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funds (i.e. funds of hedge funds). The central question is if the use of hedge fund styles can significantly explain
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fund of hedge funds.
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Executive Summary
This is a master’s thesis completed at Linköping Institute of Technology in
collaboration with Optimized Portfolio Management. The purpose of the thesis has
been to explore the use of hedge fund styles when constructing portfolios of hedge
funds (i.e. funds of hedge funds). The central question is if the use of hedge fund styles
can significantly explain and improve risk adjusted returns (characterized by Sharpe
ratios). To achieve the relevant results, this study has been done in several stages:
 Evaluation of the risk adjusted returns in hedge fund styles in a historical
perspective
 Evaluation of correlations between hedge fund styles and traditional financial
markets
 Evaluation of internal correlations and covariances within the hedge fund styles
 Evaluation of prediction models for risk and return
 Evaluation of portfolio construction methods
To represent the hedge fund styles we have used the alternative hedge fund indices
provided by EDHEC Risk. These indicate a very heterogeneous hedge fund universe
with a substantial spread in risk adjusted returns between the styles (Sharpe ratios
reaching between 0.15 and 2.58 during the period Jan. 1997 – Sep. 2004). Over a long
perspective, the Equity Market Neutral style is far superior to the others showing a
46 % higher risk adjusted return than the second best.
It is first when we study risk adjusted returns on an annual basis that we see tendencies
of very inconsistent Sharpe ratios. This indicates that there indeed are very good
conditions for Tactical Style Allocation in fund of hedge fund allocation. Studying the
internal correlation structure shows relatively low coefficients of correlation, which
further indicates good diversification conditions between the styles. Correlations
however show signs of serious instability creating a problem for successful portfolio
construction. Our results show that at least 36 months of data are needed in order to
achieve sufficient stability while allowing for structural changes. This creates
problems when creating covariance matrixes, which are exposed to the instable
correlation. We have found correlations to be 10 times more volatile than the variances
why correlations account for virtually all instability in the covariance matrixes (which
hence also need at least 36 months of data for reasonable stability).
Unstable returns and covariances call for good prediction models. We have evaluated a
series of regression and exponentially weighted moving average (EWMA) models in
this thesis. Our findings show that EWMA models are superior to both standard
regression models (using a subset of macro factors) and regression models adjusted
through principal component analysis (PCA). In particular, we found that a EWMA
model using a rolling 60 month window to be the most successful. The poor
performance of the regression models indicate however that the exposure to various
risk factors change over time (at least on index basis).
i

What is also of interest is predictions of the covariance matrix. For this purpose we
have evaluated EWMA models as well as an improved covariance estimator using
PCA. Even though 60 month EWMA models turned out best, the difference is not
large enough to discard the PCA models completely.
With the purpose of evaluating only the covariance matrixes we construct minimumvariance portfolios. What they indicate is how low risk we can achieve through style
diversification. The results show that it in fact was the best performing prediction
model (60 month EWMA) that achieved the lowest portfolio standard deviation. Our
fund of hedge fund, aimed at minimum variance, provided 43 % lower standard
deviation than that of the aggregated hedge fund index (represented by a naively
diversified portfolio in all style indices). Unfortunately, this portfolio performs worse
in terms of risk adjusted return than the aggregated hedge fund index.
Using a traditional mean-variance portfolio optimized Sharpe ratio, we evaluated a
number of risk and return prediction models. Most successful was a portfolio created
using a 36 month rolling window EWMA model for return prediction, and an
improved covariance estimator using PCA (also over 36 months). This fund of hedge
funds yielded a Sharpe ratio 74 % higher than that of the aggregated hedge fund index.
Unfortunately, this portfolio has extremely unstable style allocations, which in
extension will lead to an increased costs structure (and lower Sharpe ratio) due to
transaction costs. This leads us to believe that with the return prediction we have
evaluated, mean-variance portfolio construction is not a feasible option.
To summarize our findings regarding portfolios of hedge fund indices, both our
attempts have achieved the goals we set out (i.e. the minimum-variance portfolio
provides significantly lower risk than a naively diversified portfolio and the meanvariance Sharpe optimized portfolio provides a considerably higher Sharpe ratio than
the naively diversified portfolio). Unfortunately the Sharpe optimized portfolio does
not provide a sustainable solution in terms of extremely unstable portfolio weights
which is not preferable when investing in hedge funds. What it nonetheless implicates
is that there is in fact a significant role of hedge fund styles when it comes to boosting
risk adjusted returns.
This all calls for a different allocation methodology to achieve stable portfolios as well
as superior Sharpe ratios. We want to use the results we found regarding variations of
annual Sharpe ratios historically. By characterizing each year by what happened in the
financial markets (i.e. studying a number of macro variables) it should be possible to
construct an allocation model of which styles tend to perform well under certain
market conditions. Hence, we think that a successful fund of hedge fund manager will
need to determine which styles will be appropriate for upcoming financial events.
Even though we have been touching on this area, we believe that it is in this area that
further research needs to be done.
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Hedge Fund Style Allocation

1 Introduction
In this section we present a brief background to the thesis, the purpose of the thesis
and the delimitations we have applied. Lastly we have provided some reading
instructions that may be applicable to the reader.

1.1 Background
The hedge fund market has witnessed great changes since the days of Alfred W. Jones
who in 1949 started the first hedge fund. From first being recognized as alternative
investments aimed at wealthy individuals and professional investors, hedge funds are
now becoming more of a mainstream asset class available to a larger group of
investors. Despite over 50 years of evolvement, the hedge fund industry still faces a
number of market efficiency issues including transparency, lockup periods, and high
minimum investments.
Investors are now faced with a vast number of funds to choose from, which is both
tiresome and difficult for the untrained investor. This has lead to the rise of funds of
hedge funds, focusing specifically on allocating among hedge funds and overcoming
many of the difficulties in selection and minimum investments otherwise facing
investors. By combining investments of many investors, fund of hedge fund managers
are able to put pressure on the individual hedge fund managers and hence overcome
some of the transparency issues as well as lower the fees.
This thesis is written from the fund of hedge fund manager’s perspective. Our
collaboration partner throughout this study has been Optimized Portfolio Management
Stockholm AB (OPM). They have recently started a fund of hedge funds aimed at
providing high net worth individuals and institutions with superior risk adjusted
returns. What they are most interested in at present is how different hedge fund styles
influence the risk adjusted returns.
1

1 Introduction
To our help we have had, apart from our supervisors at OPM and Linköping Institute
of Technology, a large amount of very recent research publications. With the growth
of the hedge fund market, the amount of research in the area has also grown. Currently
researchers are working on prediction issues and the effects of non-normality on
portfolio construction, just to name a few areas.

1.2 Purpose
The purpose of this thesis is to evaluate the significance of hedge fund styles when
constructing portfolios of hedge funds focused on optimizing the risk adjusted return
(Sharpe ratio). A secondary purpose is to evaluate the conditions for predicting hedge
fund returns and volatilities.

1.3 Delimitations
To eliminate the task of categorizing individual hedge funds by investment style, we
are limiting our study to hedge fund indices. Each index represents a hedge fund style
and no further effort has been put into determining the correctness of these
classifications. We have only studied index returns from one provider (this provider
however calculates and provides a set of index of indices). The data range has been
limited to span between January 1997 and September 2004 and contain monthly
returns.

1.4 Method
This thesis is foremost a statistical study based on previously presented theories and
methodologies. As such, the results are relatively unbiased of our personal opinions
whereas the conclusions of course are based on our personal knowledge and
experiences. The study has been performed on monthly index returns provided by
EDHEC. Statistical analysis has been conducted using standard procedures of the
SPSS and MATLAB software packages.

1.5 Reading instructions
The reader is expected to have a mathematical and statistical understanding equivalent
to an engineering graduate. Not all statistical methods are presented in detail why
complementary literature might be useful.
Readers with substantial knowledge and experience of the hedge fund industry can
disregard chapters 2 and 3, which present basic information on the hedge fund
environment and portfolio theory.

2
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2 The Hedge fund environment
This introductory chapter serves to introduce the reader to hedge funds and the market
that they act in. We will introduce the market itself and compare it to the more
traditional market of mutual funds. Following that, the most common hedge fund
strategies are briefly described. Hedge fund indices are then introduced and discussed
as a way of dealing with the various strategies. Lastly the concept of fund of hedge
funds is introduced together with our client company, Optimized Portfolio
Management Stockholm AB.

2.1 The fund market
Investors are faced with a huge number of different investment opportunities. He or
she can basically either invests in the fundamental financial instruments (i.e. stocks,
bonds, commodities, and various derivatives of these) or in managed products, which
in turn invest in the basic financial instruments. In this thesis we are only concerned
with a sub set of the managed products market, namely hedge funds. We will
nevertheless also introduce the other most common product – mutual funds.

2.1.1 Mutual funds
Investing in securities is for most people done through mutual funds. A mutual fund is
simply capital pooled from many investors that can be invested in stocks, bonds or
other securities. The supply of mutual funds is enormous and the funds are offered in a
great variety, e.g. small / big cap, value / growth, sector funds, geographically focused
funds, bond funds, etc. In the US alone, total mutual fund wealth exceeded $ 7.4
trillion (Investment Company Institute, 2004). Among many advantages are low cost
diversification and professional management. Mutual funds allow investors to cut
down on risk by diversifying and also give access to a huge number of investment
opportunities, usually otherwise not reachable due to limited amounts of capital.

3
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Mutual funds strive for relative return and usually compare their returns to a certain
benchmark or index. Many mutual funds attempt to follow this index or benchmark,
and therefore purchase every stock or bond represented in the index (alternatively in a
quantitative manner select and purchase a subset of the index that will behave just as
it). Their goal is to achieve a return that exceeds the benchmark in all types of market
conditions. A manager is successful if he or she exceeds the index, even though the
index has dropped 30 %. The mutual funds also measure risk by comparing the return
against a certain benchmark or index, for example S&P 500. A deviation from the
benchmark gives the mutual fund an opportunity to make a better return than the
index, but it also creates the risk that the fund will perform worse than the benchmark.
Because of legal limitations, mutual funds are not allowed to sell a stock short, which
usually leads to losses if the market declines.
All mutual funds carry some form of cost. Most common is a fixed management fee of
around 1 – 2 % annually. Many funds also carry purchase and / or sell costs charged
on the total amount invested, typically 1 – 5 %. Important is that the costs are not in
any way associated with the funds returns.

2.1.2 Alternative investments / Hedge funds
A hedge fund can be described as a fund with a high level of flexibility, available to
act in several financial markets, using many different strategies. Hedge funds can take
long and short positions, for instance in the equity market, use leverage to increase the
return, and use different types of derivates such as puts, calls, swaps, futures, etc.
Hedge fund investors are usually high net worth individuals or institutions. The
minimum investment usually ranges from $ 100.000 to $ 5 million. The aim for all
hedge funds is to perform well independent of the market condition, and hence to
produce absolute returns. Their main investment goal is to achieve an annualized
return of approximately 10-15% (Anderlind et al, 2003).
The hedge fund industry has over the past decades grown exponentially, see figure 1
below. Every year so far has seen record inflows of capital to the industry and the
trend does not seem to be slowing down. The expected long-term growth of the market
is estimated to be around 20 – 25 % annually (10 % gross performance and 10 – 15 %
new capital inflows)1. Ever since Albert W. Jones started the first hedge fund back in
1949, much of the industry has been associated with secrecy and non-transparency.
The industry has mainly been aimed at wealthy individuals who were looking for
absolute performance, even in market down turns. However, this has over the past few
years started to change. The reason is that institutional investors, such as insurance
companies and pension funds, are starting to invest in hedge funds. In fact, the
institutional investors’ share of the hedge fund market has increased from 19 % in
1992 to over 55 % at the end of 2003.2 This radical change in the hedge fund’s client
base has brought about changes to the way business is done in the industry. The
institutions have demanded a higher level of transparency and in many ways shifted
1
2

Harcourt Investments AG, 2004
EDHEC-Risk, Alternative indices
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the hedge fund industry from being an investment activity in the periphery to
becoming a mainstream asset class.

Figure 1 Number of hedge funds and assets under management (AUM).
Source: HFR

Because of the unregulated nature of the industry, it is very hard to know the exact
market size. Estimates by industry practitioners indicate that the assets under
management is somewhere between $ 7503 and $ 1.0004 billion US. These assets are
managed in around 9,000 hedge funds by approximately 3,500 managers.4 To put the
hedge fund industry in perspective to the financial markets as a whole, the hedge funds
account for approximately 1.3 % of the total market (3.5 % leveraged). Estimates also
indicate that around 10 % of the global trading volumes can be derived to hedge fund
trading.4
A great misunderstanding about hedge funds is that they are associated with a high
level of risk (volatility) and that they use the same type of strategy, namely the Global
Macro5. In fact, this is not always true; many hedge funds try to reduce the risk and
protect themselves against losses by hedging their positions (normally with derivates)
against unexpected market turns. The most important target for almost every hedge
fund manager is to reduce the volatility and make money irrespective of market
condition. Investing in hedge funds is usually associated with a limited liquidity.
Transactions to and from the fund are usually not conducted more often than monthly,
often quarterly. Many hedge funds also have a lock-up period of one to several years.
Both the poor liquidity and the lock-up periods are required because the investments
are often illiquid in nature (e.g. corporate debt). These limitations in liquidating the
portfolio positions are by investors generally referred to as liquidity risk. Another risk
that is, or has earlier been associated with hedge funds is fraud risk. This type of risk
3

TASS Research, 2004
Harcourt Investment AG, 2004 Q1
5
Global macro stands for less than 5 % of the assets allocated in different hedge funds.
4
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stems from the unregulated nature of hedge funds and is becoming less and less of a
problem due to the entrance of institutional investors to the hedge fund arena (as
described above).
Hedge funds also carry a fee structure. As opposed to mutual funds, hedge funds
charge an incentive fee dependent of the performance of the fund. If the hedge fund
makes a loss, no incentive fee is charged. The incentive fee is based on a percentage of
the profit, generally 20 %. Hedge funds typically also carry a small fixed management
fee around 0.5 – 1 %.
It is most common that the hedge fund manager acts both as an investor and as a
manager. In most cases, the manager invests a great deal of his / her own capital in the
hedge fund. This gives the manager a greater challenge to perform well as well as a
proof of the manager’s dedication to the funds performance.

