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Preface

he 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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Portfolio Allocation in
Hedye Funds

hapter 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 § 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.
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Integrating Hedge Funds into
the Traditional Portfolio

Harry M. Kat

his 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

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-
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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

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.
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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.
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TABLE 1.8 Effects of Combining Hedge Funds with
Stocks and Bonds

Standard
% HF Deviation Skewness Kurtosis

0 2.49 -0.33 -0.03

N 243 -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

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
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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
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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.

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

S 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.
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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
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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 0.72 249 -0.33 -0.03 0 0.72 249 -033 -0.03

S 0.73 243 -040 0.02 S 0.71 237 -028 -0.18
10 0.74 238 -046 0.08 10 0.71 226 -0.21 -0.30
15 0.76 233 -0.53 0.17 15 0.71 216 -0.14 -0.39
20 0.77 229 -0.60 0.28 20 0.71  2.08 -0.06 -0.42
25 0.78 225 -0.66 042 25 0.717  2.00 0.02 --0.40
30 0.80 222 -0.72  0.58 30 0.71 195 010 -0.32
35 0.81 220 -0.78 0.77 35 0.71 191 0.18 -0.20
40 0.82 218 -0.82 0.97 40 0.71 1.89 024 -0.06
45 0.84 2.17 -0.85 1.19 45 0.71  1.89 0.30 0.08
50 0.85 216 -0.87 141 50 0.71 191 0.34 0.19

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-
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TABLE 1.8 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

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-
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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.

GONCLUSION

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.
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Hedge Funds frrom the
Institutional Investor’s
Perspective

Noél Amenc, Felix Goltz, Lionel Martellini

hile 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
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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-
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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-
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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.

TABLE 2.3 Conditional Betas, January 1997 to August 2004

Up* Down® Up* Down?
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

Months 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-0ff

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.

1.1% —
. . Long/Short Equity
1.0% — Convertible Arbitrage
04 —
0.9% Equity-Market Neutral Event Driven
£ 0.8%
=
9]
E 0.7% — Global Macro/CTA
‘®
S 0.6% )
without hedge funds
0.5%
0.4%
0.3% T T T T
0.2% 1.2% 2.2% 3.2% 4.2%

Modified VaR

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.
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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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FIGURE 2.2 Cross-Sectional Dispersion of Long/Short Equity Hedge Fund
Returns, January 1998 to December 2003

Distribution of mean return of funds in this strategy. The arrow indicates the mean
return of the Edhec Alternative Index for long/short equity. Based on monthly
returns for the period January 01, 1998-December 31, 2003 of 123 Long/short
equity hedge funds in the CISDM database.

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 lig-
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

TABLE 2.8 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 Aug98 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.edbec-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



Hedge Funds from the Institutional Investor’s Perspective 1

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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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

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 § 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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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-

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,

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 Ratio? -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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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 Ratio? -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 2.82 324  3.65

aCalculated using a risk-free rate of 2 percent.

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.
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GONCLUSION

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.



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.

o1
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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 Hibner
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 Hibner 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 Hibner
(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 Hiibner (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 Hiibner (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.

Decile, =[(n—1)><2:|+1 (3.1)

n,
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where Decile;, = Decile order attributed to the fund 7 in year ¢ (i = 1 to n,).
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 ¢ — 1 has # equal to 1.
n, = Number of funds to split between the 10 deciles in year z.
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 Hiibner (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:

Ry, =0a,+B,R,+¢, (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)
R, = Return of decile d at period ¢
R, = Return of the FoF index at period ¢
o, B, €, = 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 (e;), 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 = Oyt B dHFRdFoFt * Caype (3.3)
where dp;r =1 to 10 for the 10 individual hedge funds deciles
dp. =1 1to 10 for the 10 funds of hedge funds deciles

t =1 to 96 (months)

R = return of the individual hedge funds decile d,,,.

dHFt N
at period ¢
R, =return of the funds of hedge funds decile d; . at
FoFt . FoF
period ¢
Oy oo B dpp Edpgpe = DETCEDE, 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 + ﬁdHFRFOFl‘t + gdHFt (3'4)
where dy;r=1 to 10 for the 10 individual hedge funds
deciles
Rpop,; = 110635 for the 6335 existing funds of hedge
funds

t =1 to 96 (months)
dpype = Teturn of the individual hedge funds decile
d,, at period ¢
R, p,=return of the funds of hedge funds 7 at
7 .
period #
Oy By and € Ayt = intergept, slope,.and error term of the re-
gression, respectively

