 Citigroup DJ Nasdaq HFR CISDM Barclay EAFE

S&P 500 1.00 0.26 0.93 0.80 0.42 –0.14 –0.17 0.64
Citigroup 1.00 0.19 0.14 0.19 0.26 0.17 0.15
DJ 1.00 0.67 0.38 –0.15 –0.19 0.64
Nasdaq 1.00 0.53 –0.22 –0.22 0.54
HFR 1.00 0.15 0.21 0.36
CISDM 1.00 0.93 –0.11
Barclay 1.00 –0.14
MSCI EAFE 1.00

c25_gregoriou.qxd  6/23/05  4:20 PM  Page 521



Identifying assets to include in a portfolio based on correlations is best
done in conjunction with metrics that use higher moments. On a four-year
rolling basis, the skewness of each index has varied, but the S&P 500 and
HFR indices both exhibited negative skewness during much of the 14-year
observation period running from January 1990 to December 2003. The
negative skewness of the HFR index and the S&P 500 index occurs at sim-
ilar instances, as illustrated in Figures 25.1 and 25.2, panels A and B. The
CISDM index also exhibited varying skewness, but became negative only
once during the observation period. This suggests that managed futures are
more efficient diversifiers.

Figure 25.3 supports the argument of adding positively skewed invest-
ments to a naturally negatively skewed portfolio. The benchmarks and
portfolios are clustered in the northwest corner of the chart, with the excep-
tion of the CISDM benchmark. There is modest dispersion of returns
among the portfolios. As noted earlier, Portfolio 3 introduces hedge funds
to a stock and bond portfolio and creates greater negative skewness and
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FIGURE 25.1 Four-Year Rolling Skewness of the CISDM Public Fund Index,
January 1990 to December 2003
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FIGURE 25.2 Four-Year Rolling Skewness, from January 1990 to December 2003,
Panel A: HFR Fund of Fund Index

FIGURE 25.2 (continued) Panel B: S&P 500 Index
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increased volatility. Portfolio 4 introduces managed futures into a stock and
bond portfolio and improves both skewness and volatility. Note the loca-
tion of Portfolio 2, a stock and bond portfolio, in Figure 25.3. Allocating
either managed futures (Portfolio 4) or an equal allocation of managed
futures and hedge funds (Portfolio 5) improves the skewness.

Figure 25.4 illustrates the annual average returns versus the negative
standard deviation for each benchmark and portfolio. The conclusion is the
same as for Figure 25.3. The allocation to managed futures or managed
futures with hedge funds improves the risk-adjusted returns (Portfolios 4
and 5) relative to stocks and bonds only (Portfolios 1 and 2). The portfolio
returns are once again clustered, and Portfolio 4 shows less downside risk.

CONCLUSION

The Sharpe ratio may overestimate the risk-adjusted returns by deempha-
sizing the downside volatility of investments containing negative skewness.
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FIGURE 25.4 Mean Annual Return to Semideviation Frontier, January 1990 to
December 2003
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The Sharpe ratio may also understate the risk-adjusted returns of invest-
ments containing positive skewness by penalizing positive volatility. To
understand risk-adjusted returns, it is necessary to know from where the
volatility originates. Managed futures have a reputation for high volatility.
When positive and negative returns are parsed, however, more volatility is
found among the positive returns than the negative returns, which leads to
positive skewness. This lends support to managed futures as an efficient
allocation that adds value to a traditional portfolio by reducing downside
risk. The S-ratio is an appropriate metric for this analysis. If the correlations
of investments are low and the monthly returns are asymmetrical, higher
statistical moments must be used to measure the coskewness and downside
risk effect to the portfolio. Even though managed futures demonstrate
greater efficiency than hedge funds, both may play a pivotal role in a tradi-
tional portfolio. Hedge funds show greater S-ratio volatility and negative
skewness, but may enhance the returns of a traditional portfolio when allo-
cated properly with managed futures.
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CHAPTER 26
Investable Equity 

Long/Short Hedge Funds:
Properties and 

Behavior 

Edward Leung and 
Jacqueline Meziani 

Are all investable equity long/short hedge fund indices created equal? 
In this chapter we examine constant and variable behavior of the betas

of several investable equity long/short indices, such as the S&P equity
long/short Index (SPELSI), using rolling regressions. We find that on aver-
age, equity long/short hedge fund returns are driven by returns of the global
equity market, size premium, and the value premium. But when we exam-
ine different subperiods, the impact of value premium becomes less robust.
The variability of these betas over time is modest, and this variability is dif-
ferent among the investable equity long/short indices.

INTRODUCTION 

Equity long/short represents the largest classification in the hedge fund uni-
verse. According to Ineichen (2003), the assets under management held by
this classification went from $39 billion (6 percent) in 1990 to $537 billion
(42.5 percent) at the end of 2001. It is therefore very important to gain a
deeper understanding of the equity long/short class of hedge funds.
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The class of equity long/short hedge funds is both broad and varied.
Managers have at their disposal a wide range of securities from multiple
geographies, sectors, and capitalization sizes. Equity options and futures,
equity index options and futures, exchange-traded funds, contracts for dif-
ference, and swaps may be deployed in addition to equity (Leung, Roffman,
and Meziani 2004; Jacobs, Levy, and Starer 1998, 1999; Lhabitant 2003;
Ineichen 2003). The manager may attempt to profit from a double-alpha
strategy, that is, may try to generate alpha from both long and short stock
positions independently. The short position serves to generate alpha, hedge
market risk, and earn interest on the short position while collecting the
short rebate.

Managers may also occasionally invest in a small number of relative
value trades that attempt to profit from the price movement of an equity,
relative to the price movement of another. Generally speaking, the net expo-
sures of equity long/short managers to long positions minus short positions
tend to have a positive bias. There is great variation in the net exposure
between long/short managers. 

High-beta funds generally have high net market exposure and are often
concentrated, while moderate-beta funds are likely to hold proportionally
more short positions that would lower net market exposure. Measuring the
equity long/short universe via fund betas allows an a priori (without access
to the fund details) selection of a variety of investment styles in the space
and more precise peer groups against which to measure style conformity. 

Low-beta funds have insignificant net market exposure or high-beta
variability and deserve more analysis to ensure that they are not better clas-
sified as equity-market-neutral funds. It is important to stress that equity
long/short funds will encompass elements also found in equity-market neu-
tral, merger arbitrage, or even special situations strategies. It is a matter of
degree that ultimately determines classification. Last, negative beta funds
employ investment methodologies and strategies that can result in a return
stream that runs counter to traditional equity market indices.

Another element that is critical to understanding equity long/short
funds is the degree to which betas vary over time and over different market
conditions. High-beta variability may indicate that the manager consis-
tently includes securities different from those in the benchmark index, that
a market-timing fund manager is deliberately controlling beta based on a
market view (Fung and Hsieh 2001), or even that a stock-picking fund
manager is concerned primarily with the fundamental characteristics of the
stocks in the portfolio and does not manage beta.

This chapter focuses on discovering factors that influence returns of
classic equity long/short hedge funds and how fund exposures change in
response to changing market conditions.
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DESCRIPTIVE STATISTICS

Table 26.1 and Figure 26.1 present the performance of various investable
equity long/short indices and other asset classes from January 2000 to May
2004. The figures show that the SPELSI outperformed the S&P Global
1200 by a huge margin and with much less volatility. The SPELSI histori-
cal return is constructed using net of fees returns from constituents. The
size premium is the difference between the S&P SmallCap 600 and 
the S&P 500, while the value premium is the difference between the S&P
500/Barra Value and S&P 500/Barra Growth. The Sharpe ratio is calcu-
lated using the annualized return of Lehman Brothers’ three-month Trea-
sury rate.

While the equity market suffered a downturn after the end of the tech
boom, equity long/short hedge funds did not. It is therefore important to
understand how equity long/short hedge funds react to this downturn in the
equity market so as to avoid losses. Did they change the exposure? If yes,
by how much? Were there other factors that impact the profitability of
equity long/short hedge funds other than movements in equity markets? We
are interested in answering these questions.

Various index providers maintain investable hedge fund indices for the
equity long/short classifications. Figure 26.2 and Table 26.2 indicate that
the S&P equity long/short index provides an excellent representation of
the equity long/short class compare to other investable equity long/short
indices. Edhec’s equity long/short index, which is a weighted average of all
equity long/short indices regardless of investability, is also included. Other

530 STATISTICAL PROPERTIES OF HEDGE FUNDS

FIGURE 26.1 SPELSI versus Other Major Asset Classes
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investable equity long/short index providers such as Hedge Fund Research
(HFR) and Dow Jones are not included because their return histories are
too short.

MODEL-CONSTANT BETAS

Using data from January 2000 to May 2004, we apply stepwise factor
regression to decompose the returns of investable equity long/short indices.
For each equity long/short hedge fund index, we regress returns of monthly

Investable Equity Long/Short Hedge Funds 531

FIGURE 26.2 Investable Equity Long/Short Indices

TABLE 26.2 Correlation of Various Equity Long/Short Hedge Fund Indices, 
January 2000 to March 2004

SPELSI
Global

Correlation SPELSI Ex-US SPELSI US CSFB FTSE Edhec

SPELSI 1.00
SPELSI Global Ex-US 0.88 1.00
SPELSI US 0.94 0.67 1.00
CSFB 0.74 0.64 0.70 1.00
FTSE 0.81 0.78 0.71 0.73 1.00
Edhec 0.91 0.73 0.92 0.80 0.77 1.00
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indices against a set of risk factors that capture hedge fund returns (equa-
tion 26.1):

(26.1)

where Rt = equity long/short index’s return at time t
bj = jth factor loadings (weights)

Fj,t = factor j at time t
et = error at time t

For example, factor 1 can be a factor that measures broad movement of
the global equity market such as the S&P Global 1200. Factor 2 can be a
factor that measures broad movement of the bond market, such as the
Lehman Global Aggregate. Factor regressions decompose the returns of each
equity long/short hedge fund index into different factor exposures so each
factor loading is an approximation of the fund’s underlying investments.

Table 26.3 presents the set of 15 factors we use on our analysis that
impact hedge fund returns.

Given the set of independent variables, we expect a classic equity long/
short hedge fund to have a statistically significant relationship with equity,

R Ft j j t
j

n

t= + +
=
∑α β ε,

1
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TABLE 26.3 Risk Factors/Independent Variables of Factor Regression

Risk Factors Proxy

Global Equity S&P Global 1200
Size Premium S&P Small Cap 600 minus S&P 500
Value Premium S&P/Barra Value minus S&P/Barra Growth
Volatility VIX
Volatility Lagged VIX (lagged 1 period)
Commodity Goldman Sachs Commodity Index
Currency Federal Reserve Bank of New York Major Currency Index (real)
Cash Lehman 3-month Treasury
Bond Lehman Global Aggregate
Mortgage Backed Lehman Mortgage Backed security Index
High Yield Lehman Global High Yield
Yield Curve Merrill 7-10 year treasury minus Merrill 3 month treasury
Yield Curve 

(lagged 1 period)
Credit Spread Lehman Int AAA minus Lehman Int BAA
UpMarket Max(Returns,0) so as to capture market timing and option-like

behavior
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size, or value premium and have no significant relationship with other asset
classes such as currency, commodity, or mortgage-backed securities (Amenc,
El Bied, and Martellini 2002). The upmarket variable is added to see if
equity long/short hedge funds can perfectly time the market. If market return
is less than zero, then its value is zero. Otherwise, its value is the market
return (Leung, Roffman, and Meziani 2004; Agarwal and Naik 2004).

Table 26.4 presents the regression results. Regression coefficients that
are statistically significant are in bold, and their corresponding p-values are
in parentheses. Independent variables that fail to reach statistical signifi-
cance are excluded by the stepwise regression.

As expected, Table 26.4 shows that returns of the major investable
equity long/short hedge fund indices in the market place have a significant
positive relationship with global equity market return and size premium.
This finding supports the conventional wisdom that equity long/short funds
have a net long bias. They usually long small-capitalization stocks and short
large-capitalization stocks, and their managers want more liquidity on the
short side. Furthermore, they have a significant positive relationship with
cash, possibly due to interest earned from short positions. These indices
also have a significant negative relationship with the value premium. This
suggests that these managers are taking long position with growth stocks
and short position with value stocks. All the regressions show decent fit, as
evidenced by the R2 values, which range from 0.42 to 0.84. We conclude
that risk factors such as equity, size premium, and value premium do a
descent job in explaining the returns of long/short equity indices.

Given the similarity of the regression results, and the results of Table
26.2 and Figure 26.2, we conclude that the S&P equity long/short index is
as representative as the other providers. Note that the investable equity
long/short index of Credit Suisse First Boston (CFSB) behaves differently
from the rest because the betas (in absolute value) for size premium and
value premium are substantially larger. The beta of yield curve is also sta-
tistically significant.

Yield curve, high yield, and credit spread also affect some of the indices,
but they are not as significant compared to equity, size premium, and cash.
For example, yield curve is a driver of the investable equity long/short
returns of CSFB, but not of the others. These secondary variables may
therefore indicate differences in constituents among the equity long/short
indices. Given that no macroeconomic variables are included, however, it is
possible that factors like yield curve and credit spread become proxies for
economic/business cycles. Indeed, credit spread widening is often associated
with economic downturns, as is an inverted yield curve.

We focus on the three main independent variables that characterize the
equity long/short returns: equity, size premium, and value premium.

Investable Equity Long/Short Hedge Funds 533

c26_gregoriou.qxd  6/23/05  4:23 PM  Page 533



534 STATISTICAL PROPERTIES OF HEDGE FUNDS

TABLE 26.4 Stepwise Factor Regression Results on Equity Long/Short Hedge Fund
Indices, January 2000 to March 2004

SPELSI 
Global

SPELSI SPELSI US Ex-US CSFB FTSE Edhec

Intercept −0.15 −0.28 −0.13 −0.49 0.47 −0.11
(0.56) (0.31) (0.71) (0.13) (0.002)** (0.59)

Global 0.24 0.33 0.15 0.19 0.15 0.3
Equity (0.0000)** (0.0000)** (0.0008)** (0.05)* (0.0000)** (0.0000)**

Size 0.18 0.19 0.19 0.41 0.24 0.21
Premium (0.0000)** (0.0000)** (0.0001)** (0.0000)** (0.0000)** (0.0000)**

Value −0.1 −0.08 −0.12 −0.22 −0.09
Premium (0.02)* (0.06) (0.02)* (0.005)** (0.006)**

Volatility −0.04
(0.13)

Lagged 
Volatility

Commodity 0.08
(0.07)

Currency

Cash 2.48 3.46 1.76 1.44
(0.006)** (0.0004)** (0.12) (0.04)*

Bond

Mortgage 
Backed

High Yield 0.11
(0.04)*

Yield Curve 1.79
(0.02)*

Lagged Yield 
Curve

Credit −0.34 −0.56 −0.7
Spread (0.1) (0.009)** (0.08)

UpMarkets

R-Square 0.69 0.8 0.42 0.69 0.59 0.84

**significant at the 5 percent level.
**significant at the 1 percent level.
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THE MODEL-VARIABLE BETAS

Our regression model for time variable betas is given in Equation 26.2.

Rt = at + b1tmarket + b2tsize + b3tvalue + et (26.2)

where, at time t:
Rt = return of Long/Short
at = value of the intercept (alpha)

b1t,b2t,b3t = value of coefficients for Market, Size, and Value
premium

et = error term

Note that the alpha and betas depend on time. A common approach to
model variable alpha and betas are rolling regressions. The advantage of
rolling regression is its simplicity, but its limitation is the dependence on the
size of the rolling window (Leung, Roffman, and Meziani 2004). In addi-
tion, rolling regressions can indicate whether the results of Figure 26.4
(later, this chapter) are robust over different time periods.

Rolling Regression: 24-Month Rolling Window

Figure 26.3 illustrates the results of the rolling alphas. The standard errors
of all the rolling regressions are adjusted for serial correlation using the
Newey-West heteroskedasticity and autocorrelation consistent (HAC)
covariance matrix estimation (Zivot and Wang 2002). We denote the 95
percent confidence intervals as “CI”.

ROLLING ALPHAS 

Figure 26.3, panels A to F, shows that the alphas are statistically insignifi-
cant because zero lies within the 95 percent confidence interval most of the
time. We therefore cannot reject the null hypothesis that alpha is different
from zero. This suggests that returns of equity long/short funds can be
explained by equity, size, and value premium. Similar to other research on
hedge funds, there is no evidence to support the claim that managerial skill
is persistent. Recall that the returns of SPELSI are net of fees, so they do not
have enough value added to offset these fees. The alphas across all equity
long/short indices decrease and stabilize around the beginning of 2003. The
rolling alphas of CSFB are mostly negative.
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Panel A: SPELSI

Panel B: SPELSI US

FIGURE 26.3 Statistical Insignificance of Alphas

Panel C: SPELSI Global Ex-US

c26_gregoriou.qxd  6/23/05  4:23 PM  Page 536



Investable Equity Long/Short Hedge Funds 537

Panel D: CSFB

Panel E: FTSE

FIGURE 26.3 (continued)

Panel F: Edhec

c26_gregoriou.qxd  6/23/05  4:23 PM  Page 537



ROLLING BETAS OF GLOBAL EQUITY 

Figure 26.4, panels A to F, shows that the beta for the global equity market
is statistically significant for most of the time period. For the SPELSI in the
United States, it fluctuates between 0.3 and 0.4, so it is fairly stable. For the
SPELSI Global Ex-US, it increases over time from virtually zero to 0.25. For
SPELSI, the result is a mixture of the two subindices. Its rolling betas also
have an upward trend but less steep compared to SPELSI Global Ex-US: its
betas range from 0.2 to 0.33. For CSFB, the pattern is slightly different from
S&P, Financial Times Stock Exchange (FTSE), and Executive Development
Hautes Études Commerciales (Edhec). The betas range from 0.1 to 0.4. It
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Panel A: SPELSI

FIGURE 26.4 Statistical Significance of Beta

Panel B: SPELSI US
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Panel C: SPELSI Global Ex-US

Panel D: CSFB

FIGURE 26.4 (continued)

Panel E: FTSE
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first increases from 0.25 to 0.4 then decreases to 0.1 and finally increases
back to 0.2. For FTSE, the pattern is similar to SPELSI Global ex-US. It
shows an increasing trend, and the betas range from 0.05 to 0.2. Finally, for
Edhec, the pattern is similar to SPELSI and the beta ranges from 0.3 to 0.35.