2.1.3 Differences between hedge funds and mutual funds
Hedge funds separate in a number of ways relative to the traditional mutual funds.
Table 1 illustrates the main differences between the two investment options.
Table 1 Summary of the main differences between hedge funds and mutual funds
Investments
Return
Risk
Fees
Liquidity
Information
Manager
investments

Hedge funds
Very flexible
Absolute
Losing money
Fixed and performance
Monthly, quarterly
Limited
Very common

Mutual funds
Strict
Relative benchmark
Differ from benchmark
Fixed
Daily
Transparent
Not common

The most evident difference is the legal structure of the two investment vehicles. The
unregulated hedge funds call for an extremely flexible investment approach in relation
to mutual funds. The differences in investment approaches in turn call for the second
obvious difference; the return targets. Hedge funds do not compare their returns
against a special benchmark. Instead, they try to make money independent of market
conditions. Hedge funds and mutual funds also differ in their approach to face risk.
The risk, associated with hedge funds is the risk of losing money. With mutual funds,
the risk is the actual deviation from the funds selected benchmark.
In terms of fees, hedge funds and mutual funds have some similarities but also
differences. Both types charge a fixed management fee, however, a smaller fee is
charged for hedge funds. The major difference is the incentive based fee charged by
hedge funds. This fee may at times be larger but is only paid on positively generated
returns.
Due to the lack of transparency in hedge funds, they differ in valuation compared to
mutual funds. Information on mutual funds is more open, and performance is reported
6
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on a daily basis as a net asset value (NAV). Hedge funds report only once a month.
However, hedge funds have no obligation to publish financial information. Even
investors have limited access to the information. This lack of information to investors
is changing, because of the hedge fund’s need to attract new groups of investors,
especially institutions.
In the world of mutual funds, an investment by the manager in charge is very
uncommon. The mutual fund manager, as opposed to the hedge fund manager, incurs
no personal financial gains / losses from a good / bad performing fund.

2.2 Hedge fund strategies
In this section we will briefly describe the most common strategies in the hedge fund
universe. Each strategy will later be analyzed in terms of a sub index. Figure 2 below
gives the reader an indication of the relative sizes of each strategy.

Figure 2 Strategy composition by assets under management (Q4 2003). Source: HFR

Although historical returns are shown in conjunction with each strategy, more detailed
information can be found in Appendix 1.

2.2.1 Convertible Arbitrage
The Convertible Arbitrage strategy involves taking offsetting positions in mispriced
(undervalued) convertible bonds. The convertible bond is a hybrid between a bond and
a stock, the valuation is therefore dependent on these two instruments. The core
strategy for the hedge fund manager is to identify undervalued convertible bonds (i.e.
mispriced relative to the underlying stock) that he or she believes will have a favorable
return. If the manager finds a mispriced convertible bond, he or she purchases it and
7
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sells the underlying stock short. If the market declines, the price of the convertible
bond tends to fall less rapidly than the underlying stock. If the opposite occurs (rising
equity market), the bond tends to mirror the price of the underlying stock. The amount
of shares that are sold short is dependent on how much market exposure the manager
wants. The Convertible Arbitrage manager’s ability to realize a profit in any type of
market condition is dependent on his or her skill to identify undervalued convertible
bonds. If the market is bearish, the amounts of shares sold short is a greater number
than the conversion factor. In a bull market, the amount of shares sold short is smaller
than in the bearish market approach. If the price of the stock falls, the manager will
make a profit from the shares that have been sold short, but a loss on the convertibles.
If prices rise, the manager will realize a loss on the stocks that are sold short, but a
gain on the convertibles. Over all, the right amount of shorting will always make it
possible to achieve a positive return, which of course requires a correct market
prediction.

Figure 3 Historical return characteristics of the Convertible Arbitrage strategy compared to the
S&P 500 and Lehman Brothers US Aggregate Bond Index

The Convertible Arbitrage strategy has performed a consistently low risk return, with
lower standard deviation than traditional investments. One explanation to the steady
performance can be assigned to the manager’s adaptability for different market
conditions.

2.2.2 CTA Global
Commodity Trading Advisers, commonly referred to as CTA Global funds or
managed futures, invest in world wide financial markets, including the commodity and
currency markets. Most CTA funds take bets on market momentum (i.e. they follow
market trends). There are several different sub-strategies under the CTA strategy, for
example long-term, short-term and non-trend followers, which among them tend to
have very low correlation. The majority of the CTAs are systematic (i.e. they use
sophisticated models to find investment opportunities).
8
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Managers of this strategy usually take all bets their models suggest, even though they
seem to contradict each other, such as taking both a long commodity as well as a long
fixed income position (unlike Global Macro, see section 2.2.8). This might not always
be the best strategy, but it tends to lead to that CTA managers are unlikely to miss any
major market movements. Because the CTAs rely so heavily on their models to find
investment opportunities, their timing is usually different than the Global Macro
strategies. Macro managers rely on fundamentals, which allows them to be very early
in the trends. CTA managers on the other hand need a persistent shift for their models
to notice it, which means that they tend to be both later in catching a trend as well as
later to get out.
Even though CTA and Global Macro have access to the same markets, the CTAs tend
to be more diversified in that they trade in more individual markets increasing their
exposure to trends.

Figure 4 Historical return characteristics of the CTA Global strategy compared to the S&P 500
and Lehman Brothers US Aggregate Bond Index

2.2.3 Distressed Securities
The Distressed Securities strategy attempts to generate profits by investing in
companies in financial distress (i.e. under reconstruction, bankruptcy, liquidation,
etc.). A manager typically purchases a company’s securities (stocks, convertibles or
(un)secured debt) and holds it throughout the restructuring period. The strategy is to
capitalize on the knowledge, flexibility, and patience that a distressed securities fund
manager has that the creditors of a company often do not have. Many institutional
investors, such as pension funds, are banned by regulators from buying or holding onto
below investment-grade bonds (BBB or lower) – even if the company is a feasible one.
Often they may therefore sell at sharply discounted prices, which often has the effect
of lowering prices further. Banks, on the other hand, often prefer to sell their bad loans
(which are no longer paying interest) in order to remove them from their books and to
use the freed-up cash to make other investments. Sometimes sufficiently large
proportions of company debt are purchased for the hedge fund manager to take a
9
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position on the board of creditors, giving him yet further opportunities to influence the
outcome probabilities.
Profits hence depend on the manager’s ability to assess success probabilities of the
different investment options. The strategy is generally characterized by high returns
and some degree of correlation with the stock and bond markets and can hence be
thought of as a “return enhancer”.

Figure 5 Historical return characteristics of the Distressed Securities strategy compared to the
S&P 500 and Lehman Brothers US Aggregate Bond Index

2.2.4 Emerging Markets
This strategy aims to take advantage of emerging financial markets’ inefficiencies.
Many emerging markets show a great lack of financial information transparency,
which leads to inefficient markets with lots of mispriced assets. The Emerging Market
specialist searches these markets to identify undervalued assets. To find these assets,
they use their special talent, in combination with on the ground presence. The core
strategy is to identify the undervalued assets before the market corrects itself.
Emerging markets are associated with different risk factors such as; illiquidity, limited
market infrastructure, very few investment options, lack of information and political
turmoil. An investment in such a market is associated with greater risk than the
developed markets. On the other hand, these risk factors can provide great investment
opportunities.
Because of the limited market infrastructure, the managers primarily take long
positions (shorting is typically not allowed and derivatives not available), which limits
the possibility to hedge against falling prices. The Emerging Market specialist
identifies undervalued stocks by fundamental bottom up research. They make
investments (purchase stocks and / or bonds) in securities that they believe the market
has mispriced. To keep the losses on a controllable level, they usually sell a stock
when it falls to a specific stop-loss level.
10
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Emerging Markets has performed relatively poorly during the late 1990’s, with a low
average annualized return at volatility comparable to the S&P 500 index. Emerging
Markets strategies have however the later years produced higher returns. This leads to
a strategy that exhibits large short-term volatility.

Figure 6 Historical return characteristics of the Emerging Markets strategy compared to the
S&P 500 and Lehman Brothers US Aggregate Bond Index

2.2.5 Equity Market Neutral
The Equity Market Neutral or statistical arbitrage strategy involves taking offsetting
equally sized long and short positions in the equity market. Managers use sophisticated
qualitative and quantitative models to select stocks. Long positions are taken in the
stocks that are expected to outperform the market and stocks expected to underperform are sold short. Since the portfolio is balanced by equally long and short
positions, it is more or less isolated from any general market changes. Managers derive
profits from the ability of their models to select over- and undervalued stocks,
independent of market direction. The strategy is not, as the name may try to deceive,
without risk. It simply neutralizes market risk in flavor of stock selection risk.
The strategy, because of the approach of selecting both good and bad stocks, is
expected to perform well in all economic environments. Performance will however
depend on which factors have or have not been neutralized. Theoretically the strategy
eliminates the risk of loss occurring due to market decline and it has a chance of
providing positive returns even in a down market. In the worst case scenario every
stock will drop 0 in value which will incur a 100% loss on the long positions and
100% gain on the short positions and thus the manager will still achieve a positive
return from the interest earned on the money invested in the money market received
from the short sales.

11
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Figure 7 Historical return characteristics of the Equity Market Neutral strategy compared to
the S&P 500 and Lehman Brothers US Aggregate Bond Index

2.2.6 Event Driven
The Event Driven strategist invests in the outcome of significant events that will occur
during a company’s life cycle. Significant events consist of three main strategies: (1)
Risk arbitrage opportunities incorporate hostile takeovers, mergers and acquisitions
and liquidation. (2) Distressed securities situations include bankruptcies,
recapitalizations, restructurings and reorganizations. (3) Special situations embrace
spin-offs of a division or a subsidiary and situations where the asset mix of the
company is significantly changed, such as a large sale or a purchase of the major
assets.
The core strategy is to anticipate the outcome of certain events, the uncertainty of the
outcome creating the investment opportunities. Because of the corporate life cycle,
managers of Event Driven hedge funds focus on corporate events rather than the
direction of the market. For instance, in an economic upturn, more mergers are carried
through. In an economic decrease, more bankruptcies and liquidations occur.
Because of the uncertainty, the manager tries to be very flexible and use his or her
specialty knowledge to take advantage of the disparity in the market caused by the
uncertainty of the outcome. They search for near-term events, such a press release, that
will work as a catalyst. This catalyst event will hopefully change the market perception
of the company, and change the valuation of the company’s assets. The manager earns
a profit when the market corrects the valuation of the company’s equity and debt
according to his or her anticipation the outcome of the event. In terms of risk, the
strategy showed much lower risk than the S&P 500.

12
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Figure 8 Historical return characteristics of the Event Driven strategy compared to the S&P 500
and Lehman Brothers US Aggregate Bond Index

2.2.7 Fixed Income Arbitrage
Fixed Income Arbitrage involves taking offsetting positions in fixed income securities
and their derivatives. The manager seeks mathematical or historical pricing
abnormalities in the market, which he or she believes will return to normal. When, and
if, the abnormalities return to normal, the manager earns a profit. To minimize
exposure to shifts in the interest rate, the strategy usually involves taking both long
and short positions in related instruments. Since the pricing abnormalities normally are
very small, most managers take on heavy leverage to magnify the small changes in
relationships between instruments. Because of the vast number of different fixed
income instruments available today, there are a very large number of variances of the
fixed income strategy, which we will not go into any further.
Managers of Fixed Income Arbitrage funds can without the exposure to rising and
falling interest rates achieve consistent returns. The strategy has performed well over a
number of different economic conditions since it profits from pricing disparities and
not the timing of interest rate changes. Returns are as mentioned usually consistent and
the strategy thus exhibits very low volatility. A disadvantage of the strategy is that
pricing disparities are very complex to identify. Since selling instruments short is of
importance, managers are limited to markets where this is possible. This forces them
to trade on markets with extremely high liquidity, which in turn makes it even more
difficult to find significant pricing abnormalities.

13
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Figure 9 Historical return characteristics of the Fixed Income Arbitrage strategy compared to
the S&P 500 and Lehman Brothers US Aggregate Bond Index

2.2.8 Global Macro
Global Macro funds aim to profit from movements in the global markets, typically
caused by changes in government policies that impact interest rates, and in turn
influencing the stock, currency and bond markets. Global Macro is the broadest
possible mandate a hedge fund can have. Hence, the individual hedge funds tend to
differ significantly in their trading strategies. Global Macro managers usually take a
value – and often relative value – approach, expressed through the wide variety of
instruments used. Most Global Macro funds are discretionary.
One factor that sets the Global Macro strategy apart from the CTA Global strategy is
that Global Macro managers usually wait out market periods where their models give
contradictory signals that do not make sense to them.
Global Macro managers are not limited by a single market niche, but are enjoying the
opportunity to move from opportunity to opportunity and trend to trend. Since the
strategy has the largest asset size per fund, this is particularly important. Size is
typically viewed as a disadvantage but works for the macro manager’s advantage. The
strategy is often viewed as risky and speculative, which is reinforced by the large
profits and losses generated when the concentrated leveraged bets pay off – or fail.
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Figure 10 Historical return characteristics of the Global Macro strategy compared to the S&P
500 and Lehman Brothers US Aggregate Bond Index

2.2.9 Long/Short Equity
Mangers of the Long/Short Equity strategy invest in both long and short equity
positions. There is no general goal of maintaining equal amounts of long and short
positions (which sets the strategy apart from the Equity Market Neutral strategy).
Hence, the strategy does not typically achieve a market-neutral position, although
occasionally the manager may engage in one temporarily when he or she is lacking a
“feel” for the market.

Figure 11 Historical return characteristics of the Long/Short Equity strategy compared to the
S&P 500 and Lehman Brothers US Aggregate Bond Index

Positions are usually taken in the same sector (pair wise positions) to minimize the risk
of market fluctuations only affecting (or not affecting) certain sectors. The strategy
reduces market risk greatly, but stock picking and effective stock analysis is essential
15
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to achieve meaningful results. Leverage is typically used to enhance returns and
managers sometimes use market index futures to hedge out systematic risk.

2.2.10

Merger Arbitrage

The Merger or Risk Arbitrage involves taking positions in stocks that are involved in a
merger and acquisition (M&A) situation. Merger specialists try to anticipate the
outcome of an announced merger and take advantage of the discrepancies between the
target company’s current market price and the value it will reach if the deal is
completed. When an announcement is made, the two companies are in fact the same
company. The spread between the two stock prices therefore reflects the market
uncertainty until the deal will take place and the time value of money. The core
strategy is to purchase the stock of the company (target company) being acquired or
merged and simultaneously short selling the stock of the acquiring company. Every
M&A takes time and there is a considerable risk that the deal will not occur. Because
of risk involved in a merger the target company usually trades to a discount. After the
merger, if it occurs, the price of the stock will correct itself to a higher level. If the
transaction fails, the price will usually decline to a much lower level. Merger arbitrage
invests only in announced mergers, they do not try to anticipate upcoming mergers.
The Merger Arbitrage strategy is more event driven than market driven, the managers
are dependent on the overall volume this type of transactions provide (i.e. the strategy
needs a M&A friendly market environment to act). The strategy has performed in level
with S&P 500, however at a much lower risk in terms of standard deviation.

Figure 12 Historical return characteristics of the Merger Arbitrage strategy compared to the
S&P 500 and Lehman Brothers US Aggregate Bond Index

2.2.11

Relative Value

The objective of this strategy is to find and take advantage of relative price differences
between instruments that are related. This includes bonds, stocks and commodities
among others. The strategy usually includes the sub-indices equity-market-neutral,
fixed-income arbitrage and convertible arbitrage.
16
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Generally, the strategy is regarded as a low risk / low return strategy with extremely
low correlation with the stock and bond market.