R
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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 Hubner (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 Biirki 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
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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
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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
Hiibner, 2004. Capocci, Corhay, and Hiibner 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
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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 R
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
Ind$ 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
Indla 1.47% 7.26% -1.48%** 3.47%%# 0.72
Ind1b 1.62% 5.03% -0.32% 0.65
Ind1c 1.48% 4.46% -0.28% 0.67
Ind10a 0.90% 3.11% 0.08% 0.30
Ind10b 0.53% 4.34% -0.64% 0.31
Ind10c 1.30% 517% 0.03% 0.26
Panel B: Directional Hedge Fund Deciles
Decile Mean  Standard Deviation  Alpha FoF Index R,
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% 1.477%%* 0.75
DS 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% 0.29
D1la 1.67% 8.90% -1.93%** 0.71
D1b 1.49% 6.06% -0.86%* 0.65
Dilc 1.64% 4.93% -0.27% 0.65
D10a 0.86% 4.66% -0.36% 0.29
D10b 0.31% 4.84% -0.99%** 0.30
D10c 1.29% 6.84% -0.18% 0.19

*#* Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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TABLE 3.4 (continued)

Panel C: Nondirectional Hedge Fund Deciles

Decile Mean  Standard Deviation  Alpha FOF Index R

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%" ¢ 0.62
ND4 1.01% 1.27% 0.54%" 0.59
ND$ 0.98% 1.06% 0.59% 0.58
NDé6 0.79% 1.00% 0.42%" 0.60
ND7 0.77% 0.92% 0.46%*** 0.49
ND8§ 0.81% 0.93% 0.47%*** 0.58
ND9 0.94% 1.49% 0.48%*** 0.41
ND10 1.32% 2.94% 0.68%** 0.20
ND1a 1.32% 4.47% —-0.08% 0.43
ND1b 1.55% 2.74% 0.65%** 0.46
ND1c 1.90% 2.71% 0.94%*** 0.54
ND10a 1.35% 4.69% 0.86%* 0.04
ND10b 1.33% 2.82% 0.57%* 0.31
ND10c 1.26% 3.82% 0.59% 0.13

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

global index in a significant way. All deciles are significantly and positively
exposed to the global index. The R, 4; 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 R?, 4 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
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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 R?, 4 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,;; 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
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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 R?, Jj 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, ND35, ND6, ND7, and NDS8). Finally, the average R? ,. 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 R?, dj
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
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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 Rzadj obtained lie between 0.150 and 0.3435, the highest
ones being those of middle-decile portfolios. As mentioned in Capocci
(2004b), these figures may seem low, but R?, 4 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 R? 4 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 NDS5, 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 R?_,.
are slightly lower than in the previous categories, but still higher for middle-
decile portfolios.

GONCLUSION

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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Analyzing Style Drift
in Hedge Funds

Nolke Posthuma and
Pieter Jelle Van der Sluis

nce 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

The views expressed in this chapter are those of the authors and do not necessarily
reflect those of our employer and colleagues.
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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
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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/bigh 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 floaz-
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/Macre 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:

k
R =a+) BF, +¢ (4.1)
k=1

where R, = return on a hedge fund at time ¢
K = number of factors
F, , = return on factor k at time ¢
B, = fund’s exposure to factor k
o = unexplained systematic part of the return

g, = 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
F, ;: 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 R?)
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

k
R =a+) BF, +¢ (4.2)
k=1
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k
with constraints Y f,=1and f8, 20,
=

where R, = return on a hedge fund at time ¢
K = number of factors
F, , = return on factor k at time ¢
B, = fund’s exposure to factor k
o = unexplained systematic part of the return

g, = 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 F,, can be asset-based factors
and the traditional assets, such as equity and bonds. The constant term o
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:

k
R =a+) B F, +¢ (4.3)
k=1

ﬁk,t = ﬁk,t—l + nk,t
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Here ¢, and 7, , are normally and identically distributed with variance
ozand o}, respectively. Note that the betas are following a random walk.
Unlike thé 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 67 and o7}, 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 R? to the dynamic model as our
goodness-of-fit statistic. We define R? as the percentage of variance of the
var(e)
var(R)’
In the case R? = 1, there is no tracking error, and the style factors fit per-
fectly. The number 1 — R? 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 R? 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

dependent variable that is explained by the model, that is, R* =1-
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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 + Q. 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 £ 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:

VaR =+/VaMR”® + VaSR* (4.4)

The VaMR is defined as

VaMR =

The VaSR equals { o, , where { is the a quantile of the normal distri-
bution and o, is the volatility of the error term in (4.1). In equation 4.5, the
p;,; are the correlation between monthly returns of the hedge fund indices
and F; is the a-percentile of the factor returns F, 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 R? 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



Analyzing Style Drift in Hedge Funds 101

0.75 Exposures over time

0.50
0.25
0.00
-0.25

-0.50
1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004

Alpha
Market
Size

40 Value
Momentum
CoveredCall
Error

20 Excess Return

1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004

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.

risk factors. We use the same risk factors as in the previous example and the
same period under consideration. The R? 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 4.2 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.