ROLLING BETAS OF SIZE PREMIUM

Figure 26.5, panels A to F, indicate that the rolling beta for size premium is
statistically significant most of the time. The only exception is SPELSI
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FIGURE 26.4 (continued)

Panel F: Edhec

FIGURE 26.5 Statistical Significance of Rolling Beta for Size Premium

Panel A: SPELSI
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Panel B: SPELSI US

Panel C: SPELSI Global Ex-US

FIGURE 26.5 (continued)

Panel D: CSFB
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Global Ex-US (zero lies within the 95 percent confidence interval for most
of the time) due to the possibility of S&P Global 1200 being an inappro-
priate benchmark of the Asia and European market. The general pattern of
the rolling betas is U-shaped. The betas of CSFB range from 0.1 to 0.5,
which is wider than for the other indices.

ROLLING BETAS OF VALUE PREMIUM 

Compared to the results of the regressions with constant beta, Figure 26.6,
panels A to F, indicates that the beta associated with the value premium is
statistically insignificant most of the time. The results of both the constant
and variable betas imply that the robustness of the beta for value premium
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Panel E: FTSE

FIGURE 26.5 (continued)

Panel F: Edhec
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Panel A: SPELSI

Panel B: SPELSI US

FIGURE 26.6 Statistical Insignificance of Beta Associated with the Value Premium

Panel C: SPELSI Global Ex-US
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Panel D: CSFB

Panel E: FTSE

FIGURE 26.6 (continued)

Panel F: Edhec
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is sensitive to the period being chosen or to the number of observation
being used. In our regression with constant betas, 54 observations are used
relative to 24 observations in the rolling regressions. So drivers such as
global equity and size premium are much more robust than value premium.
For the SPELSI, the pattern of the rolling betas for value premium shows an
inverted U-shape. It takes on negative values most of the time. Equity long/
short funds are therefore taking long position on growth stocks and short
position on value stocks. The patterns of CSFB and Edhec are similar. Both
show a sharp increase around June 2002 and are mostly negative, whereas
FTSE has a weak increasing trend that lies mostly in positive territory.

In general, the results of the rolling regressions indicate that the betas
of equity and size premium are robust, and that their statistical significance
is insensitive to the number of observations or time period being chosen.
The statistical significance of the beta for the value premium is less reliable.
Consistent with Fung and Hsieh (2004b), we conclude that equity and size
premium are the more reliable drivers of equity long/short returns.

CONCLUSION 

Are all investable equity long/short hedge fund indices created equal? Using
rolling regressions, we examine both constant and variable behavior of the
betas of various investable equity long/short indices. We find that on average,
equity long/short hedge fund returns are driven by returns of the global equity
market, the size premium, and the value premium. But when we examine
different subperiods over time, the impact of value premium becomes less
robust. The variability of these betas over time is modest, and this variabil-
ity is different among the different investable equity long/short indices.

Future research could focus on applying this methodology to individual
equity long/short hedge funds. This could provide more insights into under-
standing of the equity long/short class of hedge funds.
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CHAPTER 27
Hedge Funds and 

Portfolio Optimization: 
A Game of Its Own? 

Zsolt Berenyi 

Hedge funds and alternative investments make use of alternative sources
of return—this is a common belief. However, in some cases, superior

knowledge or strategy may be replaced by certain optimized portfolio com-
position strategies that do not depend on superior skills. The reason is that
industry-standard performance ratios may be subject to gambling. By using
options, it is easy to defeat most performance measures of optimized port-
folio strategies. It is often possible to modify the Sharpe ratio by using
option strategies, namely by selling out-of-the-money calls. This has been
noted in several studies.

One way to get rid of this exposure is to examine higher statistical
moments of the underlying return distribution. In this chapter we examine
those optimized option strategies that offer the most attractive returns in
terms of different performance measures. Special emphasis is placed on
multimoment, variance-equivalent performance measures. The return pro-
files of the optimized portfolio will be compared to those hedge funds. We
present useful results on optimized option strategies and how they can be
used to evaluate hedge fund performance.

INTRODUCTION 

The most important question faced by investors has been which hedge fund
to select, in terms of superior performance. It is now known that options or
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optionlike performance strategies, often used by hedge fund managers, may
be used to enhance artificially performance. The Sharpe ratio and other
common risk-value performance measures are, as evidence shows, sensitive
to option strategies. It is possible to manipulate them with plain options
(Dert and Oldenkamp 2000). This kind of manipulation is possible since
risk and reward artificially reduce the return distribution to a single num-
ber, thereby neglecting many characteristics of the underlying returns. A
growing number of studies focus on this particular issue and attempt to
identify how performance can be enhanced without superior skills and how
these manipulative strategies can be eliminated.

Using a higher-moment framework could be useful since the risk meas-
ure is designed to account for nonnormality in returns caused by optionlike
strategies (Dert and Oldenkamp 2000). In the four-moment case, for exam-
ple, the risk measure contains the mean, variance, skewness, and kurtosis to
capture any nonnormality present in return series. 

In this chapter we investigate option-based strategies with conventional
(mean-variance) as well as higher-moment (mean-variance-skewness, mean-
variance-skewness-kurtosis) measures of performance to determine optimal
portfolios for each risk/reward measure. A simple methodology is used 
to construct optimized portfolios. We calculate a set of hypothetical call
options with a maturity of one year and combine them with the underlying
and the risk-free asset. We attempt to answer these questions:

■ By using options, how can superior performance be achieved?
■ How robust are the performance measures used?
■ How many options are required to significantly enhance performance?
■ How close are the obtained option portfolios to real hedge funds?
■ Can certain funds employ such option-based strategies in order to en-

hance performance?

We expect fund managers to be discouraged from gambling behavior
when higher-moment methods are used to measure performance. The
results of this chapter can provide a tool for identifying funds that employ
option-based performance enhancement strategies. 

PERFORMANCE EVALUATION FRAMEWORK

Sharpe Ratio

The most common industry standard performance measure, the Sharpe
ratio, is defined by equation 27.1 (Sharpe 1994):
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(27.1)

where rF = the return on the risk-free asset
rp = the return on portfolio p

s (rp) = the standard deviation of the return on portfolio p

Variance-Equivalent Risk Measures
In this chapter, higher-moment-based variance-equivalent (VeR) risk meas-
ures are used to evaluate the inherent risk of an arbitrary return distribu-
tion (Berényi 2003). These risk measures are termed as variance-equivalent
since they build on market prices between expected return, variance, and
higher moments—here skewness and kurtosis only—to compute a single
variance-equivalent number. This number is a preference-neutral, market-
based evaluation of virtually any return distribution. The derivation of the
variance-equivalent measures is based on the fact that investors can trade
moments of return distributions. Note that the easiest way to obtain mar-
ket prices is through options markets.

A higher value of the risk measure indicates higher dispersion of the
possible returns around the expected return. In addition, these measures
penalize higher variance, kurtosis, and negative skewness. Since positive
skewness is attractive for the investor, it is risk decreasing. If investors do
not attach value to higher moments, the risk measure collapses back to vari-
ance. Similarly to the variance, the VeR measures can be used for perform-
ance assessment purposes in a manner completely analogous to the
conventional two-dimensional risk and reward approach.

DEFINING VARIANCE-EQUIVALENT CLASS
PERFORMANCE MEASURES: THE VER RATIO 

The most straightforward way to define distributional performance meas-
ures is to use the generalized Sharpe ratio principle. The composite per-
formance ratio is defined by substituting the variance of the Sharpe ratio
with a more general measure, in this case with the variance-skewness, or
variance-skewness-kurtosis VeR measures (Dowd 1998).

VeR-Skewness Ratio
The variance-skewness VeR ratio uses the three-moment risk setting, in
which the denominator is a risk measure containing the variance and skew-

SR r
E r r

rp
p F

p

( )
( )

( )
=

−
σ
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ness. This measure takes the form of equation 27.2, which is a reduced form
of the four-moment case 

(27.2)

where s(rp) = raw skewness of the return on asset p

= market price parameters

As described in Berényi (2003), the four-moment replicating market
pricing formula is

(27.3)

where E(rM) = expected return on the market
E(rs), E(rk) = expected return on the skewness and kurtosis

factor portfolios, respectively, each construc-
ted by nonlinear optimization that combines
the underlying with options and the riskless
asset

s(rM), s(rM), k(rM) = standard deviation, skewness, and kurtosis of
the underlying market portfolio, respectively

VeR–Kurtosis Ratio

The four-moment VeR-ratio contains, in addition to the skewness, the kur-
tosis of the underlying return distribution. This risk measure can be
described by equation 27.4: 

(27.4)

where k(rP) = kurtosis of the returns on asset p

The parameters d / t can be calculated as in equation 27.5: 
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(27.5)

In equations 27.4 and 27.5, the similarity of the variance-equivalent
measures to the Sharpe ratio makes explaining these performance measures
relatively straightforward. The economic interpretation of the VeR ratios is
intuitive. The expected excess return is compared to the risk-free rate per
unit of risk (standard deviation or VeR measures) chosen. Higher ratios
indicate portfolios with higher efficiency.

TESTING FRAMEWORK 

Options and Underlying Market

For the risk-free asset, we use the annualized average yield of the one-
month Treasury-bills. For the underlying index we choose monthly returns
from the Standard & Poor’s (S&P) 500 index over the January 1991 to
December 1999 (for the same period as the hedge funds). Amin and Kat
(2003a) also use the S&P 500 index with dynamic strategies to analyze
hedge fund performance. For options we use a set of hypothetical calls with
exercise prices spread around the current level of the S&P 500 index as
underlying. This current level is then scaled down to 100 for the sake of
simplicity. The exercise prices and additional information appear in Table
27.1. A total of eleven call options are used. We opt for using call options
only, since selling the underlying and buying a call replicates a put option.

δ
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TABLE 27.1 Information on the Applied Call Options

Option
1 2 3 4 5 6

Exercise price 80 84 88 92 96 100
Price 24.22 20.53 16.97 13.62 10.58 7.93

Option
7 8 9 10 11

Exercise price 104 108 112 116 120
Price 5.73 3.99 2.67 1.72 1.07
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Option prices are calculated using the Black-Scholes option-pricing for-
mula, using the annual average volatility of the S&P 500 based on boot-
strapped data, and assuming a maturity of one year.

Hedge Fund Data

For testing and analyzing the performance-ranking characteristics of differ-
ent measures, we use 54 hedge funds from the TASS database, with a history
of 108 months ranging from January 1991 to December 1999. We generate
bootstrapped annual returns by drawing 12 samples with replacement from
the set of monthly data and using 1,000 repetitions for each fund.

RESULTS 

Optimized Portfolios with One Option

In the first step, we analyze the properties of optimized portfolios when
only one option and the underlying index are used. The objective is to
assess whether a significant performance increase can be achieved with one
option only. Neglecting the riskless asset is legitimate since the addition of the
riskless asset should not greatly affect performance. Only one option at a time
is used for the portfolio optimizations. No further restrictions are applied.

Sharpe Optimized Portfolios

Significant performance improvement is always possible when using the
Sharpe ratio to measure performance. No superior knowledge is required to
enhance performance. It is sufficient to sell call options on the underlying.
This can be seen from the first row of Table 27.2. It shows that buying or sell-
ing one option enhances the observed performance in practically every case.
The improvement in the Sharpe ratio is between 21 and 84 percent compared
to the Sharpe ratio of the underlying index. This is a significant increase. 

The optimal strategy is usually to sell call options or, analogously, buy
puts and sell the index, either in-the-money or out-of-the-money, so as to
sell a part of the possible returns. Consequently, the price of this increase in
performance lies in selling the upside potential of the underlying return dis-
tribution. That is, fund managers sell low-probability–high-impact scenar-
ios for a fee to enhance the expected return. This, however, should not be
the optimal strategy to be followed by a fund manager. The portfolio value
distribution for the end-of-holding period (one year) and for an initial
investment appears in Figure 27.1. 
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These examples demonstrate that an optimal strategy based on the
Sharpe ratio leads to significant distortions of the original return distribu-
tion. That is, in order to enhance the Sharpe ratio, it is sufficient to reduce
the overall dispersion and throw the upside part of the value distribution
away as observed for the Sharpe optimized portfolios that appear in Table
27.2. These are by no means optimal, neither in terms of the VeR-skew
ratio, nor in terms of the VeR-kurtosis ratio. On the contrary, in terms of
the respective performance measures, they are all worse than the market
portfolio. Therefore, optimal portfolios based on the Sharpe ratio may be
suboptimal in terms of the other performance measures and also according
to common intuition, which would actually preclude such strategies as
using the Sharpe ratio.

VeR–Skewness Optimized Portfolios

We next examine optimized portfolios constructed with the underlying index
and one option each, with no riskless asset included at this stage, according
to the VeR-skew optimality rule. No additional restrictions are imposed on
the optimization setting. The results are summarized in Table 27.3. 
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The most striking result is that the optimal strategy suggests buying far-
out-of-the-money call options. It is remarkable that a small amount
invested in out-of-the-money calls can significantly improve performance.
This is in accordance with the skewness preference noted by a series of
scholars (Scott and Horvath 1980) and very much in line with the expecta-
tions that in the real world, investors prefer bets with low probability but
high positive possible outcomes. The second result is that for in-the-money
options, the optimal strategy may be not to buy but to sell call options. In
this view the results are similar to the Sharpe ratio optimized portfolios, but
with less share in options in each case. However, this increase in the skew-
ness-based performance is not significant. 

With increasing exercise prices, the optimal strategy regarding call
options changes from sell to buy. This increase in performance lies between
10 and 30 percent, which could be seen as significant if investors use the
VeR-skew ratio as a measure. The resulting portfolio value distributions for
the VeR-skewness optimization are illustrated in Figure 27.2.

The positive skewness of the optimized portfolios, except for the portfo-
lios with deep-in-the-money calls, is again remarkable. The higher the option
exercise price, the higher the skewness and the related performance ratio.
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Finally, for the Sharpe ratio and the VeR-kurtosis ratio optimizations,
the resulting portfolio value distributions are monotonically increasing like
their parent index distribution (the S&P 500); the VeR-skewness–based
optimal portfolios show a buckle in the payoff distribution, but not in the
value distribution. That is, they do not necessarily increase as the underly-
ing value distribution of the market portfolio increases.

VeR–Kurtosis Optimized Portfolios

In the third step, we examine VeR-kurtosis optimized portfolios generated
using the underlying index and one call option each. The results are pre-
sented in Table 27.4.

For the optimal portfolio, the sign of the investments in different
options is similar to the skewness case, because, for out-of-the-money
options, it is positive (optimal is buying the given call option), and, for in-
the-money options, negative (selling the calls). Selling in-the-money calls
may improve this type of variance-equivalent performance measure as well,
but not significantly. This slight increase can be attributed to the fact that
the Black-Scholes pricing formula does not always correctly reflect true
option prices (as evidenced by volatility smiles), but it is still an accepted
estimate. Figure 27.3 illustrates the portfolio value distributions resulting
from this phase of optimization.

These distributions are much like the underlying distributions, with no
extreme deviation from normality in any direction. This means the opti-
mized portfolios do not differ much from the market portfolio. Put differ-
ently, the performance increase induced from using the VeR-kurtosis ratio
is not significant. It is not possible to substantially improve hedge fund per-
formance by using a single option only. This has an important implication.
Since it is not possible to increase performance through portfolio redesign
with options, this performance ratio could be a useful tool to filter out
option-based (or dynamic) manipulation techniques. This performance
measure proves to be robust to such option strategies.

OPTIMAL PORTFOLIO WITH MORE OPTIONS 

In the next phase, we apply two optimization scenarios, with different
constraints on optimal solutions. First, we relaxed the constraint on the
number of options in the portfolio optimization at the same time. During
the optimization, we impose no restrictions regarding which options to
hold, only restrict the amount to be invested in a particular option. In the
two optimization scenarios, we restrict the maximum amount of each
option to 5 percent (Scenario 1) and 20 percent (Scenario 2) of the fund’s
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total volume. Then we restricted the amount invested in the riskless asset
as well as the underlying index to ± 100 percent (Scenario 1) and 120 per-
cent (Scenario 2) of the fund’s total volume. Under both scenarios, the
optimized portfolios should have a variance greater than or equal to the
variance of the underlying S&P 500. With this restriction, we focus on
portfolios with risk levels comparable to the market index and eliminate
portfolios that make use of pricing discrepancies with very low dispersion
(near arbitrage).