Figure 13 Historical return characteristics of the Relative Value strategy compared to the S&P
500 and Lehman Brothers US Aggregate Bond Index

2.2.12

Short selling

The Short Selling strategy earns a profit when the market declines. A number of the
hedge fund strategies involve some form of short selling, usually as a hedging device.
The Short Selling specialist tries to take advantage of overvalued stocks that will
under-perform, and constructs a portfolio with only short held stocks. The manager
provides profit from both the stocks and from the fixed income. The core strategy is to
borrow an overvalued stock from a long investor and sell it on the market, with the
intention of repurchasing it back later at a lower price. Unlike other hedge fund
strategies, short selling does not involve any type of long investment, it does however
require collateral, generally a liquid security (cash or U.S Treasury Bills). The short
seller must pay any type of dividends to the shareholder, so it can be very costly if the
stock has a high dividend yield. The income from a short sale is held on a money
market account, earning interest (known as the short interest rebate).
If the stock price declines, the manager earns a profit, if the opposite ocurs, the
manager incurs a loss. A great disadvantage with a portfolio only consisting short held
stocks is the risk of an infinite loss. A long position has a potential loss that is finite
(the price of a stock can only decline to 0). In a short position the potential loss is
infinite. History has showed that it is very hard to identify overvalued stocks. During
the bull markets of the 1990s, many Short Selling specialist suffered great losses.
When the market changes to a bear market, short sellers can earn great profits. By
studying the annualized returns and standard deviations, we see that short sellers have
delivered results approximately the opposite to the S&P 500 index (which of course is
expected).
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Figure 14 Historical return characteristics of the Short Selling strategy compared to the S&P
500 and Lehman Brothers US Aggregate Bond Index

2.3 Hedge fund indices
Because the industry still is relatively young and unregulated with funds under no
obligation to disclose performance information, gaining information regarding return
characteristics is not straightforward. Fortunately most funds disclose information
regarding returns, which is collected by a handful of data vendors. It is however up to
each individual manager whether to disclose information and to whom (i.e. to which
data vendor). This means that no data vendor has a record of the complete universe of
hedge funds. In fact, the overlap between most data vendors databases, and hence
indices, can be considered very small (Brooks & Kat, 2002). It is very difficult to
evaluate the impact of this bias. Some managers will not disclose information because
of poor performance and others because they are in no need of further investments,
which means that it is not even possible to be sure of which direction the bias will
impact.
A different bias is whether a manager actually sticks to the declared strategy. Since
hedge fund managers are unregulated, it is possible to imagine that they might not
stand down an investment opportunity, even if it means slightly changing their
strategy. This will also impact the various strategy indices, to which degree is however
also impossible to evaluate.
Another important issue with hedge fund indices is what is referred to survivorship
bias. Around 30 % of new hedge funds do not survive the first tree years (Brooks &
Kat, 2002). Not all data vendors include funds that have failed in their indices, which
means that some hedge fund indices returns are severely exaggerated. Most vendors
however tend to keep failed funds in their indices and hence minimizing the problem.
Also, since the data is supplied from the managers directly, the data is best thought of
as un-audited and not independently verified.
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There are a handful of data vendors, the two most occurring in literature being Credit
Suisse First Boston / Tremont (CSFB/Tremont) and Hedge Fund Research Indices
(HFRI). Most data vendors provide an aggregate index as well as sub-indices
representing various strategies. All indices are based on different databases. The
CSFB/Tremont indices are based on one of the largest databases called TASS and
provide a number of asset-weighted indices. This means that larger hedge funds have
greater influence on the indices. HFRI, on the other hand, provide equal-weighted
indices based on data collected from 4,000 hedge funds. Both vendors provide data
representing monthly net of fees returns.
There are as discussed above a range of possible problems with representing the hedge
fund market using indices. The different indices available are calculated from different
data, according to different selection criteria and methods of construction and also
evolve at differing paces. Because of the heterogeneity in the indices, investors cannot
rely on the hedge fund indices to get a fair view of hedge fund performance. This
leaves investors at a loss when selecting benchmarks. Based on the assumption that it
is impossible to select a “best” index provider, we have selected EDHEC Alternative
indices to represent the different strategies. The EDHEC Alternative indices use a
different approach by constituting indices of indices.
Table 2 The building blocks of the EDHEC Alternative indices
EDHEC Indices
Convertible
arbitrage
CTA Global
Distressed
Securities
Emerging
Markets
Equity Market
Neutral
Event Driven
Fixed income
arbitrage
Fund of Funds
Global Macro
Long / Short
Equity
Merger
Arbitrage
Relative Value
Short Selling

HFRI
X

CSFB EACM Altvest Hennes- Van CISDM HF Net Barcsee
Hedge
ley
X
X
X
X
X

X

X
X

X

X

X

X

X
X

X
X

X
X
X

X
X

X

X

X
X

X

X

X

X
X

X
X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X
X

X
X

X
X

X
X

X
X
X

X

X
X

X
X

X
X
X

X
X
X

X

X

X

X

X

X
X

X
X

X
X

X
X

X

X

X

X
X

X

S&P

X

X

X

The aim of this methodology is to create indices with significantly higher degrees of
representativity and stability than the individual indices can provide. As can be seen in
table 2 above, EDHEC calculates 13 different indices representing each of the
strategies described in section 2.2. The indices are calculated using most of the
available data vendors’ indices, including HFR and CSFB, the two most popular as
discussed above.
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By using a factor analysis approach (Principal Component Analysis), EDHEC are able
to compute what can be regarded to be an optimal combination of the indices in table 2
above, in the sense that no other linear combination implies a lower information loss.
Since the purpose of this thesis is not to construct or evaluate hedge fund indices, we
refer the reader interested in further explanation of the EDHEC Alternative indices to
EDHECs website, www.edhec-risk.com.

2.4 Fund of Hedge Funds
Successfully investing in hedge funds requires substantial time and effort in terms of
evaluation, both historical and due-diligence. To decrease the effort of choosing the
right hedge funds a fund of hedge funds (F-o-HF) can be the solution. A F-o-HF is as
the name inclines a fund that only invests in other hedge funds. An investment in a
F-o-HF gives the investor a lot of advantages but also some disadvantages.
A portfolio of hedge funds, managed and supervised by a professional, tends to give a
more stable return, usually with a specified risk level. F-o-HFs typically allows the
investor access to funds that he or she otherwise would not have access to because of
high minimum investment. Typically the minimum investment is substantially lower
than normal hedge funds, sometimes non-existent. Hence, the F-o-HF acts as a
collective investment vehicle that delimits the investment boundaries for the individual
investors (similar to what mutual funds provides individual investors).
An investment in a F-o-HF is however associated with double fees. First, the F-o-HF is
charged the fees for investing in the underlying hedge funds (which it due to its
potential large investments however may be able to negotiate down). Then the
individual investors are charged similar fees for the F-o-HF. Unless the F-o-HF
manager can deliver a substantial increase in return and / or decrease in risk, the F-oHF structure may effectively unjustify itself by eradicating the return / risk surpluses.
There are a wide variety of F-o-HF solutions. Some are simply a static basket of a
hedge fund firm’s various hedge funds, others offer an independent diversification
between different strategies, and some just provide diversification within a specific
strategy. Most F-o-HF however has some sort of target, i.e. a specific level of return,
level of risk and / or risk adjusted return. It has been estimated that F-o-HFs manage
around 20 – 25 % of the total hedge fund assets under management (Ineichen, 2002).

2.5 Optimized Portfolio Management Stockholm AB
Our client company Optimized Portfolio Management Stockholm AB (OPM) is a
small, newly established fund management firm. The company was established by
three partners in 2003, Jon Malmsäter (our supervisor), Simon Reineus (President and
our supervisor) and Per Strömbäck, together with over 40 years of experience in
financial institutions. Their goals of delivering solutions with high risk adjusted return
and low correlation to the stock and bond markets are at present realized in their
product; OPM Alfa. The company is built on the following values:
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Independence from the hedge fund invested in
Transparency towards the investors
Rational financial theory is the backbone of all work
Structured processes in all management and administrative work
Cost efficiency to achieve solutions with attractive pricing

OPM Alfa is a F-o-HF that invests in international and Swedish hedge funds with the
potential of delivering a high risk adjusted return. The client base is intended to be
high net-worth individuals and institutions that seek high risk adjusted returns and low
risk. The main objective is through rigorous quantitative and qualitative evaluation
methods to deliver a product with maximized Sharpe ratio (see section 3.3). OPM Alfa
is marketed in three versions that basically only differ in the currency the fund shares
are offered in (SEK, USD and EUR). More information about the company and their
products can be found at www.optimized.se.
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3 Introduction to portfolio theory
The purposes of the following sections are to introduce the reader to basic portfolio
theory. This will hopefully increase the reader’s appreciation of the problem
discussion to come.

3.1 Mean-variance approach
In the early 1950´s, Harry Markowitz wrote his famous article involving portfolio
selection. The article describes the advantages of how diversification can reduce the
standard deviation of the overall portfolio. Markowitz was the first man to take under
consideration the relationship between risk and return. (Brealy and Meyers, 2003)
As return, Markowitz identified the expected value of the of the investments possible
outcomes. The risk is measured as the variance or standard deviation from this
particular mean. Even today, financial professionals measure risk and return as mean
and standard deviation. Investors identify the risk as the risk of losing money so it
makes sense to measure it as the standard deviation, because it tells the investor about
the downside risk (it also tells the investor about the upside potential). (Miller, 1999)
To decrease the overall risk and take advantage of the positive effects of
diversification the investor must have more than one instrument in their portfolio. To
better understand these positive effects, we illustrate it with a simple example. (The
mean-variance approach is also valid for bigger portfolios containing more than two
instruments, but requires bigger calculations, such as the covariance matrix.)
Suppose that the portfolio only contains two different stocks, for instance Ericsson and
General Electric. We start by calculating the average mean or expected return by
studying the returns from September 1994 to September 2004. From the data we see
that the daily price changes in return of the stock prices are close to being normally
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distributed6. A normal distribution allows the investor to only consider the first two
measures of distribution, namely the expected return and the expected standard
deviation.
Table 3 Annual risk and return statistics for Ericsson and GE
Ericsson
General Electric

Expected return
26%
25%

Expected volatility
63%
30%

By calculating the outcome of the returns we see that the two stocks have similar
average annual returns. However, in terms of risk they differ significantly. Ericsson
shows a much wider spread with a standard deviation of 63 %, General Electric is less
risky with its 30 %. (See table 3 above)
To illustrate how diversification can reduce the risk, we have combined different
portfolios containing different weights of each stock. In figure 15 below, every
combination of the two stocks are plotted with respect to the expected return and
standard deviation7.

Figure 15 Efficient frontier for a two-stock portfolio consisting of Ericsson and General Electric

Every risk neutral investor wants to maximize the expected return with respect to a
specific risk level, which is dependent on his or her risk preferences. All portfolio
combinations located on the efficient frontier (gray line) are called efficient portfolios,
6
7

Not shown in this thesis.
The portfolio variance is calculated by the following expression:

2
2
! P2 = x E2 ! E2 + xGE
! GE
+ 2 x E xGE " EGE! E! GE

Correlation between the returns was calculated to 0.2
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because the investor cannot find a better portfolio by means other than increasing risk
and / or reducing returns. Portfolios located on the black line are not efficient, because
the investor can increase the return without increasing the risk (by moving upwards to
the efficient front and holding a bigger share of Ericsson). It is hence not considered a
sound investment to have less than 24 % Ericsson in this two-stock example (which is
the portfolio with the lowest risk).
By adding more instruments to the portfolio, the investor can widen the range of risk
and return combinations. After combining all instruments in every possible way (not
including short selling and leveraging), the following situation occurs:

Figure 16 The efficient frontier and possible portfolio combinations in the general portfolio
scenario

All the portfolios on the outer gray line now produce the efficient frontier. For the
rational investor, these are the only interesting portfolios to invest in. A portfolio on
the efficient frontier will always dominate portfolios on the black line or in the shaded
area.

3.2 Sharpe ratio
The Sharpe ratio (SR) measures the relation between return and risk. There is always a
tradeoff between risk and return and in most cases a greater return is associated with
higher risk. The Sharpe Ratio, measures the expected return exceeding the risk-free
return (usually 3 month T-Bill) per unit of risk (expressed as standard deviation). The
risk-free return is as its name indicates considered risk-free, and hence it is only the
exceeding return that should be evaluated against the risk taken. By calculating the SR
the investor can rate the attractiveness of different investments by comparing the
Sharpe ratios.
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The ratio is calculated by following formula:
SR =

rp " rrf
#p

rp = expected return from investment
rrf = risk free rate

# p = standard deviation of the investment

To connect the concepts of the efficient frontier from mean-variance analysis with the
theories of the !
Sharpe ratio, consider the following transformation of the definition of
the Sharpe ratio:
rp = rrf + SR " # p

This linear equation describes the portfolio return in terms of a Sharpe ratio and the
portfolio risk. Figure 17 shows
the equation plotted in the risk return diagram.
!

Figure 17 Illustration of the Sharp optimum portfolio

Hence the Sharpe ratio is the slope of the plotted equation, the risk free rate is where
the equation crosses the return axel and the Sharpe optimum portfolio is found where
the equation intersects the efficient frontier. From a risk adjusted perspective, this
portfolio is the only interesting option and increased / reduced risk and return can be
achieved by increasing / decreasing the leverage.
The Sharpe ratio is widely used and accepted by most investors, especially by hedge
fund managers who often seek to maximize the ratio. One difficulty with the measure
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is that the ratio can be misleading if the underlying return is not normally distributed.
Since the risk is only expressed in standard deviation, other risk factors are not taken
in consideration. Many believe that the investor for example must take the third- and
fourth statistic moments8 under consideration when evaluating risk. If the entire risk
cannot be expressed through the standard deviation, the SR will always be optimistic.
The SRs of some typical investments are expressed in table 4 below.
Table 4 Historical Sharpe ratios of some typical asset classes

a

Historical
return
6.2 %
7.3 %
6.7 %
3.5 %

Historical
volatility
17.0 %
2.3 %
3.7 %
0.0 %

Sharpe
ratio*
0.15
1.64
0.87
n.a.