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



Analyzing Style Drift in Hedge Funds 103

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 4.8 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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GONCLUSION

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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his 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).!

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

Lee 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.



Hedge Fund Allocation under Higher Moments and Illiquidity 107

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.? 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

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

Utility 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

Wlen =g, 720,741 (5.1)

where 7 is the one-period return
yis a parameter for risk aversion

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

u(l+r)=In(1+7),r>-1 (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
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theory, see Hakansson and Ziemba 19935.) 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
Miiller (2003). Harvey and Siddique (2000) show that systematic skewness
in asset returns is economically significant and commands a risk premium.
Harvey, Liechty, Liechty, and Miiller (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

1 1,
flen=—i+w-30 (5.3)

where = expected return
o% = 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 7. In this study, yis set to 0, 0.5, 1, 2,
3,5, 10, 20, 30, 40, and 60, respectively, indicating investors’ risk attitudes
ranging from risk neutral (y= 0) to very risk-averse (y= 60), and where y=1
corresponds to the logarithmic utility in equation 5.2.
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At the beginning of each period ¢, the investor chooses a portfolio, @,
on the basis of some member y 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 #:

mfxE|:11 (1+7.(@,) ”] maxZn’ ) (s
. Y
subject to
¢, 20,0, 20,0, <0,Vi, (5.5)
z¢it+¢Lt+¢Bt =1’ (56)
zmiz‘pir =1, (5.7)

where 7, (@,) = the (ex ante) return on the portfolio in period ¢ if state s
occurs,

2 ¢1t it + ¢l4zrl,z + ¢BtTBt

y = the risk-aversion parameter which remains fixed over time
¢,, = the proportion of wealth invested in risky asset 7 in period ¢
¢, , = the proportion lent in period ¢
¢p, = the proportion borrowed in period ¢
¢, = the vector of weights (¢, ,,... ¢, .0, o Pp )
r,, = the anticipated total return for asset 7 in period #
rLt)rB , = the interest rate on lending and borrowing at the beginning
of period ¢
m,, = the initial margin requirement for asset 7 in period ¢
expressed as a fraction
.. = the probability of state s at the end of period ¢

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.
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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, ¢, system (5.4) to (5.7) is
solved by a sequential quadratic programming method, using returns from
the estimation period preceding period . At the end of the first estimation
month, #, 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 ¢ 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 r,, and x,_ ). 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, r, . (j =1,...,36), are used, and the set of realized returns for
each past monti1 is given the weight 1/T (. = 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 ¢ is then E,_ [r] 3 27 T;» 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
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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

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 illig-
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 yranging 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.* 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

#Only in three cases is the correlation below 99 percent, and for these three cases (y
=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.
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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 #-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 ¢-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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Hedge Fund Allocation under Higher Moments and Illiquidity 121

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

GovB
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FIGURE 5.3 Average Allocation to Asset Categories for Power-Utility Investors
Average allocation to asset categories for power-utility investors with risk-aversion
parameter ranging from 60 to 0. Stocks are represented by the WORLD index and
hedge funds by the HFRI index.
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FIGURE 5.4 Average Allocations to Hedge Funds for Power-Utility Investors
Average allocation to hedge funds for power-utility investors with risk-aversion par-
ameters ranging from 60 to 0. Stocks (not reported) are represented by the USA
index, the EUR index, and the JAP index. Hedge funds are represented by the EQ
HEDGE index, the MACRO index, the DISTRESSED index, and the MERGER
index. The sum of weights allocated to hedge funds is shown, as well as the alloca-
tion to HFRI from Figure 5.3.

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 y= 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 7y 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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FIGURE 5.5 Allocations for the y =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, ,
equaling 10.

Importance of lliquidity

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
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FIGURE 5.6 Annualized Realized Returns for Power-Utility Investors

Annualized geometric mean returns and standard deviations (for power investors)
for portfolios including the equity markets of developed countries (WORLD), with
and without hedge funds (HFRI) included in the investment opportunity set. The
HFRI is adjusted for survivorship bias and also (1) by desmoothing and (2) by de-
smoothing and imposing a 12-month lockup constraint. Monthly rebalancing over
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 (¥ = 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

Panel A: Average Allocations
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FIGURE 5.7 Average Allocations for Different Power Investors and Allocations for
the y = 10 Investor over Time

Panel A displays the average allocation to the HFRI for power-utility investors with
risk-aversion parameters ranging from 60 to 0, when the HFRI is survivorship
adjusted only and when it is also desmoothed. Panel B displays allocations to the
HFRI index from January 1993 to October 2002 for the y = 10 investor when

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 y = 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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FIGURE 5.8 Capital Growth and Allocation for a Power-Utility Investor with y =1
Panel A displays the growth of portfolios from January 1993 to October 2002 for a
power-utility investor with a risk-aversion parameter, ¥, 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.