The optimization scenarios were computed by nonlinear programming
using General Algebraic Modeling System (GAMS). An overview of the two
optimized portfolios and the related performance ratios is given in Table
27.5 for Scenario 1, and in Table 27.6 for Scenario 2.

The portfolio value distributions for the one-year holding period are
contained in Figure 27.4 for Scenario 1 and Figure 27.5 for Scenario 2. An
overview of the results in the particular optimization scenarios and per-
formance ratios is given in the next three sections. 
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Sharpe Optimized Portfolio
We find the optimal Sharpe ratio strategy to be similar under both scenar-
ios. This strategy is analogous to the optimal Sharpe ratio strategy with one
option described earlier: hold a long position in the index, buy in-the-
money call options, sell out-of-the-money calls, and short the riskless asset.
We find higher negative skewness and higher kurtosis under Scenario 2.
This is not surprising and can be attributed to the higher share in options.

VeR–Skewness Optimized Portfolio
The optimal strategy for this portfolio can be described as holding long the
underlying index and holding long in-the-money options. The direction and
amount to be invested in at-the-money as well as out of-the-money options,
however, is not obvious. This likely requires a case-by-case individual
optimization. 
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TABLE 27.5 Results of the Unconstrained Optimization, Scenario 1

Sharpe VeR-Skewness VeR-Kurtosis 
Optimal Optimal Optimal
Portfolio Portfolio Portfolio

Sharpe Ratio 1.156 0.675 0.921
VeR-Skew Ratio 0.673 2.553 1.843
VeR-Kurt Ratio 0.453 0.575 0.728
Expected return 1.228 1.155 1.193
Risk measure 0.151 0.040 0.191
Standard deviation 0.151 0.151 0.151
Skewness –0.184 0.189 0.129
Kurtosis 0.235 0.255 0.215

Riskless –0.189 0.001 –0.053
S&P index 1.000 1.000 1.000
Option 1 0.050 0.050 0.050
Option 2 0.050 0.050 0.050
Option 3 0.050 0.025 0.050
Option 4 0.050 –0.050 –0.046
Option 5 0.050 –0.050 –0.030
Option 6 0.050 –0.014 –0.016
Option 7 –0.043 –0.008 –0.003
Option 8 –0.050 0.003 –0.001
Option 9 –0.016 –0.001 –0.004
Option 10 0.006 –0.050 –0.003
Option 11 –0.009 0.045 0.007
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VeR–Kurtosis Optimized Portfolio

We find several notable differences between the VeR-skewness and VeR-
kurtosis optimization cases. However, they are similar in going long the
underlying index and in-the-money call options. Furthermore, in these
cases, individual optimization is needed. Looking at the two portfolio value
distributions for Scenarios 1 and 2 in Figures 27.4 and 27.5, we find that
they have a very similar value distribution sequence. This indicates some
persistence in the strategy to be followed in the VeR-kurtosis case as well. 

Variance-skewness-kurtosis optimal portfolios are very close to the
market index, both in shape and performance. This can probably be traced
back to the robustness and insensitivity of this particular performance ratio
to manipulation techniques that use options. In this case, insensitivity
means that it is not possible to achieve a higher performance than the mar-
ket portfolio by using portfolio construction methods only. 
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TABLE 27.6 Results of the Unconstrained Optimization, Scenario 2

Sharpe Skewness Kurtosis 
Optimal Optimal Optimal
Portfolio Portfolio Portfolio

Sharpe Ratio 1.220 0.676 0.925
VeR-Skew Ratio 0.667 2.564 1.853
VeR-Kurt Ratio 0.430 0.575 0.729
Expected return 1.238 1.156 1.193
Risk measure 0.151 0.040 0.192
Standard deviation 0.151 0.151 0.151
Skewness –0.213 0.189 0.129
Kurtosis 0.283 0.256 0.216

Riskless –0.417 –0.040 –0.094
S&P index 1.000 1.000 1.000
Option 1 0.200 0.200 0.200
Option 2 0.200 0.122 0.126
Option 3 0.200 –0.200 –0.200
Option 4 0.200 –0.027 0.013
Option 5 –0.156 –0.024 –0.024
Option 6 –0.189 –0.021 –0.018
Option 7 –0.008 –0.001 –0.003
Option 8 –0.014 –0.014 –0.001
Option 9 –0.013 0.025 –0.003
Option 10 0.005 –0.070 –0.004
Option 11 –0.008 0.050 0.007
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Robustness of the Performance Measures

Higher-moment performance measures, which account for return nonnor-
mality induced by options, may be indeed suitable for performance meas-
urement. It is conceivable that option manipulation techniques that aim to
enhance performance artificially can be identified. Four-moment measures
seem to be robust enough to make gambling unprofitable. Further testing
will still be needed, but the beginning is promising.

CLOSENESS OF THE HEDGE FUNDS AND 
OPTIMIZED PORTFOLIOS 

The last issue addressed in this chapter deals with whether real hedge funds
employ such option-based performance enhancement strategies. We con-
duct a plain test to confirm whether hedge funds resemble optimized port-
folios. First, we obtain correlation coefficients between portfolio value
distributions. Then, to identify cases in which the performance ratio show
specific patterns that could be attributed to option manipulation, we com-
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pare performance measures for hedge funds with the optimized portfolios
as well as the market portfolio.

Correlation Test

The correlation coefficient can be used to compare the distributions of two
portfolios. We calculate correlation by using the 100-pin-setting value dis-
tribution of the underlying index (S&P 500) as well as the 100-pin-setting
value distribution from the three optimized portfolios obtained from Sce-
nario 1. To match these pins, we calculate 100-pin-value probability distri-
butions (but not the probability density function) of portfolio values for
each of the hedge funds by bootstrapping. Correlation coefficients can then
be readily calculated.

Findings 

The majority of the hedge funds show a strong and significant positive
correlation with the market index. Somewhat surprisingly, the correlation
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coefficients are lower for the three optimized portfolios. They are, however,
still very high. We identify only five funds where the correlation between
the fund and the VeR-kurtosis optimized portfolio was lower than the same
ratio calculated using the Sharpe optimized portfolio. Looking at the per-
formance measures of those portfolios, we find evidence to suggest that
they could indeed be using such techniques. The overall result, however,
points to no stable pattern, which could denote the presence of Sharpe
ratio–enhancing option-based strategies over the long time period under
investigation. The picture could certainly be different when examining
shorter time periods. This area still needs further investigation. 

Searching for Performance Patterns

We examine the relationship between the different performance ratios cal-
culated for all hedge funds, since we find a pattern that suggests perform-
ance ratio switching. By switching we mean a fund with a Sharpe ratio
higher than that of the optimized portfolio, but with VeR performance
ratios lower than those of the underlying index. Switching could also indi-
cate the use of Sharpe ratio–enhancing methodologies.

Findings

Among 54 hedge funds, we identify 30 with a Sharpe ratio higher, but with
VeR-skew or VeR-kurt ratio lower, than that of the market portfolio. This
may indicate the presence of some Sharpe ratio enhancement methodology
since such strategies cannot enhance all higher-moment-based ratios at the
same time. Furthermore, 19 of the 54 hedge funds had a Sharpe ratio
higher, but a VeR-skew or VeR-kurt ratio lower, than that of the Sharpe
optimized portfolio. These funds are not superior to the Sharpe optimized
portfolio, because, under certain conditions, this kind of performance can
be replicated by using options.

CONCLUSION 

We show how optimized portfolios can be built using an underlying index
and call options for different performance measures. The optimal strategies
that use one call option, as well as several options, are presented and illus-
trated for each performance measure under investigation: the Sharpe ratio,
the VeR-skewness ratio, and the VeR-kurtosis ratio. In addition, we exam-
ine the robustness of the performance measures to option-based gambling
strategies. 
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We find that the performance measure based on variance-skewness-
kurtosis (variance-equivalent) is not sensitive to option strategies in that
the performance cannot be artificially enhanced by using only options.
Hedge funds can be analyzed by using higher-moment performance ratios,
and these ratios can help distinguish between superior performance and
performance achieved by option-based manipulation only. While higher-
moment-based VeR ratios can be useful in identifying truly superior perfor-
mance, we find only weak evidence for the use of performance enhancing
option-based strategies. This can be attributable to the fact that option
strategies may change over time. This issue therefore needs to be examined
in the short term.

Our evidence suggests that some funds may have superior performance
in terms of the Sharpe ratio, but this superior performance can be traced
back in part to the presence of option-based strategies only. Thus, in terms
of higher-moment VeR performance ratios, these hedge funds do not bene-
fit from superior performance.

Hedge Funds and Portfolio Optimization 565

c27_gregoriou.qxd  6/23/05  4:26 PM  Page 565



PART

Five
Special Classes of 

Hedge Funds

Chapter 28 examines principal protected notes (PPNs) and how the main
variants of PPNs work to protect the investor’s principal. The author

analyzes how PPNs perform with respect to prevailing market conditions
either with or without leverage exposure to the underlying fund of funds.
He demonstrates an analytical approach to evaluating PPN variants based
on outcomes and argues that such an approach is required to evaluate PPNs
in relation to the investor’s risk appetite and ultimate investment aims.

Chapter 29 examines the issue of stale pricing. The authors suggest the
advantages and disadvantages investors may face if hedge funds and funds
of hedge funds maintain illiquid securities in their portfolio. As a result of
these illiquid securities, monthly returns of hedge funds that trade these
type of securities may not be accurate. 
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CHAPTER 28
Structured Products on Fund of

Fund Underlyings
Jens Johansen

Structured products on fund of fund underlyings, and in particular prin-
cipal protected notes (PPNs), have proliferated in recent years and have

become a key source of assets for funds of funds. A number of different
structures can be used to achieve principal protection. In this chapter we
describe how the main PPN variants work. These include simple as well as
path-dependent option structures and PPNs that employ the constant pro-
portion portfolio technique (CPPT) method of dynamic hedging. These
achieve the goal of protecting the investor’s principal, but do so using very
different mechanics. Using simulation on a sample of real hedge fund
returns, we examine the relative merits of each type of PPN, both with and
without leverage. We use this analysis to show how PPNs perform depend-
ing on prevailing market conditions and also with or without leveraged
exposure to the underlying fund of funds. We conclude that underlying
conditions as well as terms of the PPN do make a difference as to which
variants are more effective. Moreover, we show that an investor’s risk
appetite should matter in deciding on one PPN variant over another, even
though all PPNs provide protection of principal. We advocate an analytical
approach based on an understanding of PPN mechanics and risk appetite in
choosing the most suitable PPN for an investor’s needs.

569

This chapter draws on material from UBS (2004). The views and opinions expressed
in this chapter are those of the author and are not necessarily those of UBS. UBS
accepts no liability over the content of the chapter. It is published solely for infor-
mational purposes and is not to be construed as a solicitation or an offer to buy or
sell any securities or related financial instruments.

c28_gregoriou.qxd  6/27/05  3:12 PM  Page 569



INTRODUCTION 

Some of the people I know lost millions. I was luckier. All I lost
was two hundred and forty thousand dollars. I would have lost
more, but that was all the money I had.

—Groucho Marx on the 1929 crash (Marx and Thurber, 
1994, p. 152)

Review of the Fund of Funds Industry 

In 2001 UBS pointed out that all hedge funds are not created equal (UBS
September, 2001). In our experience, hedge funds make every effort to cre-
ate asymmetrical returns (UBS 2002a). They use risk management tech-
niques to limit losses at the minimum possible expense to upside returns.
Generally speaking, hedge funds have been fairly successful at this in the
past, as Figure 28.1 shows.

The dark bars in Figure 28.1 represent the average fund of hedge funds
net of two layers of fees. The light bars show the performance of long-only
equity investments represented by total returns of the Morgan Stanley Cap-
ital International (MSCI) World index. However, it says nothing about the
dispersion of returns. The dispersion of returns are relevant to anyone
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FIGURE 28.1 MSCI World and HFRI Fund of Funds Composite Index
Source: UBS (using Hedge Fund Research, Thomson Financial Datastream data).
Both indices are total returns in U.S. dollars, August 2004 inclusive.

c28_gregoriou.qxd  6/27/05  3:12 PM  Page 570



selecting a fund of funds (FoF) from the roughly 1,500 available to choose
from today.

The growth in FoF assets under management has also been spectacular,
particularly in recent years. In 2002 assets under single-style hedge fund
management grew by 16 percent, while assets under FoF management grew
by more than 30 percent. In 2003 FoF assets under management grew by
around 46 percent while assets under management in the hedge funds in
which fund of funds invest grew by just over 31 percent. Growth in the first
half of 2004 was even more phenomenal: The billion-dollar club (FoF with
U.S.$1 billion or more under management) managed assets worth $438 bil-
lion. Meanwhile, the first half of 2004 proved a difficult one for underlying
hedge funds. Growth in assets under management for the industry as a
whole has not kept pace with fund of funds growth.

Funds of funds are taking an increasing share of the capacity supplied
by hedge fund managers. Approximately 50 to 70 percent of new money
going into hedge funds comes from fund of funds, compared with less than
half in 2000. As a natural consequence, this will increase the pressure on
some FoF managers to invest with hedge funds of poorer average quality
than they might have done in the past.

There are three main reasons for this growth.

1. Well-established funds of hedge fund managers have forged lasting rela-
tionships in the hedge fund community. They understand the business
models and investment approaches of hedge funds, their associated
risks, and how to manage them. They therefore have a competitive
advantage over the average beginner in constructing successful portfo-
lios of hedge funds.

2. They can provide access to a diversified portfolio of hedge funds
(attractive to institutional money) with much less capital than would
otherwise be required (attractive to retail money). Many hedge funds
will not accept investments under $500,000, and some require more.
To build a portfolio of 20 hedge funds requires investment capital
amounting to roughly $10 million to $20 million. Funds of funds also
have a minimum required investment, but this is typically in the region
of $250,000. So they can provide access to hedge funds with diversifi-
cation, but for one-fortieth of the capital. Moreover, the proliferation
of structures in recent years has made it possible to invest in a fund of
funds for as little as $10,000. 

3. The regulatory environment in many jurisdictions is in the process of
easing, allowing greater access to hedge funds through fund of funds.
The most notable example is Germany, where the Investment Modern-
ization Act and tax code revision have considerably liberalized access
to hedge funds.
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Growing Pains?

Figure 28.2 shows how the number of funds of funds available has
increased dramatically since the late 1980s. As the number of funds has
grown, so has the dispersion of quarterly returns. In the figure, each verti-
cal line represents the range of quarterly returns produced, and each marker
on a line represents the quarterly return of one fund of funds.

Figure 28.2 shows that the dispersion has not only increased over the
period, but the proportion of funds producing negative quarterly returns in
any one quarter has gone up. There are a number of possible reasons for
this. One possibility is that the growth of assets seeking hedge fund man-
agement has attracted more new managers to the field and shifted assets
from talented to less talented managers. The recent growth of FoF assets
under management may exacerbate this source of poor performance.

Another possible source of underperformance is that FoF managers
may have been long particular segments of the market that have suffered
losses during market shocks, such as the Russian debt default in third quar-
ter 1998 or the bursting of the technology bubble in second quarter of
2000. Evidence of this can be seen in Figure 28.3.

Figure 28.3 shows the proportion of funds that have made large and
very large losses in each quarter. Here “large” means posting a quarterly loss
of more than 5 percent, and “very large” means posting a quarterly loss of
more than 15 percent. In this figure, the effect of the Russian debt default on
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FIGURE 28.2 Dispersion of Fund of Funds Returns, 1988 to Q2 2003 (quarterly
returns)
Source: UBS (using Van Hedge Fund Advisers data).
Note: Data include funds that are know to have wound up and liquidated and
funds that have ceased to report returns. The fund of funds in the database vary in
terms of both size and risk appetite.
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fund of funds is clearly visible. Other events also become visible: the first
Gulf War, the surprise interest rate hike in 1994, the Asian crisis in 1997, the
bursting of the technology bubble in 2000, and the September 11, 2001, ter-
rorist attacks. The other peaks in the chart that do not coincide with specific
events in markets are potentially due to deterioration in manager skill, as the
FoF industry began to grow more rapidly during the equity bear market.

Figure 28.3 also shows that loss events affect a wide range of fund of
funds when two circumstances coincide: there is a high degree of leverage
among hedge funds and there is a shock in borrowing costs or liquidity.
Such shocks cause problems not only because they tend to increase the cost
of borrowing money,1 but because they tend to increase the cost of bor-
rowing anything. So any type of hedge fund with a short side to its portfo-
lio will have experienced some level of difficulty during these periods.
According to Figure 28.3, hedge funds, despite their focus on managing
downside risk while taking advantage of upside opportunities, are not
immune to market shock events.

Structured Products on Fund of Fund Underlyings 573

1This is true unless you happened to be the U.S. government in 1988. In 1988, the
increase in the cost of borrowing was mainly due to widening credit spreads, not a
spike in government bond rates, which actually fell as the Federal Reserve eased and
the market saw a flight to quality.