Equity index
b
Hedge fund index
c
Bond
Cash
a
S&P 500, 1997-2004
b
EDHEC Equally weighted, 1997-2004
c
US Aggregate Bond Index, 1997-2004
*The Sharpe ratio is calculated with a risk free rate of 3.5 %

8

Involving kurtosis and skewness.
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4 Problem description
As basis for this problem discussion we will apart from the problem background
outlined in chapters 2 and 3 use the purpose stated in chapter 1:
“The purpose of this thesis is to evaluate the significance of hedge fund styles
when constructing portfolios of hedge funds focused on optimizing the risk
adjusted return (Sharpe ratio). A secondary purpose is to evaluate the conditions
for predicting hedge fund returns and volatilities.”
The central issue is hence if and how hedge fund styles can be used to achieve superior
risk adjusted return characteristics of a portfolio composed of hedge funds. In this
thesis we will let hedge fund indices represent the different styles and the portfolios
will be constructed using these. The central question needs to be broken down to more
specific questions.
To understand the return and risk characteristics provided by hedge funds it is
important to understand the basics about hedge funds. In a historical perspective, most
hedge funds have performed well, with high annual returns and low volatilities. Can
higher or lower risk adjusted returns be explained (to any significant degree) by the
specific hedge funds style? It is likely that different hedge fund styles show different
returns depending on market conditions (i.e. different correlations to the markets in up
and downturns). That would imply that their correlations with the traditional financial
markets would differ over time. When constructing portfolios, the covariance of the
included assets is of significant importance. Another interesting problem to study is if
the covariances between the different hedge fund styles are constant over time.
Since different hedge funds invest in different markets, it should be possible to identify
some of the risk factors that the styles are exposed to (i.e. stock markets, bond
markets, yield curves, etc.). Is it possible to identify these specific variables and can
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they be used to explain hedge funds’ returns in the future? Predictability is of central
importance in order to construct portfolios that will perform well on an ex ante basis.
The discussion above leads us to breaking down the main question into the following
specific questions:
How can OPM achieve higher risk adjusted returns for their F-o-HF?
Depending on our findings on the questions below, various approaches may be applied
to create “optimal” portfolios of hedge fund styles. If it can be shown that the
correlation among hedge fund styles and the markets are stable over time, historical
data may be good enough to compile optimal portfolios. On the other hand, if it can be
shown that prediction models are reasonably accurate, they will also be used to create
the portfolios.
1) What risk adjusted returns do the different hedge fund styles display
over a historical perspective?
The answer to this question lies in studying the historical returns of hedge fund styles.
The styles will have to be represented by an index and basic statistical analysis such as
mean and variance analysis will be performed. These analyses will also include tests
on the indices stationary properties as well as tests on normality. If hedge fund styles’
returns show significant non-normality properties, alternative approaches to the
traditional Sharpe ratio may need to be used.
We intend to divide history into subsections representing different market conditions
(i.e. market up and down turns, etc.). Shifts in market conditions will be defined by
clear trend shifts in the stock, bond and/or commodity markets etc. This will show
whether a style performs good or bad only in certain conditions or on a broad basis.
Should the hedge fund style’s returns show significant autocorrelation, methods of
correcting for this may need to be applied.
2) How do the different styles correlate with the traditional financial
markets (i.e. stock, bond and commodities markets)?
As with varying returns in different market conditions (1), it is likely that correlation
between the various hedge fund styles and market indices changes over time.
Statistical methods will be used to calculate correlations and to find any variations of
correlations over time.
3) How do the different styles correlate and covariate among each other
Various statistical methods for estimating correlation and covariance between different
financial instruments exist. One approach is through traditional covariance matrices
based on historical data observations. This approach may show to be problematic due
to lack of sufficient data why other approaches such as factor analysis may be useful.
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This question is an extension of the one above (2). In addition to the statistical
methods mentioned above, some form of cluster analysis may be useful in evaluating
relations between the different hedge fund styles.
4) What are the conditions for predicting future hedge fund returns
Using the variables identified below, statistical regression models will be applied in
order to assess the possibility of predicting future returns, volatilities and risk adjusted
returns. Other methods will also be evaluated such as exponentially weighted moving
average models.
a) What variables influence and explain different hedge fund style’s
returns
Identifying variables to explain the hedge fund returns will in large be attributed to
earlier studies exemplified in literature. Since finding variables is not a central part of
this thesis’ purpose, no further research will be conducted to find these variables.
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5 Theoretical framework
This chapter serves as the basis for further analysis of the questions discussed in the
problem analysis. It is not meant to be a text book style theory description that stands
on its own, but rather a collection of relevant theories that provide a framework for
the analysis.

5.1 Risk adjusted return
As mentioned in section 3.3, the Sharpe ratio (SR) measures the relation between an
investments risk and return, in terms of return per unit of risk (defined as standard
deviation). Most hedge funds strive to provide high risk adjusted returns, which will
imply high Sharpe ratios. Because of its simplicity, many investors and managers
evaluate risk adjusted return using the Sharpe ratio. The measure itself requires no
assumption on how the returns are distributed. Many financial instruments (for
instance mutual funds) provide returns that are approximately normally distributed and
therefore are suited to be evaluated by the SR. For many hedge funds and F-o-HF
however, returns are in general not normally distributed. Because of this, the entire
risk of hedge fund returns is not covered by the measure of standard deviation, which
leads to systematically overstated SRs.
To fit the return distribution better, it has been suggested in literature that the Sharpe
ratio must be corrected in some way. If not, there is a possibility that the calculated SR
will underestimate the downside risk. By ignoring this fact, the underestimation of the
risk will lead to higher SR, which can mislead the investor when he or she evaluates
the hedge funds in terms of Sharpe rations. The bigger the deviation is from the normal
distribution the greater is the risk for underestimation (Gregoriou and Gueyie, 2003).
However, as shown by Fung and Hsieh (1999), mean-variance analysis (which
includes the Sharpe ratio) may still be applicable to hedge funds as a second order
approximation as it essentially preserves the ranking of preferences in standard utility
functions.
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5.1.1 Modified Sharpe ratio
Many hedge funds provide returns with much higher levels of fat tail risk, than for
instance mutual funds, which have a normal distribution profile. To overcome this
problem with non-normality, the SR should be corrected with consideration to the
higher static moments of skewness and kurtosis. Researchers agree that the Sharpe
ratio must be corrected, but the methods to do it differ beyond the specialist. For
instance, Gregoriou and Gueyie (2003), adjust the Sharpe ratio by using a Value at
Risk-approach9 (VaR). The authors used the VaR approach because of its great
advantage to face the downside risk. The traditional Sharpe ratio does not consider
how often losses occur, and makes no distinction between upside and downside risk.
Hence, VaR is more suitable because it measures how often a loss will occur. Another
advantage with VaR is that it is widely accepted as a measure of risk and is already
used by many investors. The simplest form of VaR requires a normal distribution
assumption. Gregoriou and Gueyie (2003) use a modified VaR-approach to better suit
hedge funds. To motivate the modified VaR approach the authors consider this
example: Two portfolios have the same mean and standard deviation but their returns
are drawn from different distributions. Because of the distribution structure they will
fundamentally differ in their extreme losses. Therefore, the modified VaR will be a
more suitable method to use when calculating the modified Sharpe ratio. (Gregoriou
and Gueyie, 2003)
As mentioned above, the Sharpe ratio is defined by following expression:
SR =

rp " rrf
#p

rp = expected return from investment
rrf = risk free rate

# p = standard deviation of the investment

In the modified Sharpe ratio (MSR), the standard deviation is replaced by the modified
VaR (MVaR). !
The modified Sharpe ratio is thus defined by the following expression:

9

VaR is defined as the maximal total loss that can occur under a certain level of time to a specific level of
probability.
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MSR =

rm " rrf
MVaR

rm = expected return from investment
rrf = risk free rate
* #
& 1
1
1
MVaR = W ,µ " % zc + ( zc2 "1) S + (zc3 " 3zc )K " (2zc3 " 5zc ) S 2 () /
' .
6
24
36
+ $
rm = expected return from investment
rrf = risk free rate

)m
zc
S
K

=
=
=
=

standard deviation of the investment
critical value for probalitity
skewness
kurtosis

Gregoriou and Gueyie (2003) applied their theory on the monthly returns from 90
living
! fund of hedge funds reporting to the Zurich Capital Markets. The period they
studied reached from January 1997 to December 2001 involving returns from a total of
60 months. Furthermore, they divided F-o-HF into sub-groups dependent on their
ranking (which was based on assets under management). The purpose of the ranking
was to investigate if there was any difference between the groups in terms of Sharpe
ratio and Modified Sharpe ratio. VaR was calculated with a probability of 95 %.
Their results showed that the MSR could be used to evaluate the problem with nonnormality with F-o-HF. By correcting for the third and fourth statistic moment, the
Modified Sharpe ratio will be a more accurate measure of risk adjusted return. For
many of the studied F-o-HF, the MSR showed much lower figures than the traditional
SR. By comparing these two measures, investors can receive a more accurate picture
of the risk adjusted return.
Mahdavi (2004) presents another approach to overcoming the problem of nonnormality in hedge fund distributions, Adjusted Sharpe ratio. The basic strategy is to
transform the return from the asset so that its distribution will fit the actual distribution
of a certain benchmark10. Mahdavi (2004) found that there is no significant difference
between the traditional Sharpe ratio and the Adjusted Sharpe ratio. In spite that the
hedge fund indices have a different distribution of returns, the difference is to small to
be significant.

5.1.2 Conditional VaR
De Souza and Gokcan (2004) show another statistical method to deal with the problem
of non-normality returns. By studying returns from HFR11 research they discovered
that a lot of the strategies showed significant negative skewness and positive kurtosis.
They handle this problem by calculating the conditional VaR (CVaR). Instead of just
10

See Mahdavi (2004) for a complete presentation of the study.
De Souza’s and Gokcan’s (2004) study is based on the returns from different indices provided by Hedge Fund
Research (HFR) extending from January 1990 to October 2002.
11
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calculating the traditional VaR, which focuses on the losses with a certain confidence
level α, CVaR focuses on the mean of the worst levels of losses (1-α) that exceed
VaR. Therefore, CVaR will get a better approximation on the skewed distribution
since it focus on the fat tail risk.
By considering the excess return over CVaR, it is possible to evaluate another form of
risk adjusted return than the traditional Sharpe ratio. In essence however, this method
is very similar to the method described in 5.1.1.

5.2 Variables explaining risk and return
Finding variables containing any form of explaining value of hedge fund risk
(volatility) and return is a vague science. One approach is to run a large number of
plausible variables through step-wise regression, which most likely will result in a
high degree of in-sample R2 but a lower degree of out-of-sample R2. In this thesis we
will instead introduce variables already described in literature and not further elaborate
on probable variables.

5.2.1 Plausible variables
Leung, et. al. (2000) and Amenc, et. al. (2003) present a number of variables with
probable influence on hedge fund returns. The variables used to represent each
dimension are listed in table 5 below.
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Table 5 Variables with probable influence on hedge fund returns
Economic
Dimension
Short term interest
rate
Long term interest
rate

Pneumonic(s)
3TBYld;
1D3TBYld
1D20TB

Consumer price
index
Industrial
production level
Dividend yield

1DCPI

Default spread

MBaaMAAA

Term spread

10TB-3TB

Implicit volatility

ΔVIX

Market volume

ΔNYSE

Events

MLHBF;
MLHBFCC

Oil price

WTXOIL;
WTXOILlag
S&PlagCC;
S&PlagCC

US equity factor

1DIP
S&PdivYld

World equity factor

MSCIlagCC

Currency factor

1DCRB;
USDTW

Futures index

CRBF; 1DCRBF

Proxy-a

Proxy-b

Yield on the 3-month T-bill
rate for the US
First difference of the 20
year government bond rate
for the US
First difference US CPI

First difference of yield on
3-month US T-bill rate

First difference of US
industrial production index
Dividend yield on the S&P
stocks
Difference between the
yield on Moody’s long term
Baa bonds and the yield on
Moody’s long term AAA
bonds
Difference between the
yield on 10-year T-bond
and 3-month T-bill
Change in the average
intra-month values of the
VIX
Change in the market value
on the NYSE
Merrill Lynch High Yield
Bond Fund
Average price of west
Texas intermediate crude
One period lag of the logdifferenced returns on the
S&P500 Index
Log-differenced returns on
the MSCI World Index
excluding US
First difference in the
Bridge Commodity
Research Bureau
Currencies Index
CRB Futures Index

Log-differenced returns on
the Merrill Lynch High
Yield Bond Fund
Lag price of west Texas
intermediate crude
Log-differenced returns of
the S&P500 Index

Trade-weighted Exchange
Value of USD
First difference CRB
Futures Index

The variables above have been selected (by the article authors) because of previous
evidence of their ability to predict asset returns, or their natural influence on asset
returns. Some need further explanation and others are rather instinctive:
 The 3-month T-bill yield is known to be negatively correlated with future stock
market returns and hence serves as proxy for future economic activity (Amenc,
et. al., 2003).
 Dividend yields have been associated with slow mean reversion in stock returns
across several economic cycles. As a predictor it is to serve as a proxy for the
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time variation in the unobservable risk premium. A high dividend yield
indicates dividends have been discounted at a higher rate. (Amenc, et. al., 2003)
The default spread captures the effect of default premiums, which track longterm business cycle conditions – higher during recessions, lower during
expansions (Amenc, et. al., 2003).
The term spread is represented by the difference between the long and short
rates. It can also in some regard be viewed as an indication of the slope of the
yield curve.
Implicit volatility is proxied by changes in the average intra-month values of
the VIX.
Market volume together with the previous two factors have been identified as
important for explaining hedge fund returns (Amenc, et. al., 2003).
Oil prices are closely related to short-term business cycles (Amenc, et. al.,
2003).

Leung, et. al. (2000) is careful to point out that predictability in returns is not
necessarily due to inefficient markets or overreactions by investors, but rather
predictability in some aggregate variables that are part of the information set.

5.2.2 Fama French variables
Other factors introduced include the Fama and French (1993) variables. They
introduced a three-factor model for explaining stock returns. In addition to the
traditional broad market return, their model includes the “small-minus-big” (SMB) and
“high-minus-low” (HML) factors. The idea is that the return spread between large-cap
and small-cap companies as well as the return spread between value and growth
companies have a strong influence over individual stock returns. The approach of
modeling hedge fund returns using Fama and French variables was used by Chen and
Passow (2003) among others. They also included the Goldman Sachs Commodity
Index (GSCI) in their model. Although the authors intention only was to model LongShort-equity funds, we believe that their factors may contribute to explaining other
hedge fund styles’ returns as well.

5.2.3 PCA and Factor analysis
It is well known that many of the predictors listed above exhibit a collinear structure.
Most models do not compensate for this collinearity why statistical independence,
when ever possible, is favorable. An effective way to achieve this is to employ
multivariate principal component analysis (PCA). This reduces the dimensionality of
the data and uncovers the latent uncorrelated factor structure among the predictors.
The approach was used by Dash and Kajiji (2004) among others. An application of
regression using implicit factors is explained further in section 5.4.1. (Explaining the
procedures behind PCA is however beyond the scope of this thesis why the interested
reader can consult basic statistical literature for further information.)