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.

GONCLUSION

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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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.



Revisiting the Role of Hedge
Funds in Diversified Portfolios

Jean Brunel

edge 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

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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130 PORTFOLIO ALLOCATION IN HEDGE FUNDS

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
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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.

. 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

TABLE 6.2 Return and Volatility Statistics, Absolute Return Strategies

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

Return  Volatility Return  Volatility

Equity Market Neutral 9.14%  3.22% 4.79%  2.96%
Fixed Income Diversified 547%  3.30% 10.53%  4.53%
Convertible Arbitrage 10.64%  3.40% 851%  3.07%
Fixed Income Total 10.36%  3.51% 833%  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%
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TABLE 6.3 Return and Volatility Statistics, Directional and Semidirectional

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

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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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%

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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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 § 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



TABLE 6.5 Ranked Skewness for Hedge Funds and for Traditional Assets

Skew
7/00 to 6/04 1/90 to 6/04
Fixed Income Morigage 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 Diversifed 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
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TABLE 6.6 Ranked Kurtosis for Hedge Funds and for Traditional Assets

Kurtosis
7/00 to 6/04 1/90 to 6/04
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
Conwvertible 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 Arbitragge 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
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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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TABLE 6.7 Efficient Frontier Portfolio Characteristics, Fixed Income-like

Universe

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%

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.

TABLE 6.8 Efficient Frontier Portfolio Characteristics

Expected Return 15.62% 16.64% 16.65% 16.65% 16.65%
Expected Risk 8.59% 9.00% 9.05% 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%
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TABLE 6.9a Efficient Frontier Portfolio Characteristics
with the Salomon BIG Producing Positive Returns, Fixed
Income-like Universe

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%

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.

TABLE 6.9b  Efficient Frontier Portfolio Characteristics with the Salomon BIG
Producing Negative 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% 0%
Bond 0% 0% 0% 0% 0% 0%
Absolute Return Strategies 0%  17% 40% 62% 83%  100%

Total 100% 100% 100% 100% 100%  100%
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TABLE 6.10a Efficient Frontier Portfolio Characteristics in a High Equity Return

Environment, Equity-like Universe

Expected Return 32.55%
Expected Risk 6.76%

Target Risk 6.76%

Portfolio Composition

Equity 63%
Equity Hedge 0%
Equity Non-Hedge 0%
Managed Futures 37%
Global Macro 0%

Total 100%

22.54%
7.75%

7.75%

37%
0%
0%

63%
0%

100%

42.98%
8.75%

8.75%

3%
0%
97%
0%
0%
100%

42.83%
8.94%

9.75%

0%
0%
100%
0%
0%

100%

42.83%
7.58%

10.75%

100%
0%
0%
0%
0%

100%

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.

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

Expected Return 8.51%
Expected Risk 1.02%

Target Risk 1.02%

Portfolio Composition

Equity 100%
Equity Hedge 0%
Equity Non-Hedge 0%
Managed Futures 0%
Global Macro 0%

Total 100%

15.17%
3.50%

3.50%

20%
68%
10%
0%
2%

100%

18.29%
6.00%

6.00%

0%
0%
76%
0%
24%

100%

17.45%
8.50%

8.50%

0%
0%
25%
0%
75%

100%

16.94%
10.60%

11.00%

0%
0%
0%
0%
100%

100%
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TABLE 6.10¢  Efficient Frontier Portfolio Characteristics in a Negative Equity
Return Environment, Equity-like Universe

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%

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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TABLE 6.11 z-Score Based Efficient Frontier Portfolio Characteristics, Fixed
Income-like Universe, with A =0.01 and y=0.01

Return 0.37% 0.46% 0.52% 0.55% 0.63%
Volatility 0.16% 041% 0.66% 0.81% 1.13%
Skewness -0.24 -046 -047 -047 -0.46
Kurtosis -0.57 1.01 0.90 0.84 0.75

Target Risk 0.16% 041% 0.66% 081% 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%

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 A
denotes the scaling constant for skewness and vy 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 + A x Skewness — y x 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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TABLE 6.12 z-Score Based Efficient Frontier Portfolio Characteristics, Fixed
Income-like Universe, with A =0.005 and y=0.005

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 6.13 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

TABLE 6.13 z-Score Based Efficient Frontier Portfolio Characteristics, Equity-like
Universe, with A=0.01 and y=0.01

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%
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TABLE 6.14 z-Score Based Efficient Frontier Portfolio Characteristics,
Equity-like Universe, with A=0.01 and y=0.01

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%

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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GONCLUSION

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 