FIGURE 28.3 Percentage of FoFs Making Large Losses, 1988 to Q2 (quarterly
returns)
Source: UBS (using Van Hedge Fund Advisers data).
Note: Data include funds that are know to have wound up and liquidated and
funds that have ceased to report returns. The fund of funds in the database vary in
terms of both size and risk appetite.

c28_gregoriou.qxd  6/27/05  3:12 PM  Page 573



In the current economic environment, interest rates are currently near
a multigenerational low, and household borrowing is very high. Anecdotal
evidence points to an increased appetite from fund of funds for more lever-
aged hedge fund opportunities. Moreover, it is likely that funds of funds
have been relaxing their standards in terms of a reduction in the length of
live track record they are willing to accept from early-stage managers. New
hedge fund styles (i.e., credit arbitrage, capital structure arbitrage, reinsur-
ance catastrophe bonds, and synthetic banking products) are also increas-
ingly popular as funds of funds seek to squeeze performance out of dull
underlying capital markets and achieve better portfolio diversification. The
trade-off, however, is that the market as a whole has relatively little experi-
ence of how these styles will perform or feed back on capital markets in
times of market shocks2 such as that related to the near collapse of Long-
Term Capital Management (LTCM). Moreover, underlying funds in the
new styles tend to have longer liquidity terms, which in turn will likely be
passed on to fund of funds and ultimately to investors in funds of funds—
including issuers of principal-protected notes on fund of funds.

Protecting Principal

The bear side doesn’t appeal to me any more than the bull side or
vice versa. My one steadfast prejudice is against being wrong.

—Lefèvre 1994, p. 6

The current environment is one of increased risk appetite by FoF managers
against a backdrop of arguably more risky capital markets. Consequently, an
increasing number of investors, on both the institutional and the retail side,
have sought protection in addition to the asymmetry of returns offered by a
fund of funds. Principal protection has typically been achieved through struc-
tures offered by an intermediary, usually an investment bank. This has proved
to be convenient for funds of funds as well as investors, as these structures
provide funds of funds with a relatively sticky source of assets. Moreover, the
source of assets is more predictably tied to the FoF performance, since early

574 SPECIAL CLASSES OF HEDGE FUNDS

2The very worst thing about shocks, in our view, is that they are certain to happen
sooner or later. With reference to LTCM, we are often asked how likely we think it
is that another failure event could happen that threatens to bring down the whole
finance system. We invariably answer that far-from-equilibrium events are almost
certain to happen again, but we do not know when. Shifts happen. The important
question is: How well prepared are we and our investment portfolios for such events?
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redemption of structures by end investors is usually penalized in some way,
and the algorithm behind the structure is often well defined and predictable.

There are two basic ways to structure principal protected notes. The first,
and simplest, way is to buy a zero-coupon bond (ZCB) paying out the value
of the principal at maturity. The other is by using dynamic hedging, which
we describe later. A wide variety of other structures exists to achieve expo-
sure with different features, some of which have conservative properties but
do not necessarily remove all risk to the investor’s principal.

In a bond-plus-call PPN, the ZCB is purchased at a discount, so the
amount left over can be used to purchase a call option on a fund of funds
struck at the fund’s current net asset value (NAV) expiring at ZCB maturity.
Since the call option pays out nothing at maturity if the NAV of the fund of
funds’ falls below the strike value at maturity, the least amount of money
the end investor will have at maturity is the amount initially invested (the
ZCB payout). The investor would only forgo the opportunity to invest 
the principal elsewhere, and the interest that could have been earned. On the
other hand, if the NAV of the fund of funds rises, the end investor partici-
pates in that upside. We will refer to these structures as option-based or
bond-plus-call structures. The payoff is shown in Figure 28.4.

Participation will generally not be 100 percent. Much depends on the
prevailing interest rate and time to maturity, which determines the discount
of the zero-coupon bond, which in turn determines how much is left to
spend on call options. The fewer calls the investor owns, the lower the par-
ticipation. This is shown in Figure 28.4. Note that the structure pays out
slightly less than the underlying above 100. Figure 28.5 shows how partic-
ipation varies with interest rate for a seven-year bond-plus-call structure.
The figure shows that a bond-plus-call structure on a fund of funds with 18
percent volatility in an environment where five-year zero-coupon rates are
at 5 percent gives the investor just under 85 percent participation.

Notice how rapidly participation drops off for zero-coupon interest
rates below 5 percent in the case of options with implied volatility of 18
percent or below. Note also how the more expensive option (i.e., the one
with the highest volatility) requires a much higher interest rate (a much
more deeply discounted bond) to achieve high participation.

Figure 28.6 shows how participation varies with volatility. Once again
it shows that for a fund of funds with implied volatility of 18 percent, par-
ticipation in a 5 percent zero-coupon interest-rate environment is just under
85 percent. Like Figure 28.5, Figure 28.6 also shows the sensitivity of par-
ticipation rates to the prevailing interest rates at any given time. Finally, it
shows that in low-interest-rate environments, participation rates are
extremely sensitive to volatility, particularly for low-volatility underlyings.

Time is also a factor in determining participation. Figures 28.7 and
28.8 show how participation varies with maturity for different implied
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FIGURE 28.4 Payoff of a Vanilla Call Option Based PPN versus the Underlying FoF
Source: UBS (illustrative only, participation of real products may differ from what
is shown).
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FIGURE 28.5 Participation at Different Interest Rates (Theoretical)
Source: UBS.
Note: This example values a seven-year bond-plus-call structure under the following
assumptions: implied volatility of call options is fixed; the underlying fund of funds
pays no dividends or other distributions during the life of the option; call options are
European-style options. This is illustrative only. Actual pricing depends on the char-
acteristics of the underlying fund of funds and may deviate from this illustration.
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FIGURE 28.6 Participation at Different Volatilities (Theoretical)
Source: UBS.
Note: This example values a seven-year bond-plus-call structure under the following
assumptions: zero-coupons rates are fixed; the underlying fund of funds pays no divi-
dends or other distributions during the life of the option; call options are European-
style options. This is illustrative only. Actual pricing depends on the characteristics
of the underlying fund of funds and may deviate from this illustration.
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FIGURE 28.7 Participation at Different Maturities (Theoretical)-1
Source: UBS.
Note: This example values a bond-plus-call structure under the following assumptions:
zero-coupons rates are fixed at 3.97 percent; the underlying fund of funds pays no
dividends or other distributions during the life of the option; call options are European-
style. This is illustrative only. Actual pricing depends on the characteristics of the
underlying fund of funds and may deviate from this illustration.
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FIGURE 28.8 Participation at Different Maturities (Theoretical)-2
Source: UBS.
Note: This example values a bond-plus-call structure under the following assumptions:
implied volatility of call options are fixed at 18 percent; the underlying fund of funds
pays no dividends or other distributions during the life of the option; call options are
European-style options. This is illustrative only. Actual pricing depends on the char-
acteristics of the underlying fund of funds and may deviate from this illustration.
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volatilities and zero rates. These figures show that, in general, participation
increases with maturity. As expected, the longer the term of the structure,
the more sensitive participation is to the interest-rate environment. In
lower-interest-rate environments, longer maturity has a larger influence on
participation. However, participation appears to be equally sensitive to
volatility at any given maturity.

LIQUIDITY AND VOLATILITY OF FUNDS OF FUNDS 

While funds of funds tend to produce fairly low-volatility returns, implied
volatility tends to be quite high. Once again, liquidity is to blame. When an
issuer sells a call option to the end investor, the issuer will most likely want
to hedge the resulting short position in the option. In the case of most “nor-
mal” underlying assets, such as a stock or an equity index, hedging is rela-
tively easy because the underlying instrument is liquid and can to all intents
and purposes be traded at will. The only problem the seller of the option faces
is the trade-off between the frequency of rehedging and transaction costs.

Because a fund of funds can be traded only once a month or once a
quarter, with asymmetry depending on the terms the issuer can negotiate
with the fund, rehedging is far more complex. Not only that, but with the
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exception of the prescribed trading dates, the issuer is nearly always
exposed to the risk of the underlying fund. The issuer can compensate for
this only in the price of the option to the end investor. This problem was
not envisaged by Black and Scholes when they developed their option pric-
ing model. The Black-Scholes model assumes continuous liquidity. It is
therefore not unusual for a call option on a fund of funds with quarterly
liquidity and a realized volatility of around 6 percent to be priced by the
issuer at an implied volatility of around 18 percent.

Structures on higher-volatility illiquid underlyings—for example, single-
strategy hedge funds—are generally not regarded as good candidates for
derivative underlyings because the combination of high volatility and low
liquidity makes them virtually impossible to fully hedge. Some risk will
always remain for the issuer. For this reason, the rest of this discussion is
devoted to structures on relatively low-volatility fund of funds.

Fund of funds vary in terms of risk depending on various factors. Just
as hedge funds can be broadly classified into styles, fund of funds can be
also classified into styles, as Hedge Fund Research Inc. (HFRI) has done. 

Table 28.1 shows realized volatility by FoF style. It is noteworthy that
the conservative group appears to be of consistently lower volatility than
the rest, including market-defensive funds.

Moreover, the volatility of conservative funds tends to have fewer and
smaller spikes than the rest, as is apparent from Figures 28.9 to 28.12. These
figures show also that not only do the strategic group of funds tend to be
more volatile than the average fund of funds, but also that their volatility
spikes more, and more frequently, than average. The overriding point is
that, as mentioned earlier, not all fund of funds are created equal.

Increasing Participation
Many investors will want to achieve higher levels of participation than is
possible with a bond-plus-vanilla-call structure. A number of variants have
been devised to increase participation in structures on stock indices and
mutual funds, but many of these do not work for funds of funds, either for
liquidity reasons or because funds of funds do not pay a dividend.3 However,
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3The most common structure that does not work for these reasons is a S2MART
certificate. In a S2MART (Safer Securities MAximizing ReTurn) certificate, the
investor buys a zero-coupon bond as before. However, to make up the participation
shortfall, the investor sells a geared out-of-the-money put option (e.g., 20 percent
out-of-the-money). The investor is thus protected against the first 20 percent of
losses, but begins to lose money below that threshold. However, in the case of hedge
funds, this does not work because the hedge fund’s dividend yield is zero, making
the put option too cheap to make up the difference (UBS 2002b).
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FIGURE 28.9 Three-Month Volatility: Conservative FoFs
Source: UBS (using Hedge Fund Research data).

FIGURE 28.10 Three-Month Volatility: Diversified FoFs
Source: UBS (using Hedge Fund Research data).
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FIGURE 28.11 Three-Month Volatility: Market-Defensive FoFs
Source: UBS (using Hedge Fund Research data).

FIGURE 28.12 Three-Month Volatility: Strategic FoFs
Source: UBS (using Hedge Fund Research data).
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TABLE 28.1 Realized Volatility of Funds of Funds, January 1990 to October 2003

HFRI
HFRI HFRI HFRI Fund of HFRI

Fund of Fund of Fund of Funds: Fund of
Funds: Funds: Funds: Market Funds:

Composite Conservative Diversified Defensive Strategic
Index Indexa Indexa Indexa Indexa

Volatility, Jan 90–Oct 03 5.74 3.31 6.17 5.97 9.34
Average 3-month volatility, 

Jan 90–Oct 03 4.09 2.32 4.37 5.11 6.88
Maximum 3-month volatility, 

Jan 90–Oct 03 14.78 8.64 16.60 19.88 24.69
Minimum 3-month volatility, 

Jan 90–Oct 03 0.32 0.30 0.10 0.33 0.39
Percentage of months when 

3-month volatility >10% 3.66 0.00 7.32 3.66 22.56
Average 6-month volatility, 

Jan 90–Oct 03 4.73 2.65 5.10 5.55 7.74
Maximum 6-month volatility, 

Jan 90–Oct 03 13.37 7.11 15.21 13.96 21.18
Minimum 6-month volatility, 

Jan 90–Oct 03 0.96 0.83 1.07 2.13 2.26
Percentage of months when 

6-month volatility >10% 5.59 0.00 8.70 2.48 18.01
Average 12-month volatility, 

Jan 90–Oct 03 5.12 2.91 5.53 5.70 8.31
Maximum 12-month volatility, 

Jan 90–Oct 03 10.61 5.93 11.91 10.74 16.82
Minimum 12-month volatility, 

Jan 90–Oct 03 1.98 1.01 1.83 3.22 3.13
Percentage of months when 

12-month volatility >10% 10.32 0.00 12.90 5.81 19.35

Source: UBS (using Hedge Fund Research data).
aHedge Fund Research’s description of each index can be found at
www.hedgefundresearch.com.

structures that work well include bond-plus-Asian-call option, fees/leverage
(capital guarantee fee), bond-plus-call spread, also known as a GROI (guar-
anteed return on investment), and reduced protection.

For the purposes of this studzy, we ignore call spread structures because
this strategy limits upside, and reduced protection structures since we are
only concentrating on those structures that offer full protection of investor
principal.
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The concept of participation, and the idea that is possible to achieve
higher participation by tweaking features of a structure, can be misunder-
stood. It is important to note that what the investor participates in is not
necessarily the same as increasing exposure to the underlying. In other
words, 90 percent participation in a structure based on a call with an Asian
tail is not necessarily better in terms of final overall outcome than 80 per-
cent participation in a structure with a vanilla call. We show how this
works later.

Increased Participation: Asian Tails

In an Asian option, the payout depends on the average price of the under-
lying fund over some period leading up to expiry rather than the price of
the fund at expiry. For example, a seven-year option with a one-year Asian
tail has a payoff based on the average value of the underlying over the final
year. This increases participation by effectively shortening the duration of
the option. However, it also has the advantage of greatly reducing crash
risk. As we show later, this can have a significant effect on the dispersion of
possible final outcomes. In an ordinary call option, there is the risk that all
of the upside can disappear if the price of the underlying crashes the day
before expiry. Figure 28.13 illustrates the difference between participation
that can be achieved by replacing the vanilla call option in a bond-plus-call
structure with an Asian option.4

Despite its crash-protection advantage, an Asian option structure
achieves higher participation rates than ordinary bond-plus-call. The reason
is that the shortened effective duration of the option makes it cheaper.

Increased Participation: Capital Protection Fees

Capital protection fees are the most obvious way to increase participation,
since they represent an extra payment for additional exposure to the option
(i.e., leverage on the option). There are a myriad of ways to achieve this.
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4Actually, this is known as an Asian “out” option, because the payout value is based
on the average price of the underlying at the end of its life (i.e., a property of the
option is calculated on the way out). The other possibility is an Asian “in” option,
which has a payout based on a single price at the point of expiry, but which has a
strike based on the average price of the underlying over some period at the start of
the option’s life (i.e., a property of the option is calculated on the way in). Both ver-
sions may be used in structures on hedge funds. However, an Asian “in” structure
will not have the same partial crash protection feature as an Asian “out.” An Asian
“in” will also result in slightly lower participation than an Asian “out.”
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One way is to borrow the additional premium and amortize it over the
life of the structure. Each month or quarter, depending on liquidity, the fee
is deducted from the NAV of the underlying fund. While this method is
simple to understand in principle, it may require the issuer to rehedge
exposure more often than would be the case in a bond-plus-call structure
without leverage or a capital guarantee fee since charging a fee on a
monthly basis adds to the complexity of the return path of the derivative.
The additional trading required by the issuer will add to the cost of the
structure during its life. Issuers are therefore likely to try to pass this cost
to the end investor.

A more cost-efficient method is to defer payment of the fee to the end
of the life of the structure. The future value of the fee is then deducted from
the final NAV of the fund before the call option payout is calculated. This
means that the fee schedule does not interfere with the path of the underly-
ing NAV. Because of its lower cost, this method tends to be more common.

DYNAMIC HEDGING PPNS 

October. This is one of the peculiarly dangerous months to specu-
late in stocks in. The others are July, January, September, April,
November, May, March, June, December, August, and February.

—Twain 1900, p. 166
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FIGURE 28.13 Participation at Different Interest Rates: Vanilla versus Asian Calls
(Theoretical)
Source: UBS.
Note: This example prices seven-year structures using both vanilla and Asian calls
assuming 18 percent implied volatility. The Asian has a one-year tail. This is illus-
trative only. Actual pricing depends on the characteristics of the underlying fund of
funds and may deviate significantly from this illustration.
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A Potted History of Portfolio Insurance

September 11, 1976, might have passed unnoticed by students of financial
history, but for one thing: That night, the financial product known as port-
folio insurance5 was invented (Luskin 1988). Three years earlier, Black and
Scholes pointed out that, under risk neutrality, an option can be replicated
by a zero-coupon bond and some amount of the underlying stock, and an
option’s value ought to depend on the price of these two elements (Black
and Scholes 1973). The inventors Leland and Rubinstein (1988) reasoned
that if the option position could be replicated in this way, the process could
be reversed to create an option using a ZCB and the underlying stock, trad-
ing in and out of them as relative pricing changed.

However, it took another five years of development before the first
portfolio insurance product was sold by Leland O’Brien Rubinstein Associ-
ates (now called LOR). This was a $500,000 account to be managed over
six months. By the end of their first year of operations, Leland O’Brien
Rubinstein had assets under management totaling $135 million, a notable
sum at the time. The advent of the personal computer in 1983 allowed for
the product to be licensed, and the simultaneous creation of Standard &
Poor’s (S&P) 500 index futures greatly reduced transaction costs, so growth
was phenomenal. By mid-October 1987, equity market assets managed
using some variant of portfolio insurance was estimated at the time to have
been in the region of $60 billion to $80 billion, representing roughly 2 to 3
percent of U.S. market capitalization. Later estimates suggest that the total
could have been as high as $100 billion. One insurance company alone is
said to have had US$17 billion in portfolio insurance.