5.3 Financial time series
This section presents all relevant theories regarding time series analysis. Basic
statistical knowledge will be assumed.
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5.3.1 Correlation and covariance
Hedge funds are promoted to be uncorrelated against general movements in the stock
and bond markets. For individual hedge funds this is true, because they carry a great
deal of unsystematic12 risk. However, Brooks and Kat (2002) in their study found that
several hedge fund indices showed surprisingly high correlation to equity based
indices such as, S&P 500, DJIA, Nasdaq and Russel 2000. This result is valuable
because many investors invest in a basket of hedge funds or in a F-o-HF. It is worth
noting that Brooks and Kat (2002) observed a big spread in correlation between the
indices represented in the same group. This spread can be related to the problem with
the non-transparency of information from hedge funds. For example, the correlation
with the DJIA varied from 0.08 to 0.53 for the Equity Market Neutral index.
More interesting to study is the internal correlations between the different hedge fund
indices and strategies. By studying the HFR indices Brooks and Kat (2002) concluded
that the different indices show a great deal of association, in spite of their
heterogeneous strategies. Most of the indices show internal correlations above 0.5
(with a few exceptions). This leads to the conclusion that many of the strategies are
dependent on the same systematic factors. The biggest exception is represented by the
Equity Market Neutral strategy where the correlation with the rest of the indices is
around 0.2. (Brooks and Kat, 2002)
A more recent study by De Souza and Gokcan (2004) shows that the correlation
between the hedge fund strategies as well as to the traditional stocks and bond indices
collected from HFR appears to be relatively low, with a few exceptions. This result is
not in line with the previous study by Brooks and Kat (2002). In terms of portfolio
allocation it is most crucial that the correlation is stable over time. Therefore, the
authors test the time-stability by constructing a 12 month rolling window for
evaluating the correlation distribution. De Souza and Gokcan (2004) analyses the
spread between maximum and minimum 12 month rolling window correlation.
Besides that, they also analyzed the standard deviation of the correlations between
each strategy. Their results indicate that the correlation has varied considerably during
the years with an average correlation spread of 1.30 and a standard deviation of 0.31.
What however is used when constructing mean-variance portfolios is the covariance
matrix. As the reader certainly is aware of, there is a strong link between the
correlation matrix and the covariance matrix:
corr[1,2] =

cov[1,2]
var(1) var(2)

The equation above shows that the link is through the components variance. Risk
measured by volatility! is however only interesting when evaluating a single hedge
12

The risk from an investment separates in two parts, systematic and unsystematic. The systematic part can be
related to as the market risk and cannot be diversified away. The unsystematic risk is related to the specific
investment and can be diversified away by increasing the number of assets in the portfolio. For an alternative
investment, such as a hedge fund, which can act with more dynamic strategies, the market risk can be
minimized.
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fund index by itself or in relation to others. Since variance and correlation is easier to
understand they may be useful when for understanding the covariance. According to
the expression above, covariance can be calculated using the relationship between
variance and correlation.
Amenc and Martellini (2002) seek to estimate the covariance in different hedge fund
indices collected from CSFB in order to create portfolios. In their study they do not try
to estimate the return, the main reason being that hedge fund index returns are difficult
to estimate due to the finite sample of data. This lack of data often leads to high
estimation errors. To overcome this problem, Amenc and Martellini (2002) use the
results from early studies that have shown that it is easier to estimate the covariance
than returns from historical data. An estimation of the covariance shows a much better
convergence to the true value, when the data is finite or increased. The authors use the
standard sample covariance matrix based on historical returns because it is the most
common estimator. This sample covariance matrix is presented below:
_
_
1 T
S=
(ht " h )(ht " h )'
#
T "1 t=1

T = Sample size
ht = Nx1 vector with hedge fund returns in period t
N = Number of assets in portfolio
_

h = avarage return of vectors

A problem with alternative investments, such as hedge funds, is the scarce amount of
data existing
due to the fact that they report only once a month. Depending on how
!
many assets the portfolio is holding, there are

N ( N ! 1)
covariance parameters that
2

have to be estimated. To reduce the problem with dimensionality in the covariance
matrix structure and decrease the number of parameters that have to be estimated,
Amenc and Martellini (2002) suggest an implicit factor model, namely PCA. (See
section 5.4.2 for more details)
Rational Strategy Groups
De Souza and Gokcan (2004) construct another approach to deal with the problem of
varying internal correlation between the different strategies. Instead of looking at the
individual hedge fund indices, the different indices are evaluated using a statistical
technique similar to cluster analysis13, which takes in to account the time varying
aspect. The authors identify groups or clusters with similar characteristics such as
distribution structure and correlation structure or a combination of the two.

13

Cluster analysis is a multivariate statistic technique that seeks to find homogeny groups in a sample of data by
minimizing the intra-group variance while maximizing the inter-group variances. Normally cluster analysis
collects similar observations into groups. We, on the other hand, want to collect similar variables which calls for
a technique more similar to factor analysis.
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The different groups are called Rational Strategy Groups (RSG). RSGs later constitute
the actual “asset blocks” in the allocation process. De Souza and Gokcan (2004) have
found this approach suitable because the internal correlation between the different
strategies are reduced to an acceptable level as well as stabilized over time. This leads
to the conclusion that RSG-clusters give a more robust and stable model under
different market situations, because they preserve the risk and return characteristics in
a more vigorous way.

5.3.2 Autocorrelation
It is well known that stocks and bonds show limited indications of serial correlations.
Brooks and Kat (2002) found very little evidence of any significant serial correlation
by studying different stock and bond indices. However, many of the hedge fund
indices show evidence of significant serial correlations. The Convertible Arbitrage and
Distressed Securities indices showed first order serial correlation of at least 0,4
(significant at level 0,01). They observed similar characteristics for some risk arbitrage
indices, Emerging Markets, Equity Market Neutral and F-o-HF. This result is not in
line with the theory of an efficient market. One explanation to the serial correlations
can be derived from bad liquidity and/or valuation biases. Many hedge funds hold
illiquid positions and complex OTC-products. Very often the managers report the
latest return from the previous month or make an estimation of the current market
price. This could simply create lags when estimating the net asset value. The greatest
serial correlation is to be found in strategies with the worst liquidity and pricing
problems. This could in fact be one explanation why Convertible Arbitrage and
Distressed Securities showed such significant serial correlations. (Brooks and Kat,
2002, De Souza and Gokcan, 2004)
Ignoring the presence of serial correlation could lead to serious problems in an
allocation framework. De Souza and Gokcan (2004) state that the serial correlation
could lead to “structural inconsistencies” which will result in an underestimation of
the volatility that in fact leads to an overestimation of the risk adjusted return. One
solution to overcoming this problem is to unsmooth the original returns into a new
series of unsmooth returns. This practice of unsmoothing is common in real estate
finance, which suffers from similar problems with the valuation of its properties. The
new series of unsmoothed returns are more volatile and supposedly captures the true
value of the underlying assets. Brooks and Kat (2002) use the methodology presented
below, to unsmooth the observed returns. The smooth or observed value can be
expressed as a weighted average of the underlying true value at time t, Vt, and the
smoothed value at time t-1, Vt-1*:
Vt * = "Vt + (1 ! " )Vt *!1

Given the expression above it is possible to implicitly yield of series of unsmoothed
returns, with zero first order autocorrelation:
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rt =

rt* " !rt*"1
,
1"!

where rt is the true underlying return (unobservable) and rt* is the observed return at
time t. As mentioned earlier, the serial coefficients for stock and bond indices are close
to zero, why Brooks and Kat (2002) found it suitable to set α equal to the
autocorrelation coefficient at lag 1. This will lead to a new series of returns with a zero
first order autocorrelation coefficient. The unsmoothed series rt would have the same
mean as the rt* but with a different standard deviation. A positive autocorrelation
coefficient leads to a higher standard deviation, while a negative coefficient leads to
lower standard deviation in the unsmoothed returns. Increases in volatility in turn leads
to a decreased Sharpe ratio. For most hedge fund indices, the coefficient of
autocorrelation is large and positive. (Brooks and Kat, 2002)
Hurst exponent
The Hurst exponent is a method used to indicate any evidence of positive or negative
serial correlation in the time series of index returns. The measure has previously been
applied in broad areas of economics, finance and natural sciences as a convenient
summary of statistics of persistence. One way of using the Hurst exponent is the R/S
method discussed in Amenc, et. al. (2003) presented below:
First define Rt as the normalized rate of return (subtract the mean) and compute H as
$Y " Y '
ln& 1 2 )
% # (
H=
ln n

where Y1 = max(Yt, 0 ≤ t ≤ T), Y2 = min(Yt, 0 ≤ t ≤ T), and Yt =
!

1 t
" Rs .
n s= 0

If the Hurst exponent is less than 0.5, the process displays “anti-persistence”. Positive
returns are hence more likely to be followed by negative! returns (i.e. reversed return).
If the Hurst exponent on the contrary is greater than 0.5, the process displays
“persistence” which means that excess returns are likely to continue in the next period.
Lastly, if the Hurst exponent is equal to 0.5, the process does not display any evidence
of autocorrelation and returns are equally likely to be reversed or continued.

5.4 Predictability models
Several suggestions of predictability models have been laid forth in recent literature.
The following sections introduce what we have found to be the most promising
approaches. The predictability models concern both return and risk but not explicitly
risk adjusted returns why we hope to combine the different methods to achieve
predictability in this measure as well.
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5.4.1 Regression models
A regression model tries to replicate one variable (the dependant) using one or more
independent variables as described by the linear equation:
Rt = " + % # k Fk,t + $t
k

By using a number of independent variables (such as those described in section 5.2), it
may hence, to some degree,
be possible to map the return of some asset (such as a
!
hedge fund index). In this thesis it is assumed that the reader is familiar with the
details on how to perform a regression analysis. (The reader is advised to consult basic
statistical literature if at any stage uncertain about the procedures or terms mentioned
below.)
The size of the β’s in the equation above determine the factor exposures of the asset
being modeled. Exposure to many of the factors can be achieved in a more cost
effective manner than through hedge funds (e.g. exposure to the S&P 500 can be
achieved through mutual index funds, etc.). Thus, investors should demand, and will
find, that hedge funds have a low exposure to these factors (or markets). It is this low
exposure to the traditional markets as well as “the search for alpha” that has caused the
huge popularity of hedge funds (Ineichen, 2002). The α in the equation above is the
return that cannot be explained by the exposure to any of the (risk) factors included in
the model. In the case of hedge funds it can better be explained as return generated
through the manager’s skills.
The use of regression models is the most common occurring form of return
predictability model in literature. For example, Amenc, et. al. (2003) use a regression
model based on the variables introduced in section 5.2 to predict the return direction of
nine hedge fund indices. They achieve “hit ratios” for their model reaching as high as
95.8 % (meaning that they correctly predict the next period index direction, up or
down, in 95.8 % of the cases). To allow for structural changes in their model over
time, it is dynamically re-estimated using a rolling 60 month window.
As discussed in section 5.2.3, it is not uncommon that the variables intended for
regression are significantly correlated (i.e. show significant collinearity). One
approach to this problem is to first transform to original variables or factor to implicit
factors using PCA. The original factors first have to be normalized before they are run
through PCA to obtain a number of orthogonal principal components and their
corresponding factor weights matrix. Regression is then performed on the principal
components to obtain estimations of the regression coefficients.
The obtained regression model then once again needs to be converted into coefficients
for the original regression variables. This is done using the following conversion
equation. (For a complete derivation see Alexander, 2001.)
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y = c + Xd + e
where
d = "Wb and c = # + µ

In the equation above, Σ is a diagonal matrix with 1/σI on the ith diagonal, W is the
factor weights matrix, !
b is the matrix of regression coefficients and X is the matrix of
non-normalized original explanatory variables.
In a slightly different setting, Chen and Passow (2003) use regression models with
independent variables similar to the ones we present in 5.2 to pick individual
Long/Short Equity hedge funds they believe will perform well in the future. They
argue that funds with minimal exposure to any of the risk factors and maximum alpha
are the funds that will perform best over time. Of course the opposite is argued for the
funds with large exposure to the risk factors and low alphas. Using this methodology
they manage to pick Long/short Equity hedge funds with returns significantly higher
than that of the average hedge fund in their study. They also succeed in finding what
they refer to as the “lemon” funds, those that perform significantly worse than the
average funds.

5.4.2 Implicit factor models
As described earlier, the sample covariance matrix of historical returns is likely to
generate high sampling errors in the presence of many assets. Several methods have
been introduced to improve asset return covariance matrix estimation. Most of the
approaches, in one way or another, impose some sort of structure on the covariance
matrix to reduce the number of estimated parameters. One of the more interesting of
these approaches is an implicit factor model to lessen model risk and to impose
endogenous structure suggested by Amenc and Martellini (2002). They choose to
focus on estimating the covariance of returns rather than expected returns. According
to the authors, this is motivated by the fact that expected returns are very difficult to
obtain with a reasonable estimation error and that optimization techniques are very
sensitive to differences in expected returns, which leads to poor allocation (i.e. capital
is allocated to the asset which has the highest estimation error). On the other hand,
they claim, there is a common impression that return variances and covariances are
much easier to estimate from historical data.
Amenc and Martellini (2002) use PCA to extract a set of implicit factors. The purpose
is to explain the behavior of the observed variables (i.e. the hedge fund indices) using
a smaller set of unobserved implied variables. One drawback with this approach is that
implicit factors do not have a direct economic interpretation. The approach is
described in detail in Alexander (2001) and a brief explanation follows below:
Principal component analysis allows the return data of the hedge fund indices to be
expressed in vector form as
x i = w i1p1 + K + w ik pk ,

where x i is the T "1 vector of normalized returns (mean subtracted and then divided
by the standard deviation)
! on the ith variable in the system, p j is the T "1 vector of
!

!
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data on the jth principal component and W = (w ij ) is the matrix of factor weights. The
equivalent of this expressed through the original variables can be shown to be
y i = µi + w *i1p1 + K + w *im pm + "i ,
!

where w *ij = w ij" i and the error term contains the approximation from not using all k
principal components
! but rather the first m. Since principal components are
orthogonal, their unconditional covariance matrix is the diagonal matrix of their
! variances. Ignoring the error term, the covariance matrix can be approximated to
V = ADA " ,

where A = (w *ij ) is the matrix of de-normalized factor weights, D = diag(V (p1),K,V (pm ))
is the diagonal matrix of variances
of principal components. Adjusting the number of
!
principal components chooses the accuracy of the system. Although V is always
! if the estimated covariance
! positive semi-definite, an eigenvalue check will show
matrix is strictly positive definite (which in theory is required to construct accurate and
consistent portfolios).

5.4.3 Volatility prediction models
Monteiro (2004) has evaluated some traditional models for forecasting asset volatility.
In his survey, he attempts to predict hedge fund index volatility using a range of
prediction models:





Simple Moving Average (SMA)
Exponentially Weighted Moving Average (EWMA)
GARCH
E-GARCH

His findings suggest that hedge fund volatility is less persistent than traditional assets
and that hedge fund volatilities faster return to a historical mean. According to his
study, the EWMA and E-GARCH models produce the best volatility forecasts for
hedge fund index returns and hence we will also focus on those two prediction models.
Exponentially Weighted Moving Average model
It is well known that volatility is not constant over time. A promising alternative to
forecasting is therefore EWMA, which takes the volatility prediction to be a weighted
average of the previous period’s volatility and the current squared return:
2
" t2 = #" t$1
+ (1$ #) rt2 ,

with the decay factor λ chosen to minimize the error between forecasted and measured
volatility. This approach
! has several advantages including its easy use and the
flexibility of letting the volatility vary from one period to the next. It also explains
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volatility clustering in that higher than average volatility in one period is likely to lead
to higher than average volatility in the next period.
The model is practically industry standard as it is used in the RiskMetrics14 system.
Both Monteiro (2004) and RiskMetrics use a λ value of 0.97 for monthly observations.
E-GARCH
A more general class of volatility estimators is the generalized autoregressive
conditional heteroskedastic (GARCH) estimator. The GARCH models as a family
have proven very flexible in that they allow for both time-varying volatility and
volatility clustering. It is also worth noting that the GARCH models include meanreverting properties. The framework encompasses a number of specific models, the
exponential GARCH (E-GARCH) (Nelson, 1991) being the focus of interest here:
ln " t2 = # 0 +

g($t%1 )
1% #1B

g($t%1 ) = &$t%1 + ' ( $t%1 % 2 / ( ) = &$t%1 + ' ( $t%1 % 0.8)

assuming εt being ~ N(0,1) for simplicity. Multiplying the first equation by 1" #1B and
substituting!for g("t#1) , we obtain
2
ln " t2 = # * + $%t&1 + ' %t&1 + #1 ln " t&1

!

!

where " * = (1# "1 )" 0 # 0.8$ . The θ parameter can be referred to as the leverage
parameter of the model.
!
!The advantage of the E-GARCH model compared to normal GARCH models is that,

apart from removing all non-negativity conditions, it allows for asymmetrical
volatility. Empirical studies of stock markets have shown that negative market shocks
tend to increase volatility more than positive market shocks. Assuming some degree of
correlation between hedge fund indices and the stock markets, it is very likely that the
same is true for the hedge fund indices.

5.5 Portfolio optimization
A range of possibilities regarding optimization of portfolios containing hedge funds
has been suggested in literature. Many are based on traditional mean-variance
optimization while others involve more or less sophisticated predictability models in
the effort to minimize risk or maximize return. We will in this section introduce the
models we find most appealing and that we intend to evaluate in terms of creating a
F-o-HF with maximized risk adjusted return.
As discussed in chapter 3, mean-variance optimization is the basis for all modern
portfolio allocation. Hedge funds however seem to be burdened with non-normal
14

A framework introduced by JP Morgan to “map” assets onto a limited number of vertices. The purpose of the
system is to ease risk management in general and VaR calculations in particular.
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returns (see section 5.1), which strictly speaking may limit the theoretical usage of the
mean-variance approach. This is because the approach assumes that the covariance
matrix covers all risk, which in the case of hedge funds is not always the truth (due to
significant third and fourth moment exposures of the returns). As shown by Fung and
Hsieh (1999), mean-variance analysis may still be applicable to hedge funds as a
second order approximation because it essentially preserves the ranking of preferences
in standard utility functions. Furthermore, considering that we never compare hedge
funds with traditional asset classes, the distortion to the portfolio should be small. We
will however make an effort at studying the effects of non-normal returns in portfolio
allocation using the method described in section 5.5.3. (For the reader not secure with
the process of mean-variance optimization, see section 3.1.)

5.5.1 Minimum-Variance optimization
The approach of constructing a portfolio with the minimum variance was used by
Amenc and Martellini (2002) in a very successful manner. The reason for their
approach was that they found returns difficult to model relative to modeling the
covariance matrix. The minimum-variance portfolio is the only portfolio on the
efficient frontier that does not require any expected returns to be constructed (see
figure 18 below). This portfolio is however unlikely to be optimal in terms of Sharp
ratio, why it needs to be combined with some predictor of return to be able to achieve
truly optimal results for our purpose. Nonetheless, the approach is interesting for
evaluating the performance of the covariance matrix estimation methods.

Figure 18 Minimum-variance portfolio

To estimate the covariance matrix Amenc and Martellini (2002) use the implicit factor
model introduced in section 5.4.2. They consider two investment universes, of which
one is of interest for this thesis – a strictly alternative portfolio invested in all
CSFB/Tremont sub-indices (nine at the time of the study). (We will of course study
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the EDHEC alternative indices as explained in section 2.3.) They use the previous 48
months of observations to estimate the covariance matrix of the returns of the hedge
fund indices. A non-negativity constrained portfolio is then formed. The portfolio is
held for six months, its monthly return recorded, and the process is repeated again. The
mean and variance of the portfolio is assessed to evaluate the performance. (Amenc
and Martellini (2002) also construct a portfolio that apart from non-negativity
constrains also has a tracking error constraint. Due to the lack of a reasonable
benchmark to calculate the tracking error from, we choose not to construct this
portfolio.)
Their findings can be summarized as follows. The variance of their minimum-variance
portfolio is 3 times lower than that of a naively diversified equally weighted portfolio,
and almost 7 times lower than that of the CSFB/Tremont Global hedge fund index.
Differences in mean returns are on the other hand not statistically significant.

5.5.2 Style timing
Based on the strong evidence of predictability of hedge fund index returns that Amenc,
et. al. (2003) found (see section 5.4.1), they constructed and evaluated Tactical Style
Allocation (TSA) or style timing portfolios. In their study they consider two
optimization programs and construct one portfolio using each of the programs:
Program 1:
Program 2:
subject!to
IR
RP

E(RP " RBench Ft"1 )
w1,...,w 9
var(RP " RBench )
max IR = E(RP " RBench Ft"1 )

max IR =
w1,...,w 9

var(RP " RBench ) # TE , where

!

= information ratio
= return on a!portfolio invested in each of the nine hedge fund indices;
9
equal to "i=1 w i Ri , where w is weight and i=1,…,9

RBench = return on a benchmark portfolio defined as an equally weighted portfolio
invested in the nine CSFB/Tremont indices
Ft-1 = !conditioning information (i.e. an information set containing the past
values of the predictive factors)
TE
= tracking error
The returns (Ri) are predicted using Amenc, et. al. (2003)’s regression model presented
in section 5.4.1. Both portfolios perform better than the defined benchmark index
(both in absolute terms as well as in risk adjusted terms) even though the second
program yields slightly higher returns and lower volatility in their case.
There is however a number of elements in the hedge fund market that creates friction
when implementing a TSA trading strategy. These of course include transaction costs,
limited liquidity and lock-up periods. Assuming though that hedge funds with monthly
48

Hedge Fund Style Allocation
liquidity and no lock-up periods can be found, Amenc, et. al. (2003) show that not
even large transaction costs affect the performance of their TSA model significantly.

5.5.3 Mean-CVaR optimization
Using the idea of CVaR as a risk measure (see section 5.1.2), De Souza and Gokcan
(2004) try a slightly different approach to constructing a portfolio. This is achieved
through defining the efficient frontier by applying a mean-CVaR technique. Since
CVaR focuses on tail risk, it is assumed to be a better measure for distributions with
negative skewness (i.e. hedge fund returns). Similar to mean-variance optimization,
mean-CVaR optimization provides a portfolio with the maximum possible return given
a target level of risk, in this case defined by CVaR instead of standard deviation. The
purpose is to find portfolio weights such that:
max E(RP )
weights

subject to CVaRP = Target and
wi ≥ 0
!
De Souza and Gokcan (2004) found that the mean-CVaR portfolio(s) delivered the
same returns but at a slightly higher risk. They identify the gap between the meanvariance and mean-CVaR efficient frontiers as a “skew-gap”.
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6 Problem analysis
The purpose of this chapter is to connect the theoretical framework to the problem(s)
presented in the problem description. The following discussion and analysis will be
structured in accordance to the specific questions laid out in the problem description
earlier.
The central question in the problem descriptions, which of course is linked to the
purpose of this thesis, leads us to the sections below. Each of the topics below will
need to be analyzed in order to be able to answer the central question of how OPM
should use hedge fund styles to create a F-o-HF with higher risk adjusted returns.
Any questions relating to historical perspectives basically involve studying historical
data. The hedge fund data that will be used throughout the thesis are supplied by
EDHEC (see section 2.3). EDHEC provides monthly index return data for 13 indices
starting January 1997. Included in these 13 indices are returns for the F-o-HF index,
which due to the nature and purpose of this thesis will be ignored15. Hence, there are
12 indices that will represent the various hedge fund styles presented in section 2.2.

6.1 Risk adjusted returns in a historic perspective
First and foremost, means and standard deviations will be calculated for the 12 indices.
These will then be used to calculate Sharpe ratios (see section 5.1). The risk free rate
used to calculate the Sharpe ratios will be represented by the average 3 month T-Bill
rate over the period January 1997 to September 2004. The results of this will clearly
show the risk adjusted return properties of the different hedge fund styles over a “long
term” historical perspective.

15

Naturally a fund of hedge funds manager would never invest in other funds of hedge funds.
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For simplicity, all indices will be assumed to be stationary. This can successfully be
argued since the time series studied is too short to successfully determine long term
stationarity. However, the data cannot be assumed to be normally distributed (see
section 5.1). Hence we will perform tests of normality on all indices. If any or some of
the indices indeed show significant non-normality in their returns, the impact of this on
the risk adjusted returns will need to be evaluated (see section 5.1.1).
Furthermore, since there is a very real possibility that different hedge fund styles
display different risk adjusted returns when market conditions vary, this effect will
need to be studied further. Of course, endless numbers of factors can be used to
characterize varying market conditions. However, most hedge funds are in one way or
another marketed in relation to the degree that they correlate with stock and bond
markets, which is why we choose to characterize different market conditions as
“directional shifts of stock and bond indices”. More specifically we choose to illustrate
directional shifts as points where longer trends (at least 12 months) start or end. The
S&P 500 Index and Lehman Brothers US Aggregate Bond Index will represent the
stock and bond indices respectively.
Another possible problem is that of autocorrelation. As discussed in section 5.3.2,
autocorrelation may have a negative effect on risk adjusted returns in that it may
underestimate volatility. Hence, tests for autocorrelation (e.g. Hurst exponent) will be
performed and if these show significant coefficients of autocorrelation, measures will
be taken to evaluate the impact of this towards the risk adjusted returns of the indices
(again, see section 5.3.2).

6.2 Correlation with traditional financial markets
Similar to the previous question, much of the solution to this question lies in studying
historical time series of index returns. Statistical software will be used to calculate
correlations between the different hedge fund indices and common market indices.
Once again, it can be argued to which extent “common market” should apply. The
term can be viewed very widely and include everything from industry production
levels to currency exchange rates, or more narrow to only include stock and bond
indices. We choose to only study correlations between hedge fund indices and the S&P
500 Index along with the Lehman Brothers US Aggregate Bond Index. We motivate
this choice with the fact that these are the most likely comparative portfolio
components of the majority of investors and hence most interesting to study.
As with the previous question (section 6.1), it is likely that correlation varies over
time. To evaluate to which extent the correlation varies, rolling windows of correlation
will also be studied. This should unveil any variations in correlation over time. We are
also interested in changes in correlation in different market conditions (defined exactly
the same as previously) why these also will be studied.

6.3 Internal correlation and covariance
Analyzing the internal correlations of the various hedge fund indices is of great
importance in order to be able to build a portfolio that behaves in an acceptable
52

Hedge Fund Style Allocation
manner. Correlation and covariance are tightly coupled (see section 5.3.1) why
understanding of how both behave is essential.
Inter correlation will be studied in the same manner as in 6.2, that is 12 month rolling
windows will be constructed to analyze the correlation variation over time. From that
study it will be possible to calculate means and variances of correlation coefficients as
well as minimum and maximum correlations. Assuming that correlations vary
somewhat over time, it may prove to be a successful method creating rational strategy
groups (see section 5.3.1). The purpose of these RSGs being to find groups of style
indices whose variation in correlation tend to move together and hence creating a more
stable set of “asset classes” to build portfolios with. In addition to the 12 month rolling
windows, it may be necessary to evaluate the effect of larger windows (18 months, 24
months, etc.) to decrease the standard error of the correlation matrix estimations.
The key to creating successful portfolios is the covariance matrix. Several methods to
estimate the covariance matrix exist. A simple method is the sample covariance matrix
that is constructed from historical data series of returns (see section 5.3.1). This
method may however generate a large sampling error due to the amount of indices
studied and the relatively short data series. We will hence also evaluate another
method based on PCA (see section 5.4.2). This method should minimize the sampling
error and remove most of the “statistical noise” in the covariance matrix. The
evaluation will include studying the effects of different window lengths as well as
different numbers of extracted components to build covariance matrixes with. The
performance of the estimated covariance matrix however, can only be evaluated in
terms of the risk adjusted returns that the portfolios generated using them produce.

6.4 Risk and return prediction
One of the most important questions in this thesis is to evaluate different methods of
prediction in the case of hedge fund index returns and volatilities. Most return
prediction models are regression models, which also means that a set of prediction
variables to regress upon will be needed. This makes the question twofold, first which
variables should be used in the regression models, and second, how do the regression
models perform.
A set of variables have already been suggested in literature and a collection of the
most relevant are found in section 5.2. What is left to evaluate however, is which of
these variables actually can explain the returns of hedge fund indices. This can be
determined through stepwise regression where one variable (predictor) at a time is
added until the optimal level of R2 is achieved (with a given significance level for all
explaining variables). An issue to consider will be the collinearity of the predictors. A
method that has been suggested to overcome this is PCA (see section 5.2.3 and 5.4.1).
If the predicting variables show significant correlation, this approach will be
evaluated.
Different methods of evaluating the success of return prediction models have been
suggested. A simple method we have chosen to use is what can be called the hit ratio
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(see section 5.4.1) and is simply the proportion of times the model successfully
predicts the return direction.
Since OPM is mostly interested in risk adjusted returns, prediction models for risk or
standard deviation will also need to be evaluated. Several have been suggested and
evaluated by others, among them EWMA and E-GARCH models. We shall in this
thesis focus on EWMA models due to their simplicity and previous proven success
(Monteiro, 2004). A more advanced model we will evaluate is a covariance estimator
using the implicit factor model using PCA suggested in section 5.4.2.

6.5 Portfolio evaluation
The final and central question to be resolved requires the results from the previous
questions. Our intention is to use what we have learned regarding correlation and
covariance matrixes combined with the results from evaluating various prediction
models to construct portfolios of hedge fund indices. (See section 5.5 for portfolio
construction methodologies.) If we can construct a portfolio that provides significantly
higher risk adjusted returns than the a naively diversified portfolio, we believe we have
shown that there indeed is a significant advantage of building a F-o-HF portfolio using
different hedge fund styles. The naively diversified portfolio will both represent a
portfolio that is ineffectively diversified as well as representing the hedge fund
universe as a whole. This way we will simultaneously be able to evaluate which
method shows the most promising results regarding portfolio allocation.
Using the set of predicted covariance matrixes (as described in 6.4), we will first
evaluate their performances through constructing minimum-variance portfolios. This
should allow us to draw some conclusions regarding which prediction models give the
lowest standard deviation. Other portfolio properties such as mean return, kurtosis,
skewness and Sharpe ratios will also be evaluated. All portfolios will also be tested for
normality in order to determine if any adjustments need to be made in regard to nonnormalities in the portfolio returns.
Combining the predicted returns with the predicted covariance matrixes will allow us
to evaluate a number of Sharpe optimized mean-variance portfolios. All return
prediction models will be tested against all covariance prediction models creating a
wide spread of portfolios. These will be evaluated primarily in terms of their Sharpe
ratios. As above, other portfolio properties such as mean return, standard deviation,
kurtosis, skewness and tests on normality will also be evaluated.
Based on the normality properties of the above portfolios, we might need to evaluate
other portfolio optimization methods (such as mean-CVaR optimization, see section
5.5.3) may need to be performed. However, after carefully considering the meaning of
style timing portfolio construction (as described in section 5.5.2), we have determined
not to evaluate this methodology further. The reason for this is that we do not believe
that it adds extra information in relation to the mean-variance Sharpe optimized
portfolios already created.
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7 Results
The following chapter contains the results of all analyses that have been performed in
accordance with the methodologies laid out in the previous chapter.