In hindsight, the pressure of portfolio insurance traders all leaning on
their sell buttons at the same time, as they would if they were all insuring
the same risky asset with the same insurance algorithm, should have been
obvious. Unfortunately, it was not, and when the S&P 500 fell 5.16 percent
on October 16, 1987, a Friday, a fair number had put so many sell orders
into the market that the day closed with a backlog of unfilled sell orders.
On the morning of October 19, the backlog was put into the market, which
fell sharply, causing yet more sell orders to be put into the market. Key
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5“Portfolio insurance” was the original name given to the product by its inventors.
The term “insurance” is slightly misleading in that the product is not an insurance
policy in the traditional sense of premiums paid and claims made in the event of some
accident or disaster. Providers of the financial product known as portfolio insurance
will not necessarily provide insurance cover for your property, car, or life. The prod-
uct has subsequently been renamed by banks, which do not provide traditional insur-
ance products, to avoid the accidental confusion of the two products.
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stocks stopped trading, backing up the sell orders still further, and the S&P
500 closed 20.4 percent below the previous close, the largest one-day fall in
its history. As a strategy, portfolio insurance failed that day.

However, it had worked quite well in normal markets up until that
point, and the basic theory behind portfolio insurance is sound. The events
of October 1987 do not invalidate portfolio insurance as a technique. They
only serve to illustrate that portfolio insurance, poorly and slavishly applied
to exactly the same asset by too many participants, can lead to disaster. Suc-
cessful portfolio insurance requires that it be applied to truly uncorrelated
assets, that is, to assets that have a tendency to behave differently in mar-
ket shock conditions. Moreover, there is a limit to how much portfolio
insurance can be written on similar products in a similar time frame.

In that regard, portfolio insurance is less risky for fund of funds. An
S&P 500 future is different from an S&P 500 tracker fund in the same way
that two slices of bread from the opposite end of a loaf are different. Funds
of funds, however, tend to be much more diverse. Some funds of funds are
more aggressive than others in terms of seeking geared directional expo-
sure: others have large elements of nonequity exposure; and still others are
strategic asset allocators, switching between asset types and styles accord-
ing to the strategic asset allocator’s view on relative performance.

Shocks that have historically affected a broad range of hedge funds
simultaneously have spiked interest rates or liquidity shocks. Spiking inter-
est rates make the bond element in portfolio insurance cheaper, and as is
demonstrated later, this tends to reduce the need to trade out of the fund of
funds to buy more zero-coupon bonds. Unfortunately, liquidity shocks tend
to have the opposite effect. The Russian debt default led to falling interest
rates as central banks worked to shore up liquidity.

In addition, the fact that one cannot trade in and out of fund of funds
instantaneously is, ironically, an advantage. It means that, in all likelihood,
any shock will be followed by a period where the issuer of portfolio insur-
ance cannot rush for the sell button. Even if the fund of funds does not have
time to recover by the time an issuer is required to make a portfolio insur-
ance-related redemption, the fund of funds will still have some period of
notice before any trade occurs. The fund of funds will then, in all likeli-
hood, have a chance to trade out of its positions in a relatively orderly fash-
ion and meet the issuer’s redemption call.

We say “in all likelihood” because it could be that a shock will occur
near one of the times when redemptions are possible. However, whether the
fund of funds has monthly or quarterly redemption liquidity, the likelihood
is still fairly small. Even then, fund of funds usually have a period of noti-
fication prior to redemption, which can cushion the blow somewhat. The
only exception is when the issuer of portfolio insurance on the fund of
funds has a managed account relationship with the fund of funds.
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Finally, volatility of funds of funds, as we have already observed, is
much lower than equity volatility. Asymmetric return distributions in funds
of funds (the return distribution that are skewed upward) are very useful
properties for holders of portfolio insurance structures on funds of funds.
As is shown later, the likelihood is that it takes a relatively short period of
time for a fund of funds to go up far enough to be safe, to all intents and
purposes, from the need for the issuer to trade out of the fund of funds.
Seen from the point of view of options, a portfolio insurance structure on a
fund of funds should, in the absence of a shock early in its life, go deep in
the money relative to volatility in a fairly short time frame. The same can-
not be said of portfolio insurance on long-only equity products.

Figures 28.14 and 28.15 emphasize the differences in these characteris-
tics. They show drawdowns in the S&P 500 (including 1987) and the HFRI
Fund of Funds index on the same scale. The figures show index levels as a
percentage of the prior peak and both have similarly scaled y-axes for easy
comparison. Figure 28.14 plots daily closing S&P 500 prices, and Figure
28.15 plots monthly FoF closing prices. This might seem inconsistent, but
we regard the figures as a fair comparison because they reflect the actual
difference in trading liquidity.

The long time span during which the FoF index is at 100 in Figure
28.15 is in stark contrast to the length of time during which the S&P 500
is not at 100 in Figure 28.14. This is strong evidence of the much lower
probability of having to sell a fund of funds as a result of portfolio insur-
ance. In these figures, 100 means the asset is either flat or rising.

The relative choppiness of the two figures shows how much more likely
it is that frequent trading has to occur in portfolio insurance on equity than
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FIGURE 28.14 S&P 500 Drawdowns, Daily Liquidity
Source: UBS (using Thomson Financial Datastream data).
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on a fund of funds. Daily versus monthly liquidity is naturally a contribu-
tor to this difference, but even if equity could only be traded monthly, the
troughs would still be more frequent than for funds of funds. Moreover,
routine drawdown troughs in equity are roughly the same size as the
extreme drawdown troughs in funds of funds.

The 1987 crash in the S&P 500 is unusual, both because of its scale and
severity. We have already noted the role of portfolio insurance as a con-
tributing factor to the “suddenness” of the crash. But the most interesting
feature of Figure 28.14 is that it reveals that the initial drawdown pre-
ceding the October 19 crash actually began on August 26—almost a full
two months earlier. The initial drawdown was probably random, rather
than directly related to portfolio insurance.

It is difficult to know what proportion of assets under FoF manage-
ment is held via portfolio insurance structures. However, we estimate that
portfolio insurance structures worth around $15 to $20 billion are cur-
rently in issue. This is roughly 2 percent of assets under management of
around $1 trillion. While this may seem rather high at first glance when
compared with the 2 to 3 percent figure for equities in 1987, we do not see
great cause for concern about the systemic effects, for the reasons men-
tioned earlier. The diversity of funds of funds on which portfolio insurance
is issued is relatively wide, and individual fund managers will seek to limit
the amount of portfolio insurance products issued on them to a manage-
able amount.

Moreover, about $10 billion of the portfolio structures in issue are on
managed accounts rather than direct investments in funds, which creates
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FIGURE 28.15 Fund of Funds Drawdowns, Monthly Liquidity
Source: UBS (using Hedge Fund Research data).
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some time diversification in terms of the risk of all issuers needing to sell at
once in the event of a shock. Managed accounts underlying portfolio insur-
ance structures can be traded more frequently, whereas funds of funds
underlying portfolio insurance structures cannot. Different terms of liquid-
ity on the remaining constant proportion portfolio technique structures makes
for additional time diversification of actual trades resulting from a shock.

Finally, as noted earlier, portfolio insurance structures on funds of
funds tend to go into-the-money fairly rapidly. Roughly a third of the out-
standing portfolio insurance structures currently in issue are sufficiently in
the money as to pose relatively little systemic threat in the event of a shock.

CONSTANT PROPORTION PORTFOLIO 
TECHNIQUE

CPPT is the most common form of portfolio insurance structure issued on
FoF underlyings. As with generic portfolio insurance, CPPT involves trading
between a risky asset, in this case a fund of funds, and a riskless asset, in
this case a zero-coupon bond. Minimum and maximum portfolio weightings
that the risk asset can take in the portfolio need to be defined. However,
unless specified otherwise, these are normally set at 0 percent and 100 per-
cent, respectively, where 0 percent means nothing is invested in the risky asset
and the portfolio consists only of a ZCB, and 100 percent means that the
portfolio consists entirely of the risky asset with nothing invested in the ZCB.

The initial weight in the fund is between 0 percent (in theory) and 100
percent invested in the risky asset and is usually fairly high where fund of
funds are concerned—normally much higher than the amount an issuer 
of call plus bond will place in a fund of funds as its initial trading hedge. As
time passes, the portfolio is rebalanced at specified intervals to increase or
reduce exposure to the risky asset, depending on whether the risky asset goes
up or down in value.

The technique establishes a crash size, which depends partly on the
volatility of the risky asset. The crash size is the maximum anticipated per-
centage fall in the risky asset between rebalancing points beyond which the
issuer will suffer a loss. In some respects this is rather like a value-at-risk
(VaR) calculation. Apart from volatility, other factors that affect the crash
size are skewness and kurtosis, that is, asymmetry of the return distribution
and the likelihood of extreme returns. Generally speaking, the likelihood of
extreme negative returns is carefully weighed against volatility. Low volatil-
ity asset with some likelihood of extreme downside returns would result in
a larger crash size than an asset with higher volatility but lower likelihood
of extreme downside returns. In addition, since portfolio insurance gener-
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ally involves trading into and out of bonds and risky assets, the liquidity of
the risky asset will also be taken into account when setting the crash size.
The last thing a CPPT issuer desires is the need to trade the risk asset and
find no buyers or sellers in the market.

The next thing to be established is a bond floor, the lowest value the
portfolio may take before the risky asset is liquidated completely and bonds
bought with the proceeds to ensure that 100 percent of the initial principal
is returned to the investor at maturity. The bond floor is set according to
the prevailing interest rates at any point during the life of the structure. It
is important to understand that the bond floor can shift around during the
life of the trade. If interest rates rise, the bond floor falls. Conversely, if
interest rates fall, the bond floor will rise.

The difference between the bond floor and the current value of the port-
folio is referred to as the cushion, and the maximum supportable percentage
fall in the risky asset within the portfolio is called the gap. In other words, the
gap is the cushion divided by the value of the risky asset within the portfolio.

CPPT defines the perfectly balanced portfolio as one where the gap is
equal to the crash size. So as the risky asset rises in value, increasing the
cushion, the portfolio should ideally be rebalanced so that the proportion
invested in the risky asset is larger, and the gap is reduced as far as the crash
size. Conversely, if the risky asset falls in value and the cushion is reduced,
exposure to the risky asset is reduced such that the gap is increased back to
the crash size.

Investment professionals are in total agreement on very few things; one
of them is that markets are constantly moving. In CPPT terms, this means
that the gap is always fluctuating. It is both impractical and expensive, in
terms of transaction costs, to rebalance the CPPT portfolio every time the
price of the risky asset or ZCB ticks up or down. Moreover, if the risky asset
is a fund of funds with the trading liquidity previously described, such
rebalancing is impossible.

To resolve this, the final elements in CPPT are a band within which the
gap is allowed to move before trading is triggered. In the case of fund of
funds, where trading can occur only at certain intervals, the CPPT trading
interval is usually set to the redemption interval. Asymmetric liquidity
means that it is theoretically possible to relever the portfolio more often
than it is possible to delever it. However, FoF structured products are usu-
ally difficult to deal with. This is why issuers of CPPT products on fund of
funds usually specify a CPPT trading interval in line with the redemption
liquidity of the fund of funds.

The nature of FoF liquidity brings out another point. Funds of funds
normally require a notice period to subscribe or redeem funds. This means
that there is an element of trading uncertainty in CPPT trading. The algo-

590 SPECIAL CLASSES OF HEDGE FUNDS

c28_gregoriou.qxd  6/27/05  3:12 PM  Page 590



rithm may indicate that a trade is required based on the closing price in the
CPPT period, but the actual trade occurs at the next liquidity point (poten-
tially three months later) and at a different price. The time gap means that
the underlying fund of funds could have recovered to a price where trading
would be unnecessary in the time between trade request and completion.
The underlying fund may also have dropped still further in value, meaning
that a larger trade would be required to rebalance the portfolio than was
actually requested one liquidity cycle earlier.6 This timing issue leaves open
the possibility that the CPPT algorithm might not fully protect the inves-
tor’s principal. In this circumstance, the issuer, who provides the guarantee,
faces a loss, but not the end investor.

Another less well understood feature of CPPT worth noting is the fact
that participation is variable and depends on the price path of the risky
asset. A CPPT portfolio’s natural starting point could be, say, 95 percent
invested in the risky asset and 5 percent in bonds. If the risky asset drops
10 percent, then the portfolio might be rebalanced and some of the risky
asset will be sold. The new portfolio may only be 70 percent invested in the
risky asset at this point. Assuming the risky asset subsequently recovers, a
new rebalancing point could be reached, which would take the weight of
the risky asset up to, say, 97 percent. But in the meantime, the portfolio has
only enjoyed 70 percent of the risky asset’s upside, and when the risky asset
is bought back, it will be more expensive relative to the portfolio’s value. So
it will never be possible to regain the previous performance in the risky asset
once the portfolio has been delevered.

In Figure 28.16 we show a simulated CPPT note along with the value
of the portfolio components. The simulation is based on HFRI Fund of
Funds composite index returns. In this example, the initial weighting of the
hypothetical fund of funds in the CPPT portfolio is 96.5 percent. However,
our hypothetical fund trades down fairly early on in the CPPT note’s life,
triggering a deleverage event in June 2004. The fund of funds’ weight in the
CPPT portfolio falls from just under 97 to 61 percent. As the fund recov-
ers, its weighting in the portfolio increases slightly until there is a sufficient
gap between the bond floor and the hypothetical fund of funds to relever
the CPPT portfolio. This occurs in September 2005, and the fund’s new
weighting in the portfolio rises from 65 to 88 percent. As the fund of funds
continues to rise, its CPPT portfolio weight continues to rise organically
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6This timing problem is not confined to portfolio insurance on hedge funds. The
nature of trading hedge funds merely illustrates rather starkly a problem in all port-
folio insurance—that prices can change faster than traders can trade, particularly if
there is an imbalance in the market.
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until the next rebalancing trigger relevers the fund to 100 percent, where it
remains until expiry.

No further events happen during the life of the fund except in Novem-
ber 2009, at which time the simulated fund suffers a downward shock that
is worse7 than the one that occurred in June 2004. However, by November
2009, the hypothetical fund of funds has gained so much in value relative
to the bond floor that it has no effect on the portfolio. In fact, by this stage,
the simulated fund has risen so far off the bond floor that the shock would
have to drop by a staggering 23.9 percent before an immediate deleverage
event is triggered. This illustrates our earlier point that once a CPPT note
on an underlying fund of funds is sufficiently seasoned, it should be so deep
in-the-money as to pose very little systemic threat in the event of a shock
affecting hedge funds at once.
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7We artificially introduced a 10 percent loss in November 2009. Note that this has
never happened in the history of the HFRI Fund of Funds composite index. This is
not to say it could not happen, either in the index or in an individual fund of funds.
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FIGURE 28.16 Simulated CPPT Note (Illustrative)
Source: UBS (using Hedge Fund Research data).
Note: The CPPT note has these parameters: minimum/maximum equity exposure is
0 percent/100 percent, the crash size is 20 percent and delever/relever triggers are
set at 15 percent/25 percent. A fee of 1.5 percent has been charged. The fee is
spread over the life of the note.
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As well as illustrating how a CPPT note might unfold, Figure 28.16
shows how a deleverage event erodes participation. Erosion typically tends
to fall during the life of the CPPT note as long as there is an upward trend
in the risky asset and that upward trend is steeper than the trend in the bond
floor. Nevertheless, erosion means it is still possible to get locked out of the
risky asset. Sometime during the life of the trade, the value of the risky asset
could fall so that the portfolio hits the bond floor. In this case, the risky asset
is liquidated completely and the entire portfolio becomes a ZCB. In order for
the protection of principal to not be compromised from that point on, the
portfolio must remain 100 percent invested in bonds no matter how much
the risky asset rises in value afterward.

Fortunately, this is has been rare in the history of fund of funds CPPT
structures. Should the worst occur, it may be possible for the investor to sell
the note back to the issuer early if the investor prefers liquidity to the recov-
ery of principal at maturity.

Figure 28.17 shows what happens if the simulated fund crashes
through the bond floor. While the figure shows that the CPPT portfolio
drops down to the bond floor, this is in fact what happens only from the
investor’s point of view. The portfolio value actually falls well below the
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FIGURE 28.17 Simulated CPPT Note—Disaster Scenario (Illustrative)
Source: UBS (using Hedge Fund Research data).
Note: The CPPT note has these parameters: minimum/maximum equity exposure is
0 percent/100 percent, the crash size is 20 percent and delever/relever triggers are
set at 15 percent/25 percent. A fee of 1.5 percent has been charged. The fee is
spread over the life of the note.
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bond floor. However, this should not affect the payout to investors, since
the risk of this happening is usually borne by the issuer.

We had to modify the HFRI Fund of Funds composite index return dis-
tribution in order to achieve this. We introduced the possibility that returns
of –20 percent, –15 percent and –10 percent, each with a probability of 0.6
percent, are added to the sample from which the simulation probabilities
are drawn. This is not to say that in the world of fund of funds, large draw-
downs are not likely to happen more frequently, especially if the choice of
fund of funds is random.

CPPT VARIANTS

The construction of CPPT products on FoF underlyings is a fast-evolving
business. Producing an exhaustive and detailed catalog of their variants
would be a mammoth task. Instead, we concentrate on some of the param-
eters that can be varied and how their outcomes may differ from the basic
CPPT note. Two popular variants are:

1. Increased initial participation. This trade is similar in all respects to a
standard CPPT, except that here, 100 percent of the principal is in-
vested in the fund of funds from the beginning. In the current environ-
ment this is not very different from the standard CPPT starting point:
In the examples above, the initial weighting of the fund of funds in the
portfolio is just under 97 percent. The variant that forces 100 percent
or higher initial participation is the most common form in which CPPT
notes are being issued today. Forcing higher initial participation is usu-
ally only a minor deviation from the “natural” CPPT portfolio.