7.1 Risk adjusted returns in a historical perspective
This section presents our findings in terms of statistical properties and risk adjusted
returns for the 12 hedge fund indices. See table 6 for details.
Table 6 Statistical properties of the EDHEC indices
Mean
10.41%
8.03%
11.64%
10.48%
9.39%
10.63%
6.30%
10.32%
11.19%
8.85%
9.64%
6.90%
6.18%
6.72%

Standard
deviation
3.89%
9.32%
5.75%
13.91%
2.27%
5.94%
4.07%
6.47%
7.50%
3.94%
3.49%
22.39%
17.00%
3.74%

Skewness
-0.89
0.13
-1.84
-1.26
0.39
-2.08
-4.76
1.00
0.10
-2.09
-1.23
0.50
-0.45
-0.78

Excess
Kurtosis
1.69
-0.09
9.72
6.15
0.61
10.53
31.49
1.76
0.96
9.08
3.42
1.44
-0.07
1.44

Jarque1
Bera
23.24
0.29
418.48
171.07
3.79
496.79
4193.13
27.56
3.70
387.00
68.61
11.83
3.18
17.37

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Merger Arbitrage
Relative Value
Short Selling
S&P 500
Lehman Agg. Bond
Index
Annual returns and standard deviations calculated using a multiplicative factor of 12 and √12
respectively.
1
Critical value for a 95% null hypothesis is 5.99. Returns showing normal distributions in bold face.
2
Calculated using a risk free rate of 3.53%
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Sharpe
1.77
0.48
1.41
0.50
2.58
1.20
0.68
1.05
1.02
1.35
1.75
0.15
0.16
0.85

7 Results
What the reader should notice at first is that the universe of hedge fund styles is not
homogeneous. In fact, the different styles show a wide range of risk and return
characteristics. Interesting however is that under the period studied, all indices but
Short Selling provide higher risk adjusted returns than the S&P 500 and 8 of 12
indices provide higher risk adjusted returns than Lehman Brothers Aggregated US
Bond Index. Furthermore, no other index even comes close to the Sharpe ratio of 2.58
for the Equity Market Neutral index, which boasts an extremely low annual standard
deviation of only 2.27 %.
Our client company OPM are of the opinion that many investors today are too focused
on return and not on risk adjusted return. To illustrate the association between risk and
return we have plotted the risk-return relationships in figure 19 below. Every risk
neutral investor should search for portfolios in the upper left corner, which dominate
portfolios in the lower right corner. Figure 19 below shows that no matter what
selection criteria (maximum Sharpe, etc.), the risk neutral investor would mainly be
interested in three hedge fund styles Equity Market Neutral, Convertible Arbitrage and
Distressed Securities, which all provide superior and dominant risk-return
characteristics over the other investments. Contrary conclusions can be drawn
regarding Short Selling, S&P 500, Emerging Markets, CTA Global, Fixed Income
Arbitrage and Lehman Brothers Aggregated Bond Index, which are not efficient.

Figure 19 Risk verses return diagram

A majority of the indices show very strong tendencies of having non-normal returns.
Only three of the hedge fund indices can be assumed having normal returns (CTA
Global, Equity Market Neutral, and Long/Short Equity). Since non-normal returns
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may have a strong negative effect on risk adjusted returns, we computed Modified
Sharpe Ratios (MSRs) for all indices. See figure 20 below for details.

Figure 20 Illustration of the effect of non-normal returns on Sharpe ratios

Since MSRs cannot be directly compared to traditional Sharpe ratios, we have also
computed MSRs for all indices using skewness and kurtosis of the normal distribution
(both zero, which causes the MSR to fall down to traditional Sharpe). This makes the
effect of non-normality very visible. In figure 20 above, indices are ordered in
descending order of MSR assuming normal returns. Although non-normality seems to
have effects on the MSRs, most of the indices have basically retained their relative
positions (see table 7 below). This result is more in line with what Fung and Hsieh
(1999) found than what was indicated by Gregoriou and Gueyie (2003). Only three
styles have actually changed relative positions (Long/Short Equity, Global Macro and
CTA Global). Three of the indices have normal returns, which in turn explains why
there is only little or no change to their MSRs (Equity Market Neutral, L/S Equity and
CTA Global). One style, Global Macro, stands out since its MSR has significantly
increased due to its positive skewness characteristics. The average absolute difference
between normally distributed MSR and non-normally distributed MSR is just over 2
%, which we interpret as insignificant.
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Table 7 Effects on relative position of non-normal returns

Equity Market Neutral
Convertible Arbitrage
Relative Value
Distressed Securities
Merger Arbitrage
Event Driven
L/S Equity
Global Macro
Fixed Income Arbitrage
Emerging Markets
CTA Global
Short Selling

Position under
assumed
normal returns
1
2
3
4
5
6
7
8
9
10
11
12

Position after
adjusting for
observed returns
1
2
4
6
7
8
5
3
10
11
9
12

Change
in
position
+/- 0
+/- 0
-1
-2
-2
-2
+2
+5
-1
-1
+2
+/- 0

To understand how the risk adjusted returns are affected by different market conditions
we have divided the S&P 500 and Lehman Brothers US Aggregate Bond Index into
periods of clear trends (see figures 21 and 22 below). (The motivation for the selected
trend periods is stated in section 6.1.) For every period the risk adjusted returns of the
hedge fund indices were calculated. As the reader can see, both markets have been
divided into three periods. Table 8 below summarizes the risk adjusted returns for each
respective hedge fund index and period.

Figure 21 Division of the S&P 500 index into trend periods
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Figure 22 Division of the Lehman Brothers US Aggregate Bond Index into trend periods

Table 8 Risk adjusted returns for varying market conditions
Stock Market (S&P 500)

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arb.
Global Macro
L/S Equity
Merger Arbitrage
Relative Value
Short Selling

Period 1
Positive
trend
2.33
0.43
1.06
0.39
3.86
1.44
0.32
1.22
2.02
2.57
2.81
-0.15

Period 2
Negative
trend
1.52
0.80
0.55
0.08
2.26
-0.09
1.96
0.67
-0.86
-0.17
0.47
1.09

Period 3
Positive
trend
1.15
0.06
4.33
2.50
1.00
3.01
1.62
1.12
1.58
0.94
2.13
-1.40

Bond Market (Lehman)
Period 1
Positive
trend
1.32
0.87
0.53
-0.21
2.97
0.89
0.07
1.20
1.69
1.62
1.85
0.44

Period 2
Neutral
trend
6.13
-0.91
2.28
1.66
5.47
3.02
2.12
1.03
2.40
7.86
7.34
-0.83

Period 3
Positive
trend
1.34
0.51
1.49
0.84
1.75
1.00
1.98
0.97
0.07
0.22
1.01
0.41

One should be careful to draw too strong conclusions from the data above considering
that very few observations of each trend have been made. What is clear is however that
Equity Market Neutral performs well over all periods; in fact it is the best performing
hedge fund style in 3 out of 6 periods. Many of the hedge fund indices tend to perform
better as the stock market is in a positive trend. This is most obvious for the equitybased hedge funds such as Long Short Equity and Short Selling (but reversed of
course), but also Relative Value, Merger Arbitrage and Event Driven show similar
tendencies. In relation to bond market trends the results are harder to interpret. Many
hedge fund indices seem to perform better under the neutral trend. Unfortunately this
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trend coincides with one of the best stock market trends in history, which is probably a
better explanation for the good performance of most hedge fund indices. One style
stands out among the rest in regard to the neutral trend however. CTA Global performs
very poorly during this neutral trend period, which seems very logical since CTA
managers need to follow trends to achieve any returns. (One should however
remember that they follow other trends than bond markets as well.)
To increase the understanding of why some hedge fund styles tend to perform better or
worse in certain periods we have computed Sharpe ratios for each year since 1997. It
may then be possible to explain performance of the styles through the characterization
of financial markets for each year. Table 9 below summarizes our findings in regard to
the Sharpe ratios.
Table 9 Annual Sharpe ratios
Convertible
Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market
Neutral
Event Driven
Fixed Income Arb.
Global Macro
L/S Equity
Merger Arbitrage
Relative Value
Short Selling

1997
5.27

1998
-0.05

1999
5.44

2000
3.56

2001
2.57

2002
1.29

2003
1.78

2004
-1.22

0.87
2.92
1.26
4.08

1.14
-0.53
-1.40
2.27

-0.24
3.00
2.32
5.08

0.42
0.23
-0.51
4.36

0.04
2.40
0.79
3.89

0.98
0.51
0.31
0.93

0.80
7.54
4.28
2.00

-0.66
2.63
0.76
0.04

3.54
4.51
1.96
2.49
4.63
6.08
0.03

-0.18
-1.22
0.64
1.17
0.59
0.33
0.75

3.50
4.11
1.49
3.06
5.52
6.79
-1.23

1.08
1.17
0.59
0.90
7.51
4.02
0.66

1.20
2.10
0.57
-0.66
-0.16
1.02
0.38

-0.83
1.84
0.48
-1.64
-1.46
-0.19
1.42

5.84
1.87
2.57
3.33
2.97
3.62
-2.99

1.01
2.33
-0.98
0.05
-1.15
0.04
0.52

Table 9 above indicates a very different risk adjusted return situation compared to
what was found in regard to the long period perspective (i.e. the entire period). Hence,
it appears that the hedge fund universe is even more heterogeneous when adding the
time dimension to the analysis.
We have also analyzed any effects that autocorrelation may have on the Sharpe ratios.
In literature, this is described as a frequent problem with hedge funds (see section
5.3.2). First however, we must determine weather the EDHEC hedge fund indices
display any form of autocorrelation. We have only analyzed first order (i.e. with lag 1
month) serial correlation since any other lag will most likely be totally financially
irrelevant. Table 10 below displays our findings.
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Table 10 Hurst exponents and coefficients of autocorrelation

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arb.
Global Macro
L/S Equity
Merger Arbitrage
Relative Value
Short Selling
* Significant at the 95% level
** Significant at the 99% level

Hurst exponent
0.61
0.46
0.59
0.56
0.69
0.53
0.57
0.48
0.63
0.66
0.58
0.54

Autocorrelation
coefficient
0.46**
0.04
0.39**
0.29**
0.30**
0.31**
0.39**
0.05
0.23*
0.31**
0.32**
0.13

As can be seen in table 10 above, a majority of the hedge fund styles show significant
autocorrelation. This can be considered to be in line with what Brooks and Kat (2002)
and De Souza and Gokcan (2004) found in their studies. Since the argumentation in
literature for autocorrelation is that hedge funds are involved in illiquid positions
difficult to re-evaluate frequently, it is very surprising to find significant
autocorrelation for styles such as Equity Market Neutral and Emerging Markets, which
are pure equity-related hedge fund styles. Perhaps the argumentation that consistent
low volatility explains the autocorrelation, rather than low volatility is explained by
significant autocorrelation, is more applicable than what is suggested in literature.
Anyhow, to analyze the implications of autocorrelation to risk adjusted returns, we
have applied an unsmoothening technique and re-evaluated the Sharpe ratios (see
section 5.3.2). The results should be interpreted as the risk adjusted returns if the
indices were not serially correlated. See table 11 below for results.
Table 11 Results in regard to mean, standard deviation and Sharpe ratios of "unsmoothening"
the data

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arb.
Global Macro
L/S Equity
Merger Arbitrage
Relative Value
Short Selling

“Smoothed data”
Mean
St.Dev.
Sharpe
10.41%
3.89%
1.76
8.03%
9.32%
0.48
11.64%
5.75%
1.41
10.48%
13.91%
0.50
9.39%
2.27%
2.58
10.63%
5.94%
1.20
6.30%
4.07%
0.68
10.42%
6.46%
1.07
11.19%
7.50%
1.02
8.85%
3.94%
1.35
9.64%
3.49%
1.75
6.90%
22.39%
0.15

61

“Unsmoothed data”
Mean
St.Dev.
Sharpe
10.26%
6.37%
1.06
8.02%
9.66%
0.47
11.58%
8.70%
0.92
10.21%
18.48%
0.36
9.33%
3.05%
1.90
10.57%
8.18%
0.86
6.15%
6.12%
0.43
10.38%
6.78%
1.01
11.16%
9.47%
0.81
8.78%
5.43%
0.97
9.56%
4.85%
1.24
6.89%
25.41%
0.13

7 Results
The reader can clearly see that while the unsmoothening process has not significantly
altered the means, the standard deviations of the indices in many cases have increased
significantly. This in turn has affected the Sharpe ratios negatively.

Figure 23 Effect of "unsmoothening" data on Sharpe ratios

Figure 23 above illustrates the effects of unsmoothening the data in risk adjusted
terms. Since different indices are affected to different degrees, the internal relative
order of Sharpe ratios is changed somewhat. Table 12 below illustrates this more
clearly.
Table 12 Effects on relative ranking positions of Sharpe ratios for "Unsmoothed" data

Equity Market Neutral
Convertible Arbitrage
Relative Value
Distressed Securities
Merger Arbitrage
Event Driven
Global Macro
L/S Equity
Fixed Income Arbitrage
Emerging Markets
CTA Global
Short Selling

Positions for
unadjusted
data
1
2
3
4
5
6
7
8
9
10
11
12

Positions for
“Unsmoothed”
data
1
3
2
6
5
7
4
8
10
11
9
12

Change
in
position
+/- 0
-1
+1
-2
+/- 0
-1
+3
+/- 0
-1
-1
+2
+/- 0

As can be seen in table 12 above, it is clear that both absolute and relative changes
occur to the Sharpe ratios when the autocorrelation is removed. Which of the two
Sharpe ratios that is closer to the true value is of course hard to tell. Interesting to
investigate would be the reason behind the apparent autocorrelation. Do illiquid
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positions and infrequent trading cause it or is it just the result of very consistent
returns?