2. Leverage. It is possible to introduce leverage in several ways. Leverage
usually involves borrowing money to obtain more exposure to the
underlying fund of funds. Within a CPPT structure, however, it is more
common to use the trading features inherent in CPPT to achieve lever-
age. CPPT requires trading in and out of the risky asset, and it is
assumed that the maximum weighting in either the bond or the stock is
100 percent. It is possible, however, to allow the weighting in the risky
asset—in our case, the fund of funds—to increase beyond 100 percent.
In order to achieve a weighting in the fund of funds of 125 percent, it is
necessary in theory to have a –25 percent exposure to zero-coupon
bonds. In other words, it is necessary to take a loan to finance the lever-
aged exposure. Leverage is usually financed at a floating rate (i.e., a
spread to the London Interbank Offered Rate [LIBOR]) to reflect the
issuer’s funding costs and risks.
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Achieving leverage through this route has two advantages that are not
generally achievable in other structures without engaging in some fairly
intricate and potentially expensive financial gymnastics.

1. Leveraged exposure to the fund of funds happens only if the fund of
funds rises in value. In other words, the leverage is path-dependent and
will occur only when it is judged safe by the CPPT algorithm.

2. Because leverage is path-dependent, so is the cost of leverage.

Issuers will normally charge an additional fee for leverage above and
beyond the financing costs. This is because there is a slightly greater risk
that the portfolio can, in the event of a serious shock, crash through the
bond floor before the issuer has a chance to rebalance the portfolio. This
additional fee seems fair since this gap risk is usually borne by the issuer.

A myriad of other CPPT variants exist, and more are being developed
almost daily. It is possible to construct CPPTs that pay out fixed or variable
coupons or with performance lock-ins. A CPPT with lock-ins captures pos-
itive performance over time and locks it in by either shifting the bond floor
up or paying out the captured performance as a coupon. These more exotic
variants are beyond the scope of this chapter. We only compare CPPT-based
PPNs with option-based ones.

Comparison of PPNs 

The products we have described are all designed to give the investor access to
fund of funds without putting principal at risk. It may seem odd that so many
variants exist that perform essentially the same function. But each variant has
unique features that should make it preferable to different investors under dif-
ferent market conditions. The next section discusses some of the advantages
and disadvantages of the basic types of capital protection structure.

METHODOLOGY AND DATA

We compare PPN performance by simulating investment in a set of struc-
tures on a number of different actual fund of funds. The structures we will
compare are:

■ ZCB plus vanilla call PPN.
■ ZCB plus Asian call PPN. (Asian in this case means the option has a

one-year Asian tail such that the final payout is based on the average of
the last 13 NAVs of the underlying fund of funds.)
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■ ZCB plus vanilla call with a capital guarantee fee that raises participa-
tion to 100 percent.

■ ZCB plus vanilla call with a capital guarantee fee that raises participa-
tion to 150 percent.

■ Ordinary vanilla CPPT where initial exposure to the fund of funds is
set to its natural level (so that initial exposure is less than 100 percent)

■ CPPT with initial exposure set to its natural level (less than 100 per-
cent) and maximum exposure set to 150 percent. A fee is charged for
leverage whenever it is applied.

■ CPPT with initial exposure set to 100 percent and maximum exposure
set to 150 percent. A fee is charged for leverage whenever it is applied.

■ CPPT with initial exposure set to its natural level (less than 100 per-
cent) and maximum exposure set to 200 percent. A fee is charged for
leverage whenever it is applied.

Each PPN has a five-year maturity and pricing assumptions are de-
signed to be roughly comparable. All of these products are theoretical, and
terms of actual PPNs may vary greatly. Some of the PPNs we have devised,
especially the ones involving high leverage, are deliberately extreme to bet-
ter underscore our observations. These terms are unlikely to be offered in
the real world.

The data we use for our comparison consist of a selection of fund of
funds reporting to the Altvest database. The number of fund of funds in the
data set obtained that had reported returns for at least five years by April
2004 was 315. We used the returns from all of these funds to simulate the
products just described.

The recent history of financial markets includes falling interest rates.
Because of the way CPPT PPNs work, we felt this might prejudice their per-
formance. Unfortunately, data for FoF performance during times when
interest rates were rising are difficult to acquire. To simulate results in a ris-
ing rate environment, we have simply reversed the arrow of time. That is,
we have simulated what would happen if yield curves had moved in reverse
over time. Since many funds of funds benchmark themselves against cash
(e.g., LIBOR), we have attempted to reflect this by also reversing the
sequence of FoF returns.

We are aware that this is not a perfect approach. For example, it does
not account for any short-term poor performance hedge funds could post
in the immediate aftermath of an unexpected rate hike. We accept these lim-
itations, with the caveat that models are useful but the real world is alto-
gether more varied and interesting.

In both of these scenarios we apply no fund screening at all. Both sam-
ples therefore contain funds that would not be considered suitable for struc-
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turing. In our final scenario we apply rudimentary screening to the sample
of funds such that only funds meeting these criteria were selected:

■ The fund of funds must have reported returns for at least 24 months
leading up to April 1999 (the start of PPNs maturing in April 2004).

■ The fund of funds must have a good track record of results between
inception and April 1999. We define this as posting positive returns at
least 70 percent of the time.

■ The fund of funds must be a relatively low-volatility fund. We define
this as a fund of funds with a maximum volatility of 10 percent for
returns posted prior to April 1999.

This is a relatively naive screening, which does not take into account
any due diligence an issuer might perform in assessing the suitability of a
fund of funds for structuring. Of the 315 funds of funds in the database on
which five-year PPNs maturing in April 2004 are possible, 88 meet the cri-
teria set out by the screening process.

RESULTS AND OBSERVATIONS 

Our first scenario compares performance of PPNs on 315 fund of funds in
normal time. The results are summarized in Table 28.2.

Among the option structures, the vanilla PPN pays out the highest
final outcome on average with the second lowest dispersion of outcomes.
The lowest dispersion is found in the Asian PPNs, which benefit from
smoothing in the final year of its life. The PPNs where an additional cost
is paid for additional option exposure by raising the strike feature much
wider dispersion of outcomes. This is to be expected because introducing
leverage generally amplifies volatility. More surprising is the fact that as
more and more leverage is applied, the lower the average outcome. This
suggests that leverage is not economically sound in option-based PPNs.
Figure 28.18 shows that as leverage is increased via capital guarantee fees,
the outcome distribution not only widens and becomes increasingly
skewed to the left but also is slightly more likely to experience large posi-
tive outliers. 

This is less surprising when we consider how leverage is achieved via
capital guarantee fees. Recall that an additional option premium is pur-
chased with a fee amortized over the life of the PPN and levied at the
end. In other words, the strike of the option is effectively raised in order 
to achieve higher participation. As the strike is raised, only the most
aggressive fund of funds are able to produce sufficient NAV growth to sig-

Structured Products on Fund of Fund Underlyings 597
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FIGURE 28.18 Outcome Distributions of Option-Based PPNs with Different
Leverage
Source: UBS (using fund of funds returns data from Altvest).
Note: Options are priced using Black-Scholes using an implied volatility of 18 percent.

nificantly overcome the higher strike. Consequently, a higher and higher pro-
portion of funds will fail to overcome the higher strike.

Among the CPPT-based PPNs, leverage behaves rather differently. As
Table 28.2 and Figure 28.19 show, leverage in CPPT behaves much more as
one would expect. More leverage in CPPTs produces a wider dispersion of
outcomes, but it also significantly raises the average outcome. There is
some tendency for outcome distributions to become more left skewed, so
that there is a slightly higher likelihood of low positive returns, but not to
the same extent as in leveraged-option PPNs. The fact that leverage is path
dependent in CPPT means that it is selectively utilized when profitable and
not used otherwise. This makes leverage much more cost effective in CPPT-
based PPNs than in option-based ones.

It is popular these days to force initial exposure in CPPT PPNs upward
toward 100 percent or even above that in cases where leverage is included.
Table 28.2 shows that this tends to raise average final outcomes at the cost
of wider dispersion. Moreover, the number of times when the PPN pays out
just 100 rises dramatically when high initial exposure to the underlying is
forced from the start. This is because high initial exposure to the underly-
ing means early down moves in the underlying translate to more exagger-
ated down moves in the CPPT portfolio. In other words, the chance of
being forced to delever by large amounts early on increases as a result of
starting with higher early exposure.
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In addition to modeling the 150 percent CPPT PPN with initial expo-
sure of 100 percent, we have also modeled a 150 percent CPPT PPN that
forces initial exposure to start at 150 percent. The outcome distribution is
shown in Figure 28.20. Again, the average outcome rises and the distribu-
tion widens. However, while the probability of getting just 100 rises, the
difference between this statistic in CPPT starting at 100 percent versus 150
percent turned out to be insignificant. Moreover, since the problem is
caused by increased chances of early deleverage, this problem can poten-
tially be circumvented by setting the deleverage/releverage triggers slightly
wider apart early in the life of the CPPT. Indeed, this feature is already
working its way into newer CPPT structures.

Leverage appears to us to be a key raison d’être for CPPT. When we
compare the unlevered CPPT PPN with the vanilla call PPN in Table 28.2,
we note that CPPT outcomes have more dispersion and are on average
lower than in the vanilla call PPN. This should not come as a surprise. The
CPPT algorithm is always effectively one step behind, trading in or out of
the fund of funds one liquidity cycle after the fund of funds has performed
well or badly.8 This will produce wider dispersion and a degree of erosion

600 SPECIAL CLASSES OF HEDGE FUNDS

8Deming (1982) demonstrates that in systems that involve some random element,
attempting to compensate for error after the event is futile. He does this via an
experiment in which two people drop ball bearings through a funnel at a target. One 
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CPPT CPPT (max 150% exposure) CPPT (max 200% exposure)

FIGURE 28.19 Outcome Distributions of CPPT-Based PPNs with Different
Leverage
Source: UBS (using fund of funds returns data from Altvest).
Note: Options are priced using Black-Scholes using an implied volatility of 18 percent.
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of exposure over time through trading in and out of the underlying will pro-
duce a lower average outcome.

But this could also be caused, or may be exaggerated, by the fact that
the scenario we have devised here involves falling interest rates. We can say
more about this by reversing the arrow of time. The results are summarized
in Table 28.3. 

When time is reversed, the environment changes to one where interest
rates start from a lower point than in our first scenario. This means that
option-based PPNs will have lower participation and CPPT-based PPNs
will start with a smaller initial cushion to the bond floor. The effect on
option-based PPNs is predictable: Average outcomes are a little lower, but
so is outcome dispersion.
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FIGURE 28.20 Outcome Distributions of CPPT-Based PPNs with Different Initial
Exposure.
Source: UBS (using fund of funds returns data from Altvest).
Note: Options are priced using Black-Scholes using an implied volatility of 18 percent.

person is told to adjust the funnel’s aim after every shot to compensate for any
misses; the other is not. After several shots at the target, it becomes apparent that
continually adjusting the aim of the funnel invariably produces a wider scatter of
shots around the target. Deming’s lesson is that it is best not to meddle with systems
unless one has genuine predictive power over the next deviation from target. CPPT
is an illustration of this principle. While we do not suggest that the CPPT algorithm
should stop “meddling,” we recognize that the CPPT algorithm by its very name
must produce more widely dispersed results.
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In general, CPPT-based PPNs also show lower outcomes with lower
dispersion. But the difference in performance of CPPT-based PPNs and
option-based PPNs is surprising. In this artificial environment, CPPT-based
products—even those that allow leverage—struggled to outperform option-
based PPNs. Not only are average outcomes lower, but comparing the
lower halves of Table 28.1 and Table 28.3, it is apparent that the number
of instances when CPPT-based PPNs provided a better return than option-
based PPNs was considerably lower in the time-reversed environment than
in the normal environment.

One potential reason for this could be that a high bond floor early on
leads to a greater chance of early deleverage. This in turn may lead to greater
erosion of exposure, which would explain the lower average outcomes
across the board. Indeed, the much smaller rise in average outcomes when
leverage is allowed in CPPT PPNs in the time-reversed environment. It may
also simply be a feature of the way we have reversed time. We have not
assumed a timing difference between changes in interest rates and changes in
hedge fund performance. If there is a delay in response in the real world—
and this is almost certain to be the case—the result could be affected. How-
ever, the underlying logic that early trading in CPPT leads to greater erosion
and therefore lower average outcomes would not be affected. We therefore
believe that widening the trading band early in the life of a CPPT, especially
one that allows leverage, is more important in a low-interest-rate environ-
ment, provided any additional costs do not make such a feature prohibitive.

In our final analysis we apply a simple screen to the FoF database to
construct PPNs on only low-volatility fund of funds with a good track
record, as described. The results are shown in Table 28.4. 

It is unsurprising to us that when lower-volatility FoF with a good track
record are chosen, higher average outcomes with lower dispersion are
achieved in all the PPNs. But it is interesting that while option-based PPNs
improved in this regard, CPPT-based PPNs appear to improve more. The
differences in both average outcome and dispersion between the vanilla call
PPN and the CPPT PPN without leverage are more or less halved in the case
where we have screened fund of funds.

Leverage in CPPT PPNs also seems more efficient if screening is
applied. In the unscreened sample, the average outcome for PPNs allowing
up to 150 percent leverage was 6.7 percent higher than the average outcome
for PPNs that do not allow leverage. The comparable number for the
screened sample is 9.1 percent. However, the maximum return achieved in
the screened sample for the 150 percent CPN was less than two-thirds of
the value achieved in the unscreened sample. This is less surprising, since a
sample of lower-volatility funds of funds is bound to produce less disper-
sion in final outcomes.
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CONCLUSION 

Each of the types of PPN we describe can be useful for FoF underlyings.
Option-based PPNs provide a relatively predictable return, particularly
when the option is an Asian tailed one. For those willing to take a little
extra risk in terms of predictability of outcome, CPPT might be a better
choice. Superficially, CPPT structures can be complex and difficult to
understand, and as we have shown, there are circumstances when they
might not perform as well as expected. We have attempted to explain why
CPPT might be disappointing under these circumstances by looking at the
mechanics that underlie them.

We avoid hard and fast rules that dictate when CPPT PPNs might be
good or bad, depending on the environment. This is an exercise in futility for
two reasons:

1. They are still relatively new in the world of hedge funds. Their history
is too short to assess how they behave under a variety of conditions. In
short, the sample of CPPT PPN history is too small to be valid.

2. CPPT-based CPNs are evolving constantly and new variants are
appearing all the time. These variants are often developed to suit chang-
ing conditions.

Instead of imposing strict rules, we recommend an analytical approach
based on an understanding of the basic mechanics of CPPT PPN.
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CHAPTER 29
Hedge Funds and the 
Stale Pricing Issue 

Mohamed Gaber, Greg N. Gregoriou, 
and William Kelting 

Most hedge funds commonly trade in illiquid securities, and, therefore, it
is very difficult to obtain accurate monthly returns. The practice of stale

pricing tends to intensify the scope of this problem. The only available alter-
native to hedge funds and fund of hedge funds (FoHF) managers is to
smooth returns. In this chapter we investigate the advantages and disad-
vantages of stale pricing and offer a guide to evaluate the significance of
stale pricing. This guide may help investors in hedge funds as well as FoHF
managers to scrutinize the underpinning policies and procedures used in
determining fair values of those funds. This guide is presented as a series of
checklist questions.

INTRODUCTION 

The issue of stale pricing refers to the practice of pricing a fund’s shares
based on prices of the stocks in the portfolio that do not present an accu-
rate account of the fair value as a result of timing differences involved when
trading illiquid stocks. Because of timing differences, a U.S. fund manager
possessing Pacific Rim stocks will employ the closing prices of the foreign
market to get the net asset value (NAV) of the fund. This is an incorrect
method in fairly pricing stocks in the fund manager’s portfolio because the
manager is basing the NAV of the fund on stale (old) pricing information
that is over a dozen hours (the approximate difference in hours between the
United States and the Pacific Rim). Furthermore, events can arise through-
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out that time period that can considerably impact the value of the Pacific
Rim stocks, resulting in an incorrect NAV that does not accurately reflect
their fair value. Time zone differences can facilitate time zone arbitrage
trading, because of mispricings in global stock markets. This may result in
profits from stock purchased in one market and sold in the other, at a cost
to shareholders of the fund. For example, an investor taking a position in a
fund possessing foreign stocks will try to time the acquisition on a certain day
when U.S. markets will display a broad increase. The investor’s anticipation
is that foreign stock markets will increase the next day, based on the broad
movement of U.S. stock markets. For example, hedge funds (as well as other
investors) may still take advantage of time zone differences through the use
of futures contracts.

It is not unlawful to take an advantage of these timing differences;
however, there is growing concern regarding fairness to the shareholders of
the fund. The Securities and Exchange Commission (SEC) has a suggested
that a redemption fee be made obligatory on investments that are kept for
less than five business days. 

Illiquid securities create a valuation problem because the last known
market price for the stock may not reflect the present and fair market value.
These valuation problems are further compounded in the case of hedge
funds and funds of hedge funds (FoHF, a basket of hedge funds). Given
that mutual funds report on a daily basis, the majority of hedge funds and
FoHFs report their returns only on a monthly, net of all management and
performance fees, and are generally not under the scrutiny of the SEC. Stale
pricing in the hedge fund industry refers to artificially overvaluating inter-
national stocks that are part of the manager’s portfolio. They are not regu-
lated because they meet exceptions stipulated in acts enforced by the SEC
regarding the limited number of shareholders, the type of investors, usually
institutional and high-net-worth individuals, and because the offering of
securities is not a public offering. Many hedge funds are also organized as
offshore funds and thus do not fall under the SEC’s jurisdiction. 

The use of stale pricing to determine the NAV of a portfolio is not
consistent with the position of both the accounting profession and the
SEC, which require that investments be reported at fair value or “the amount
at which the investment could be exchanged in a current transaction
between willing parties, other than in a forced or liquidation sale” (Harrell
and Spiegel 2004). In those cases, the fair value of an investment can be
readily determined by accessing current market price data from various
independent sources that price stocks. Illiquid stocks cause a problem in
that no existing price may be currently available. Therefore, an attempt
must be made to correctly estimate the current fair market value. In situa-
tions where foreign stock markets close prior to the U.S. markets, a market
event that is expected to influence the value of a security may occur during
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the lag period. Therefore, rather than using the foreign market closing
price, an attempt should be made to estimate the price of the security. Using
these types of estimates can open the door for unwarranted manipulation.
Because hedge funds charge a performance/incentive fee, there is a tendency
to inflate the NAV. This has been the case for many of the recent frauds
involving hedge funds. The International Organization of Securities Com-
missions (IOSCO 2003) states that “in order to make informed judgments,
investors should be aware of hedge fund policies and procedures for the
estimation of asset values.” Furthermore, investors should make sure these
policies and procedures are adhered to by hedge funds and FoHFs. 

Hedge funds that are not registered with the SEC may or may not have
their financial reports subject to the scrutiny of an independent auditor.
Even if an independent auditor is appointed to audit an unregistered fund,
the amount of work performed by the auditor may be less than for regis-
tered funds. Auditors of registered funds are required to test all portfolio
valuations as of the date of the financial statements. In the case of unregis-
tered funds, the extent of testing portfolio valuations is a matter of the audi-
tor’s judgment.

These issues are further compounded in funds of hedge funds. For
example, certain hedge funds included in the fund may be registered, while
others may be subject to independent auditing, and some may be neither
registered nor subject to auditing. Moreover, the FoHF manager must wait
for the hedge funds in the portfolio to report monthly net returns before
determining the final return of the fund. If a hedge fund is late in reporting
its monthly return, the manager will most probably use the hedge fund’s
prior net return to obtain an estimate for the current monthly net return.
When new investors purchase shares in a fund of hedge funds that is late in
reporting its monthly net returns, or if its monthly returns are not precise,
they will be obtaining a better price because the fund may be undervalued.
Investors selling their shares in such a fund, however, may be getting less
than expected (Kazemi and Schneeweis 2004). We find that hedge funds
smooth out returns, making them very attractive for allocation in stock and
bond portfolios.

Funds of hedge funds may not always provide investors correct returns
data, which may lead to an inaccurate analysis of statistical measures of
their returns. As a result of returns smoothing, investors and academics
may not be able to correctly assess a fund’s true risk. Amenc, Malaise,
Martellini, and Vaissié (2004) postulate that since hedge funds and funds of
hedge funds are susceptible to skewness and kurtosis in their returns distri-
bution, it may not be possible for the FoHF manager to predict drops in
monthly returns and correctly assess the funds’ net asset value.

Many hedge fund managers use their skills to identify and profit from
price inefficiencies in stock and bond markets. Consequently, a majority of
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hedge fund managers are hesitant to disclose their trading strategies and are
reticent about providing full disclosure of the stocks, bonds, and other
investments in their portfolio. 

Evaluating fund performance by using traditional measures, such as
annualized returns, standard deviation, the modified Sharpe ratio, and the
correlation coefficient, will likely lead to a misrepresentation of a fund’s
risk-reward profile (Amin and Kat 2003b). Furthermore, Murguia and
Umemoto (2004) state that “although hedge fund managers may appear to
provide returns in excess of their systematic risk exposures, they may be
exposed to other risk factors not captured by traditional evaluation meas-
ures as stated in.” Because hedge fund returns are nonnormal and as a
result display skewness and kurtosis (the third and fourth moments of a dis-
tribution), measuring the actual performance of hedge funds and determin-
ing whether a FoHF manager is accurately reporting net returns is rather a
difficult task. Many studies have documented that hedge funds exhibit a sig-
nificant amount of excess returns, or alpha, even after adjusting for broad
market exposure (Liang 2001). But these studies do not account for the illiq-
uid stocks held by many hedge funds, which may drag down the returns.

In some cases, hedge funds may use stale pricing to artificially drive up
their NAV because several emerging markets stocks may not provide daily
or even monthly liquidity. Hedge fund managers investing in these foreign
stocks will usually calculate the average of the latest returns to provide an
estimate of the current monthly return.

While some hedge funds willingly report monthly returns net of all per-
formance and management fees to database vendors, the data may not pre-
cisely reflect the exact and true value of a fund’s NAV. Furthermore,
information not available on illiquid stocks allows the hedge fund manager
to price these stocks with whatever NAV he or she may decide to use. Often
hedge fund managers may price these assets to reflect the holdings in their
portfolio due to be reported to investors at the end of the month. 

BACKGROUND INFORMATION 

Since hedge funds are often used for portfolio diversification, managers have
a strong incentive to report returns that are both consistent and uncorrelated
to the market. This can artificially reduce the volatility and correlation of
hedge funds to traditional indices (Asness, Krail, and Liew 2001). Kazemi
and Schneeweis (2004) find that quarterly standard deviations are greater
than monthly standard deviations, which is consistent with the stale pricing
issue as a result of quarterly return adjustments. For example, if the market
experiences an extreme drop, the hedge fund manager may not have certain
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illiquid stocks accurately priced for numerous months to reflect the new
market value of the position. This would result in an overinflated NAV until
the stocks in the portfolio accurately reflect their true market value. Thus,
investors would have a false sense of the correct NAV, and therefore year-
end returns would be inflated.

Some researchers have used lagged market betas to calculate the true
market exposure of hedge funds. For example, Asness, Krail, and Liew (2001)
use convertible arbitrage, fixed income arbitrage, and event-driven classifica-
tions to investigate this issue because these strategies maintain large quantities
of international stocks that are very difficult to obtain a fair and accurate price
for, especially if they are small or over-the-counter (OTC) stocks. 

The issue of hedge funds adding alpha, as discussed in Schneeweis and
Spurgin (1999), is refuted by Murguia and Umemoto (2004), who state that
“hedge funds do not provide alpha but simply expand investment opportu-
nities by including alternative investments into a stock and bonds portfolio.”
By manipulating the international stocks in a portfolio, the hedge fund man-
ager can manipulate the alpha of the fund. Murguia and Umemoto (2004)
affirm that hedge fund returns are overstated and investors must be able to
recognize these warning signs. Doing so will allow investors a quicker exit
before a catastrophic or extreme market event occurs. 

RECENT DEVELOPMENTS

The Securities and Exchange Commission is moving ahead to regulate
hedge funds, despite stiff opposition from critics both inside and outside the
Commission. On October 27, 2004, the SEC adopted Rule 203(b)(3)–2,
which will require most hedge fund advisors to register with the SEC under
the Investment Advisers Act of 1940. The act currently applies to the man-
agers of mutual funds, pension funds, corporate trusts, and endowments.
Such a move would considerably extend the SEC’s jurisdictional reach.
Moreover, requiring hedge fund advisors to register would allow the SEC
to find out more about how the industry operates and potentially uncover
fraudulent behavior. Once registered with the SEC, fund advisors would be
subject to regular examinations of their books and records, and would have
to reveal to the SEC the number of funds they manage and the assets under
management as well as information about their investors, employees, and
the persons who control or are affiliated with the hedge fund advisor. In
addition, as discussed earlier, the SEC (2004) has proposed to address the
issue of time zone arbitrage by suggesting a 2 percent fee on fund share-
holders who redeem their shares within five business days after purchase.
The effectiveness of such an action is the subject of much controversy. 
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CHECKLIST OF QUESTIONS

Investors and potential investors in hedge funds need to gain an under-
standing of policies and procedures used by funds to value assets and should
be particularly skeptical of cases where objective, independent pricing
sources are not utilized. We have developed a checklist of 24 questions that
might be used to assist in gaining that understanding. The checklist focuses

612 SPECIAL CLASSES OF HEDGE FUNDS

TABLE 29.1 Checklist of Questions

1. Has the board of directors (or equivalent) adopted a policy for valuation of
securities?

2. Is there a committee (or individual) charged with responsibility for valuation?
3. Is the person or committee independent of those responsible for investment

management functions?
4. Are independent pricing sources utilized wherever possible?
5. In cases where market prices are not available, how are valuations determined?
6. Are methods of valuation applied consistently over time?
7. Do those individuals determining fair value estimates have the appropriate

expertise and experience?
8. Do the methods of valuation appear appropriate under the circumstances?
9. What models, if any, are used to estimate fair values?

10. If models are used, are they provided by an independent source?
11. Are model results compared to actual results on a regular basis?
12. Does the fund have an internal audit function?
13. Are security valuation policies and procedures subjected to the scrutiny of the

internal auditors?
14. To whom does the internal audit function report?
15. Are internal audit reports filed on a regular bases and recommendations acted

upon?
16. Is the fund registered with the SEC?
17. If registered, who are the independent auditors?
18. Did the independent auditors provide any comments regarding the fund’s internal

controls, particularly over the valuation of assets?
19. If unregistered, were the financial statements of the fund audited?
20. Who were the auditors?
21. Did the independent auditors provide any comments regarding the fund’s internal

controls, particularly over the valuation of assets?
22. If the fund is not audited, why?
23. If an FoF, does the manager scrutinize the funds in the portfolio as to their methods

for valuation of assets and address questions similar to numbers 1 through 20?
24. Does the FoF have an established mechanism for regular monitoring of the hedge

funds included in the portfolio, including periodic visits?
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only on issues of valuation and particularly valuation of assets where esti-
mates are required. Investors must also be concerned with other issues and
should raise other questions. For example, see the extensive checklist devel-
oped by the Investor Risk Committee of the International Association of
Financial Engineers (2004). Our checklist appears in Table 29.1. 

CONCLUSION

Under the direction of a board of directors, hedge fund management is
responsible for making a good-faith effort to estimate fair market values.
Uncertainty in estimating the fair market value of investments will result in
somewhat larger incentive fees and may pose a potential and possible sig-
nificant risk for hedge fund and FoHF investors. Stale pricing, though it
may be objective, often does not provide a measure of fair market value and
is inappropriate for decision-making purposes. Fair market value estimates
may be less reliable but are more relevant. Investors in hedge funds and in
funds of hedge funds and FoHF managers need to cautiously scrutinize the
policies and procedures that hedge funds use to determine fair market
value. A questionnaire approach such as that suggested in this chapter may
be a useful tool in exercising this diligence.
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F
Factor models for hedge funds, 91–94,

200
Factor regressions, 532–534
Fair value, 608
Fama-French calendar time portfolio

regressions, 327
Fama-French factors with Ibbotson’s
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capped incentive, 193
competition and increasing,

189–190
deferred-compensation redesign of,
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Mandel, 190
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assets under management in, 52, 280
benefits/drawbacks of, 78–79,

366–368
beta management with, 35
classification of, 579
considerations for, 284–289
definition of, 80, 345–346
diversification of, 53
efficiency of, see Efficiency of FoFs
and extreme risk, 466
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growth of, 52, 571–574
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Comparative analysis of FoFs
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investing in, 280
investor issues with, 241–242
less bias in, 261
liquidity/volatility of, 578–584
low volatility of, 22
performance of, 280–284
portfolio insurance vs., 585–586
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rationale for, 240–241
reasons for investing in, 347–348
reporting, 608, 609
representativeness of, 498
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strategies of, 90
style analysis of, 102–103
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Fundamental traders, 90
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Global funds, 81, 344
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Global/macro managers, 319
Global/macro strategy, 89–90
GLS (generalized least squares)

method, 386
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GPD (generalized Pareto distribution),

495
Grauer and Hakansson model, 107n.
Growth funds, 81
Growth managers, 319
Growth-optimal strategy, 109
GSC (Generalized Scale Classification),

379
Gulf War, first, 573

H
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Asian, 342, 357, 359–361
asset growth in, 181
assets under management in, 17, 52,

189
bubble question about, 185–186
build vs. buy decision for, 274–290
checklist of questions regarding,
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classification of, 344–345
complexity of, 106
databases of, 57

effects of introducing, into portfolio,
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fees of, see Fees
fee structures of, see Fee structures
first, 51
FoFs vs. portfolio of, see Comparative

analysis of FoFs versus portfolio
of hedge funds

funds of, see Funds of hedge funds
geographical distribution of, 359,

360
goal of, 182
growth of, 323–324, 341
investing in, 346–348
A. W. Jones’ creation of, 344
literature about, 52–54
managed funds vs., 12
measuring risk of, 493–494
monthly mean returns/standard

deviation of, 308, 309
mutual funds vs., 324
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private nature of, 342
reporting, 608
securitization technology applied to,

see Collateralized fund obligations
strategies used in, 19
by strategy sector, 475
2004 performance of, 274, 275
types/subtypes of, 80–81
unique features of, 343

Hedge fund indexes, 19, 37–46
asset categories of, 113, 114
“average” characteristics of,

294–295
benefits of, 294–295
calendar-time approach use of, 

325
construction of, 290–293
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diversification benchmarks for,

42–43
during equity declines, 476
frequency of, 202
investability of, 40–41
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performance measures for, 347
performance of, 293–294
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considerations for, 166–167
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171–173
models for, 167–171
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Hedge fund returns, 136
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of directional/semidirectional

strategies, 135
distributions of, 136–141

Hedge fund screening, 277–279
Hedge Funds Research (HFR), 57
Hedge fund strategies, 48–49
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descriptive statistics of, 390
FRM description of, 132–133
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390
volatility persistence by, 250–252
volatility ranking of, 132–133

Hedge fund strategy clusters, 131,
134, 135

Hennessee database, 363
HFR, see Hedge Funds Research
HFR database, 38, 112–127, 131

bias in, 349
description/features of, 363
low survivorship bias in, 417

rolling window analysis of,
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(Distressed), 113, 114, 117, 118,
120–122
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113, 114, 117, 118, 120–122
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114, 117, 118, 120–122
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117, 118, 120–122
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Hedge Fund index

High-beta funds, 528
High-beta variability, 528
High dividend minus zero dividend

(HDMZD), 388, 391, 393, 394,
396–399

Higher-moment estimators (HME)
regression, 395–400

Higher moments, 28–31, 109, 110,
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High minus low (HML) factor, 387,
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High-water mark (HWM), 182, 185,
186, 246, 262, 300

High-water-mark provisions, 184
HME regression, see Higher-moment

estimators regression
HML factor, see High minus low factor
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Holdings-based analysis, 86
Hot-hand effect, 299, 308
Hurdle rate, 183, 191–192
Hurst ratio, 354
HWM, see High-water mark

I
IARA (increasing absolute risk

aversion), 414
Ibbotson’s RATS model, see Returns

across time and securities technique
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Koonmen, John, 188
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and distribution of returns, 137–138
on Edhec/MSCI indexes, 28–30
equity-market-neutral funds as

reducers of, 15
of FoF vs. individual hedge funds,

57–59
as fourth moment, 30
fund/asset ranking by, 140
of managed futures, 12, 13

L
Lagged volatility, 443–444
LBQ test, see Ljung-Box-Pierce Q-test
Lefèvre E., 574
Lehman Global Aggregate, 529, 530,

532
Leverage, 320, 343, 356, 406, 597,

599–600
and CPPTs, 594
impact of, 428–431

Leveraged Capital Holdings, 52
Life span of hedge funds, 343
Limited borrowing constraint, 111
Linear modeling, 263–267
Liquidation bias, 260, 349
Liquidation of hedge funds, 186–187,

192–193, 271–272
Liquidity:

of FoFs for SPVs, 240–242
and volatility of FoFs, 578–584

Liquidity crisis (1998), 94
Liquidity shocks, 586
Ljung-Box-Pierce Q-test (LBQ test),

248–250
Location factors, 94
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Lockup periods, 95, 108, 109, 124,
126–127, 310

effect of, on returns, 267
and performance, 360

Long-only funds, 345
Long-only leveraged funds, 81
Long/short equity funds, 8, 81,

527–545
assets under management in, 527
classes of, 528
descriptive statistics of, 530–531
model-constant betas of, 531–534
model-variable betas of, 534
return/risk summary for, 529
risk exposure of, 24
rolling alphas of, 534–537
rolling betas of global, 538–540
rolling betas of size premium for,

540–542
rolling betas of value premium for,

542–545
style drift in, 100–102

Long/short equity strategy, 49, 87
Long-Term Capital Management

(LTCM), 271, 274, 407, 491,
512, 574

Lookback straddles, 485
Loss events, 573
Low-beta funds, 528
LPM (lower partial moments), 405
LTCM, see Long-Term Capital

Management
Lyxor database, 41, 42

M
M2 RAPM, 405, 406
M3 RAPM, 405, 406
MACRO, see HFR Macro index
Macro funds, 460. See also

Global/macro funds
Managed Account Reports (MAR),

38, 57
Managed futures, 473–490. See also

Commodity trading advisors
allocation efficiency of, 519
assets under management in, 473

characteristics of participants in,
478–479

in databases, 38
during equity declines, 474–477
fees of, 182, 183
hedge funds vs., 13, 14
investing in, 11–14
long optionality of, 517
metrics for, 485–490
in portfolio with hedge funds, 517
profile of, 225–229
trend-following approach to,

479–485
Managed futures strategy, 90
Management fees, 182, 183, 185

average, 284, 285
and net return of fund, 300
and profiles of indexes, 199

Managers, 305
funds vs., 300
goals of, 182
performance of, 304–307
persistence of, 298
personal capital investment of,

194–195, 344
selection of, 276–278
single vs. multiple, 272

Manager hubris, 407
Manager of managers (MOM), 12
Manager risk, 137–138
Manager selection, 19
Manager structure optimization

(MSO), 98
Mandel, Steve, 190
Mandel fee structure, 190
Man Group, 235
MAR, see Managed Account 

Reports
Market Defensive funds of funds, 

508
Market factor, 204
Market Model, 326
Market Model with GARCH estima-

tion, 326–327
Market-neutral category, 59
Market-neutral funds, 81, 345, 445
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Market-risk strategy, 137
Market-timing strategy, 57
MAR (minimum acceptable return),

353
Marturity, participation and, 575,

577–578
Marx, Groucho, 570
Maximum drawdown, 405
Mean-modified value at risk (MVaR),

454–456, 461
Mean returns, 308, 309, 350
Mean-variance analysis, 351
Mean-variance (MV) model, 110,

115–118
Mean-variance optimization, 455
Mean-variance portfolios, 107
MERGER, see HFR Merger
Merger arbitrage, 320

and extreme risk, 466
and volatility, 438

Merger arbitrage hedge funds, 23, 80,
88, 137

Minimum acceptable return (MAR),
353

Minimum investment required, 276,
478, 571

Mkt, see Excess return on market
index

Model-constant betas, 531–534
Model-variable betas, 535
Moderate-beta funds, 528
Modern portfolio theory, 91
Moments, higher, 28–31
MOM (manager of managers), 12
Monte Carlo simulations, 249
Monthly indexes, 202–203
Morgan Stanley Capital International

(MSCI) index, 113
MSCI Europe index (EUR), 113, 114,

117, 118, 120, 122
MSCI Japan index (JAP), 113, 114,

117, 118, 120, 122
MSCI (Morgan Stanley Capital -Inter-

national) index, 113
MSCI USA index (USA), 113, 114,

117, 118, 120, 122

MSCI World index (WORLD),
113–116, 119, 121–124

MSO (manager structure optimiza-
tion), 98

Multimanager vehicles, 273–295
and build vs. buy decision, 274–290
and database variability, 277–278
FoF investing, 280–289
hedge fund index investing,

289–295
single-manager vs., 273
staffing for screening, 278, 279

Multiperiod sampling bias, 172,
260–261

Multistrategy, 306
Multistrategy managers, 320
Mutual funds:

assets under management in, 453
fees of, 183
hedge fund performance vs., 53–54
hedge funds vs., 324

Mutually exclusive factors, 93
MVaR, see Mean-modified value at

risk
MVaR optimization, 455–456, 461
MV model, see Mean-variance model

N
National Securities Markets

Improvement Act (NSMIA), 325
NAV, see Net asset value
Negative beta funds, 528
Neiderhoffer, 407
Net asset value (NAV), 182, 184
Net return of fund, 300
Niche funds of funds, 57, 80
1987 crash, 588
No-arbitrage constraint, 200
No-category funds, 81
Noise fitting, 92
Nondirectional approach, 351
Nondirectional funds, 57–59
Nondirectional strategies, 59, 64, 65,

67–69, 71–74, 76–78
Nonnormality in hedge fund returns,

106
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Nontraditional strategies:
returns of, 137
in various market environments,

141–145
NSMIA (National Securities Markets

Improvement Act), 325

O
Offshore funds, 268, 280, 367, 608

BCC-input oriented varying RTS
model of, 372, 373

cross-efficiency model of, 374, 375
RTS model of, 375, 377

OLS, see Ordinary least squares
“1 and twenty” fee structure, 191
Onshore funds:

BCC-input oriented varying RTS
model of, 372, 374

cross-efficiency model of, 374, 376
RTS model of, 375, 378

Optimization:
Brunel’s simple approach to,

145–148
extreme-risk, 455–457, 459–462
failings of standard, 130
of hedge fund indexes, 44–46
portfolio, see Portfolio optimization

Options arbitrage, 466
Option-based PPNs, 601, 604
Optionlike returns, 269, 480–482
Ordinary least squares (OLS), 382,

387, 392–394
OTM puts, see Out-of-the-money puts
Out-of-sample performance analysis,

173–179
Out-of-the-money (OTM) puts, 9–11,

407
Overreaction effect, 315, 317

P
Pairs trading, 466
Pal’s estimator, 385
Participation:

in CPPTs, 594
and interest rates, 575, 576
and liquidity/volatility, 579–581

Participation bias, 291
Passive indices, 331
Passive momentum strategies,

482–485
PC1, see Principal component
PCA, see Principal component 

analysis
Peak-over-threshold method, 495
Pearson correlations, 411, 424
Peer group-based factors, 92
Peer grouping, 18
Peer rankings, 432–433
Performance evaluation, 53–54, 86
Performance in presence of errors in

variables, 381–401
data used in, 389–392
econometric method of studying,

383–387
higher-moment estimator regression

of, 395–400
OLS regressions of, 392–394
pricing models of, 387–389

Performance measurements, 351–353
Performance studies, 259–272

of biases in databases, 260–261
of diversification, 267–270
of linear modeling, 263–267
of persistence, 262–263
of survival analysis, 270–272

Persistence, 53–54
definition of, 298
and fee structures, 188–189
short- and long-term, see Short- and

long-term persistence
studies of performance, 262–263
volatility, see Volatility persistence

PGP, see Polynomial goal program-
ming

Phase-locking behavior, 353
PMVD, see Proportional marginal

variance decomposition
Polynomial goal programming (PGP),

14–15
Portable alpha benefits of hedge funds,

36
“Portfolio insurance,” 584–588
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Portfolios, introducing hedge funds
into, 4–9

Portfolio optimization, 547–565
and closeness of hedge funds,

562–564
and four-moment risk measure, 548
mulitple-option, 557, 559–563
robustness in, 562
Sharpe ratio of, 548–549, 552–554,

560
single-option, 552–559
testing framework for, 551–552
variance-equivalent risk measures

of, 549–551
VeR-kurtosis, 550–551, 557–559,

561–563
VeR-skewness, 549–550, 554–557,

560
Portfolio risk, 502, 504–508
Positive-carry managers, 320
Power utility functions, 109–110
Power-utility investing, 115–125, 127
PPNs, see Principal protected notes
Pricing models, 387–389
Principal component analysis (PCA),

41, 92, 311
Principal component factors, 93
Principal component (PC1), 167,

178–179
Principal protected notes (PPNs), 569,

575, 576
CPPT-based, 601–604
dynamic hedging, 584–588
methodology/data for comparing,

595–597
option-based, 601, 604
results of comparing, 597–605

Principal-protected securities, 239
Principal protection, 574–578
Private placement managers, 320
Profiles of hedge fund indexes,

197–233
and bias, 200
Calyon Simulated Trading Indexes,

230–232
conventional asset benchmarks, 204

daily-data based, 205–221
frequency of, 202–203
importance of, 199
managed futures, 225–229
and management fees, 199
methods used for creating, 200–201
short selling indexes, 221–225
U.S. dollar as factor in, 219–221

Proportional marginal variance
decomposition (PMVD), 200–201

Q
Qualitative classification, 86
Quantitative classification, 86
Quantum Fund, 81, 346

R
Random-walk model, 97
RAPMs, see Risk-adjusted

performance measures
RAR, see Risk-adjusted returns
RATS technique, see Returns across

time and securities technique
RBSA, see Return-based style analysis
Real estate, 107n.
Rebalancing, 108
Redemption fees, 608
Redemption periods, 586
Redemption policies, 295, 310, 360
Regional funds, 81
Registered funds, 609
Regressions, 66
Regression-based methods, 263
Regression equation, 55, 56
Regulation D, 88–89
Regulation of hedge fund industry,

367, 571, 611
Relative value funds, 459, 460,

466–467
Relative value managers, 320
Relative value styles, 87–89, 306
Reporting, 608–610
Representativity of hedge fund

indexes, 37–42
Return-based style analysis (RBSA),

84, 86, 95–96
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Returns across time and securities
(RATS) technique, 323, 327–328,
336–338

Returns-based factors, 92
Returns-to-scale (RTS) model,

371–376
Risk:

definition of, 459
drawdown-based, 247
extreme, see Extreme risk
of FoF vs. individual hedge funds,

58, 59
hedge fund, 4–9
sources of, 356–358
traditional vs. nontraditional, 454
volatility of alpha as, 91

Risk-adjusted performance measures
(RAPMs), 403–412

absolute vs. relative, 404–405
comparative rankings, 422, 423
risk of, shortfall, 406–412

Risk-adjusted returns (RAR),
152–153, 155–156

discount to, 357, 358
incentive fees based on, 193–194
persistence studies of, 310–317

Risk-arbitrage funds, 80
Risk aversion, 413, 426
Risk characteristics, 465, 467,

469–471
Risk factors, 23–26, 47–48
Risk premiums, 83, 85, 486

descriptive statistics of, 390
hedge-funds correlations, 391

Risk/return trade-off, 30–32
Robertson, Julian, 81
Rolling alphas, 535–537
Rolling betas:

of global equity, 538–540
of size premium, 540–542
of value premium, 542–545

Rolling regressions, 84, 85, 96,
535–537

Rolling window analysis, 201,
205–214

RTS model, see Returns-to-scale model

RTS regions, 375–378
Rule 203(b)(3)—2, 611
Russian crisis, 491, 512, 572, 573,

586

S
Safer Securities Maximizing Return

(S2MART) certificate, 579n.
Sampling bias, 349
SEC, see Securities and Exchange

Commission
Second moment (variance), 516
Second moment (volatility), 28–31
Sector funds, 81, 345
Securities and Exchange Commission

(SEC), 608, 611
hedge fund indices registered with,

325
registration with, 367
regulation D of, 88–89

Securitization:
of funds of hedge funds, 239–242
of hedge funds, 235–243

Selection bias, 349
Self reporting, 39, 349
Self-reporting bias, 171, 302
Semidirectional strategies:

returns of, 138
return/volatility statistics of, 135

Separately managed accounts (SMAs),
294

September 11, 2001 terrorist attacks,
573

Serial correlation, 123
SHARAD (skill, history, and risk-

adjusted RAPM), 404n., 405
Sharpe asset class model, 382
Sharpe ratio, 20, 21, 58, 59, 188,

405–407, 410, 420, 421,
423–431, 486–487, 489–490,
524–525, 548–549, 552–554, 560

Sharpe’s RBSA model, 95–96
Shock events, 573, 574n., 586
Short- and long-term persistence,

297–321
data used in study of, 299–303
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duration of, 307–310
of nonparametric individual hedge

funds, 304–307
risk-adjusted, 310–317

Short-sales constraint, 111
Short sellers, 81, 345, 423, 424, 426,

428, 439, 445
Short selling indexes, 221–225
Short-term funds, 81
Simple carry trade, 94
Size premium rolling betas, 540–542
Skewness, 4–11

distribution of, 409
and distribution of returns, 137,

138
and diversification, see Diversifica-

tion skewing
on Edhec/MSCI indexes, 28–30
of FoF vs. individual hedge funds,

57, 58
fund/asset ranking by, 139
global macro funds as enhancers of,

15
and managed futures, 486–489
of managed futures, 11–14
as third moment, 30

Skill, history, and risk-adjusted
RAPM, see SHARAD

Skill of managers, 18
alpha benefits representing, 33–34
excess return as measure of, 22
and growth of industry, 572–574
measuring, 353–354
paying for, 99

Small cap versus large cap (risk factor),
47

Small minus big (SMB) factor, 387,
388, 391, 393, 394, 396–400

SMAs (separately managed accounts),
294

SMB factor, see Small minus big factor
Smoothing effect, 123–127
Smoothing method, 97
Soros, George, 81, 90, 346
Sortino ratio, 20–22, 353, 405, 406
S&P 500 return, 47

Spearman rank, 410, 426
Specialist credit, 306
Specialist credit managers, 319
Special purpose vehicles (SPVs),

236–242
SPELSI, see S&P equity long/short

Index
S&P equity long/short Index (SPELSI),

527, 529–, 534–536, 538–541,
543, 545

S&P Hedge Fund Index (SPHFI),
210–214, 217–218

SPVs, see Special purpose vehicles
S-ratio, 519–521
Ssfpack for Ox, 98
Stale pricing effect, 108, 109, 123,

488–489, 607–613
Standard deviation, 4–9, 308, 309,

350, 351, 493
Stark 300 index, 12
Statistical arbitrage, 87, 320
Sterling, 405
Stock index arbitrage funds, 81
Stock selection managers, 319
Stop losses, 488
Straddles, 94
Strategic allocation, 19, 319
Strategy Classification System,

299–300
Strategy factors, 94
Strategy indexes, 41
S2MART (Safer Securities Maximizing

Return) certificate, 579n.
Style(s) of investing, 83–104

adaptive, 95–99
analysis of, 99–103
classification of, 86
convertible-arbitrage, 89
dedicated-short and equity-market-

neutral, 87
directional, 87, 89–90
emerging-market, 88
equity-debt-arbitrage, 89
event-driven, 88–89
and factor models for hedge funds,

91–94
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Style(s) of investing (continued)
fixed-income-arbitrage, 88
fixed-income-directional and 

equity-directional, 90
fund of funds, 90
global/macro, 89–90
long/short equity strategy, 87
managed-futures, 90
and market movements, 95
relative-value, 87–89
self-declared, 83–84

Style drift, 39, 95
in long/short equity hedge funds,

100–102
peer-group analysis for detecting, 92

Style purity, 355
Survival analysis of hedge funds,

270–272
Survivorship bias, 113, 171, 172, 260,

261, 271, 272, 302, 349–351
Survivorship bias analysis, 79
Swinkels and Van der Sluis model,

96–97
Synthetic Desirability Index, see

Desirability Index
Systematic traders, 478–479

T
Tactical allocation, 19, 319
Tail estimate, 495
Target horizon, 494
TASS database, 38, 57, 346, 349, 363
TASS/Tremont, see Trading Advisors

Selection System/Tremont
TASS/Tremont database, see Trading

Advisors Selection
System/Tremont database

T-bill 3 months, 47
Technical traders, 90
Technology bubble burst, 573
Technology funds, 179
Term spread, 47
TEV model, see Tracking error variance

minimization model
Third moment (skewness), 30, 31, 516
33/66 portfolio, 11

Tiger Fund, 81
Time windows, confidence levels and,

461–468
Timing issues, 590–591, 608
Total return swaps, 237
Tracking, see Hedge fund index

tracking
Tracking error, 168
Tracking error variance minimization

(TEV) model, 167–169, 173–176
Trading Advisors Selection System

(TASS)/Tremont, 346
Traditional strategies, 137, 138, 319
Tranching, 238–239
Transparency, 286, 289, 294, 348
Trend-following strategy, 90, 94, 310,

478–485
Treynor ratio, 405, 406, 410, 411,

422–424, 426, 427, 429, 431
TUNA database, 364
Twain, Mark, 584

U
UMD factor, see Up minus down 

factor
U.S. dollar, 48, 219–221
U.S. opportunistic funds, 81
Unit utility framework, 152–153
University endowments, 270
Up minus down (UMD) factor,

392–400
USA, see MSCI USA index

V
Value at market risk (VaMR), 99
Value at risk (VaR), 30, 32, 98–99

of asset classes, 500–503
as risk measure, 493–494

Value at specific risk (VaSR), 99
Value funds, 81
Value premium rolling betas, 542–545
Value versus growth (risk factor), 48
Value-weighted indexes, 38, 172n.
VaMR (value at market risk), 99
Van database, 363
Van Hedge Fund Indices, 325
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VaR, see Value at risk
VaR confidence levels, 457, 459–462,

470, 471
Variable returns to scale (VRS), 369
Variance decomposition, 200–201,

214–219
Variance-equivalent risk (VeR) meas-

ures, 549–551
VaSR (value at specific risk), 99
VeR-kurtosis, 550–551, 557–559,

561–563
VeR measures, see Variance-equivalent

risk measures
VeR-skewness, 549–550, 554–557,

560
VIX (change in implied volatility), 47
VIX (Volatility Index), 23, 438–439
Volatility:

of absolute return strategies, 134
changes in, 24, 442
of directional/semidirectional

strategies, 135
and economic drivers, 445–451
equity-market-neutral funds as

reducers of, 15
and fee structures, 187–188
financial market, 442
of FoF vs. individual hedge funds,

57, 58
lagged, 443–444
and liquidity of FoFs, 578–584

and participation rates, 575, 577
as second moment, 28–30
strategies/assets ranked by, 

132–133
Volatility Index (VIX), 23
Volatility persistence:

and drawdowns, 245–255
methodology used in study of,

248–249
in strategy classifications, 250–252

Volatility regimes, 437–452
and hedge fund results, 444–445
statistical analysis on, 438–444

Volatility risk, 23
Volatility trading, 8
VRS (variable returns to scale), 369

W
Wien, Byron, 195
Window-dressing, 86
WORLD, see MSCI World index

Y
Yield curve, 533, 534
Yield curve trading, 467

Z
ZCBs, see Zero-coupon bonds
Zero-coupon bonds (ZCB), 575, 577
Z-score, 146–148
Zurich Capital Markets database, 363
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