7.2 Correlation with traditional financial markets
In this section we analyze the correlations between the hedge fund indices in question
and traditional financial markets represented by S&P 500 and Lehman Brothers US
Aggregate Bond Index. Table 13 below displays correlations between all indices,
S&P 500 and Lehman Bond Index.
Table 13 Correlation between hedge fund indices and the stock and bond markets
Stock market (S&P 500)
Convertible Arbitrage
0.182
CTA Global
-0.203
Distressed Securities
0.470**
Emerging Markets
0.606**
Equity Market Neutral
0.416**
Event Driven
0.649**
Fixed Income Arbitrage
-0.061
Global Macro
0.411**
Long/Short Equity
0.736**
Merger Arbitrage
0.558**
Relative Value
0.634**
Short Selling
-0.751**
** Significant correlation at the 99% confidence level

Bond market (Lehman)
0.079
0.441**
-0.052
-0.101
0.216**
-0.074
0.093
0.288**
-0.051
-0.048
-0.040
0.122

Most hedge fund styles have moderate correlation to the stock market, which is similar
to what Brooks and Kat (2002) found. A few (Convertible Arbitrage, CTA Global and
Fixed Income Arbitrage) have very weak or no correlation and yet others (L/S Equity
and Short Selling) have very strong correlations. None of this is very surprising, but
most hedge funds evidently have stronger correlation to the stock market than they
claim to and wish. The correlation can of course be explained by the fact that most
hedge fund styles are equity based.
Studying correlations between hedge fund indices and the bond market yields a very
different picture. A majority of the hedge fund styles show non-significant correlations
to the bond market. The exceptions are CTA Global, Equity Market Neutral and
Global Macro, which in the case of Equity Market Neutral is very surprising. This
correlation does not seem logical since the style is purely equity oriented and is
perhaps more a sign of the similarly low variances of the two indices. A common
explanation for these phenomena in literature is high levels of leverage, which
increases exposure to interest rates. Nonetheless, it seems clear that most hedge funds
have none to very low real correlation with the bond market.
To give the reader a better understanding how each hedge fund index correlates with
other markets we have once again studied trend shifts in the respective markets. We
chose to calculate correlations for each index during three different trend periods in the
stock and bond markets respectively (see figure 21 and 22). As can be seen in table 14
below, the correlations vary, sometimes substantially, over the three observed periods.
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It is worth noting that some periods (especially the third period for both the stock and
bond markets) contain relatively few observations, which leads to correlations with a
great deal of uncertainty. Therefore, it is hard to draw reliable conclusions.
Table 14 Correlations over different market trends
Stock Market (S&P 500)
Period 1
Period 2
Period 3
Positive
Negative
Positive
trend
trend
trend
Convertible Arbitrage
0.211
0.19
0.045
CTA Global
0.000
-0.496**
-0.0127
Distressed Securities
0.548**
0.330
0.205
Emerging Markets
0.624**
0.728**
0.558**
Equity Market Neutral
0.573**
0.227
0.097
Event Driven
0.632**
0.634**
0.569**
Fixed Income Arb.
-0.071
0.033
0.206
Global Macro
0.514**
0.299
0.058
L/S Equity
0.622**
0.849**
0.801**
Merger Arbitrage
0.577**
0.449
0.541**
Relative Value
0.483**
0.733**
0.676**
Short Selling
-0.666**
-0.878**
-0.867**
* Significant at the 95% level
** Significant at the 99% level

Bond Market (Lehman)
Period 1
Period 2
Period 3
Positive
Neutral
Positive
trend
trend
trend
-0.090
0.192
0.226
0.438**
-0.238
0.506**
-0.122
0.082
-0.017
-0.188
0.069
-0.060
0.298
0.141
0.341*
-0.062
0.118
-0.096
-0.094
-0.091
0.528**
0.338
0.044
0.419**
0.192
0.114
-0.182
-0.098
-0.055
0.072
0.037
0.140
-0.050
-0.058
-0.285
0.319*

Regarding the stock market, a first observation is that there seems to be a tendency of
fewer hedge fund styles correlating with the market in negative trends than in positive.
On the other hand, several styles (Emerging Markets, Long-Short Equity and Relative
Value) seem to correlate stronger with the negative trend than with the positive trends.
Relating back to section 7.1, the reason for the generally poor performance in terms of
Sharpe ratios of most styles in stock market down trends is here explained by the fact
that most indices have positive correlations to the stock market even in market
downturns. As discussed earlier, very few hedge fund styles show significant
correlations to the bond market in any trend. This means that apart from this fact it is
difficult to draw any further conclusions, which is similar to what was found in section
7.1 regarding Sharpe ratios in the same periods.
To further study correlation changes over time we have analyzed correlations using
rolling windows. After studying 12 month rolling windows we found correlations to be
very unstable over time with spreads (defined as the gap between highest and lowest
observed coefficients of correlation) reaching between 0.67 and 1.4 between individual
styles and the stock market. The results for correlation with the bond market showed
even less promising results. We therefore evaluated different lengths of the rolling
window in the interval of 12 to 48 months to establish a window length that would
yield a somewhat stable correlation between hedge fund styles and the stock and bond
markets. A typical result is visualized in figure 24 below. (Diagrams for the remaining
indices can be found in Appendix 2.)
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Figure 24 The effect of the correlation spread when increasing window size

To allow the correlation to vary over time in a meaningful way, the dilemma is to
choose a short enough window to allow for variations in correlation, but at the same
time long enough for the correlations to be relatively stable and not include a too large
sampling error. Our results indicate that a window length of somewhere between 30
and 36 months yield an acceptably low spread in the correlation. A longer window
does not seem to increase stability significantly. (Complete results for the rest of the
indices can be found in Appendix 3.)

7.3 Internal correlation and covariance
The purpose of this section is to present all results in regard to internal correlations and
covariances. Understanding of these two is, as discussed in section 6.3, essential for
successful portfolio construction using mean-variance optimization. First, the
correlations between all hedge fund indices were computed for the entire period (Jan.
1997 - Sep. 2004). The results are displayed in table 15 below.
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Table 15 Correlation between the 12 hedge fund indices

Convertible
Arbitrage
CTA Global

Equity
Emerg. Market
Markets Neutral

Fixed
Long/
Income Global Short Merg.
Event
Arb.
Macro Equity Arb.

CTA
Global

Dist.
Sec.

-0.15

0.59**

0.41**

0.53**

0.58**

0.50**

-0.19

-0.09

0.17

-0.17

0.06

Distressed
0.77**
0.48** 0.89**
Securities
Emerging
0.47** 0.80**
Markets
Equity
Market
0.63**
Neutral
Event
Driven
Fixed
Income
Arbitrage
Global
Macro
Long/Short
Equity
Merger
Arbitrage
Relative
Value
* Significant correlation at the 95% confidence level
** Significant correlation at the 99% confidence level

Rel.
Value

Short
Sell.

0.32** 0.35** 0.51** 0.68**

-0.25*

0.43**

-0.08

-0.14

-0.20

0.19

0.38**

0.53** 0.66** 0.61** 0.71** -0.61**

0.30**

0.63** 0.72** 0.56** 0.66** -0.72**

0.22*

0.64** 0.68** 0.68** 0.61** -0.44**

0.30**

0.59** 0.82** 0.84** 0.85** -0.72**
0.41**

0.13

0.16

0.45**

0.04

0.67** 0.43** 0.52** -0.42**
0.70** 0.74** -0.82**
0.78** -0.52**
-0.58**

A majority of the hedge fund styles show significant positive correlation to each other.
There are however a few exceptions; Short Selling shows significant negative
correlation and CTA Global is practically uncorrelated to most other styles. Fixed
Income Arbitrage also shows low coefficients of correlation to the other styles. These
results seem to be inline with what Brook and Kat (2002) found in their study.
Similarly to the analysis in section 7.2, we also evaluated variations in internal
correlation over time by studying various lengths of rolling windows. As previously,
we have plotted the mean, minimum and maximum correlations for each window size
and pair of hedge fund styles. Figure 25 below is a typical example of the plots.
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Figure 25 Illustrative figure of how correlation behaves with increasing window sizes

Figure 25 above shows that for shorter window sizes, the correlation varies
significantly. These are similar results to what De Souza and Gokcan (2004) found in
their study (they only studied 12 month rolling windows however). For larger window
sizes the correlation spread decreases and at around 36 month windows, the spread
ceases to decrease significantly. Since figure 25 is fairly representative of the whole
inter correlation matrix, we can conclude that 36 month windows will probably be the
optimal compromise between low standard error and a high degree of relevance in the
correlation. (Diagrams of the other inter correlations can be found in Appendix 4.)
Table 16 below summarizes the means, standard deviations as well as the spread of the
inter correlations for rolling 36 month windows.
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Table 16 Correlation data for 36 month rolling windows
[Mean/
CTA
Std. Dev./
Spread]
Convertible -0.25
Arbitrage 0.22
0.72

Dist.
Sec.

CTA Global

-0.23
0.13
0.42

Distressed
Securities
Emerging
Markets
Equity
Market
Neutral

0.56
0.15
0.48

Emerg. Equity Event
Mark. Market
Neutral
0.31
0.50
0.54
0.20
0.08
0.13
0.67
0.28
0.42

Fixed
Inc.
Arb.
0.40
0.21
0.62

Global
Macro
0.23
0.15
0.52

Long/ Merger Rel. Short
Short
Arb.
Value Sell.
Equity
0.30
0.45
0.63 -0.25
0.11
0.14
0.20
0.11
0.41
0.41
0.59
0.39

-0.20
0.11
0.41

0.09
0.20
0.71

-0.25
0.12
0.45

0.17
0.26
0.70

0.39
0.14
0.49

-0.17
0.10
0.38

-0.22
0.15
0.51

-0.31
0.10
0.35

0.25
0.09
0.33

0.73
0.11
0.36

0.48
0.18
0.57

0.85
0.08
0.24

0.35
0.05
0.21

0.52
0.10
0.38

0.65
0.10
0.34

0.54
0.23
0.68

0.69
0.14
0.41

-0.60
0.10
0.36

0.43
0.15
0.51

0.81
0.04
0.15

0.26
0.05
0.29

0.64
0.09
0.34

0.81
0.03
0.13

0.55
0.19
0.57

0.72
0.09
0.34

-0.78
0.04
0.14

0.58
0.12
0.39

0.29
0.16
0.64

0.58
0.10
0.52

0.59
0.19
0.68

0.61
0.07
0.24

0.53
0.12
0.38

-0.43
0.22
0.71

0.34
0.07
0.36

0.59
0.06
0.22

0.83
0.03
0.16

0.82
0.10
0.34

0.86
0.04
0.22

-0.74
0.04
0.14

0.48
0.10
0.36

0.19
0.09
0.38

0.26
0.09
0.38

0.44
0.12
0.36

-0.03
0.14
0.47

0.69
0.13
0.34

0.40
0.11
0.47

0.48
0.07
0.31

-0.48
0.14
0.47

0.64
0.08
0.36

0.73
0.11
0.39

-0.87
0.03
0.10

0.76
0.06
0.42

-0.50
0.15
0.52

Event
Driven
Fixed
Income
Arbitrage
Global
Macro
Long/Short
Equity
Merger
Arbitrage
Relative
Value

-0.64
0.10
0.52

Since correlations seem to vary significantly over time, we have evaluated the concept
of Rational Strategy Groups as described in section 6.3. What we were hoping to find
were groups of hedge fund styles that were correlated internally but relatively
uncorrelated to other groups of hedge fund styles. These RSGs would then possibly
have more stable correlations than the individual styles.
What we found (see table 17 below) however was that most hedge fund styles changed
groups some times and hence probably made it is meaningless to create any RSGs.
The table below is the result of dividing the hedge fund style universe into 4 RSGs.
Each “x” marks the belonging of a style to a RSG for a 36 month period. After rolling
the 36 month window forward 8 times, we realized we were not getting the results we
were looking for and hence stopped the procedure.
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Table 17 Results of dividing the style universe into 4 RSGs
Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Merger Arbitrage
Relative Value
Short Selling

RSG 1

RSG 2
xxxxxxxx

xxxxxx
xxxxxxx

xx

RSG 3

RSG 4

xxxxxxxx

xxxxxxx

xxxxxxx
x
xxx
xxxxxxx

x
x
xxxxx

x
x
xxxxxxxx

xx
xxxxx

x
xxxxxx
xx
x
xxxxx
x

Nonetheless we decided to evaluate the 4 RSGs that seem to be prevailing during the
studied period, which can be described as follows:
-

-

RSG 1, “Equity non-hedge”
Distressed Securities
Emerging Markets
Event Driven
Long/Short Equity
Short Selling
RSG 2, “General Arbitrage”
Convertible Arbitrage
Fixed Income Arbitrage
Relative Value

-

RSG 3, “Trend followers”
CTA Global
Global Macro
RSG 4, “Equity hedge”
Equity Market Neutral
Merger Arbitrage

Using the grouping above we created 4 new indices that for the purpose of this study
were equally weighted. (The group names should only be viewed as the authors’
interpretations.) To evaluate the RSGs in relation to the ungrouped hedge fund indices,
we compared the average spreads and standard deviations of the RSGs with those of
the earlier 36 months rolling windows.
Table 18 Comparison of previously ungrouped correlations and RSG correlations

Average mean
Average standard deviation
Average spread

36 month “ungrouped”
indices
0.28
0.12
0.41

36 month RSG
indices
0.35
0.13
0.48

As the reader can see, grouping the hedge fund styles into RSG does not in any way
improve the stability of inter correlation. In fact, the RSGs seem to be even less stable
than the styles themselves. We are therefore inclined to conclude that correlations vary
so much over time that there are not any meaningful groups of hedge fund styles to be
constructed. This is not inline with what De Souza and Gokcan (2004) found in their
study.
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After having studied most aspects of the correlation, what remains is studying the
covariance matrix. As mentioned earlier, the covariance matrix is the key to
optimizing mean variance portfolios. As described in section 5.3.1, the covariance
matrix is the link between the correlation matrix and the individual asset’s variances. It
would thus seem logical that an understanding of the covariance matrix can be
achieved through studying the standard deviations combined with results from
studying the correlation matrix.
Standard deviations of hedge fund styles seem to be more stable over time than
correlations. The annual standard deviation of 36 month rolling standard deviation
windows has an average of 1.6 % (study not shown here) compared with 12 % for 36
month rolling correlation windows. We therefore assume that the correlation is
responsible for most of the variation in the covariance matrix. This in turn leads us to
believe that 36 month windows also is an appropriate time frame for the covariance
matrix. The tables in Appendix 5 show statistics on the covariance matrixes
constructed using 36 month rolling windows, first based on traditional historical
sample and second using a PCA methodology.
The covariance matrixes using the PCA methodology were constructed from 5
principal components. The number of components was selected and evaluated using
the lowest average standard deviation of the covariances. Table 19 below provides a
summary. (See section 5.4.2 for the methodology used.)
Table 19 Covariance matrix statistics using different number of components extracted

Mean
Standard
Deviation
Spread

Historic
sample
1.19E-04
1.48E-04

4 PCA
components
1.04E-04
1.46E-04

5 PCA
components
1.07E-04
1.45E-04

6 PCA
components
1.12E-04
1.47E-04

7 PCA
components
1.14E-04
1.47E-04

4.52E-04

4.52E-04

4.48E-04

4.51E-04

4.52E-04

As the reader can see, 5 components produces a slightly lower average standard
deviation than both historic covariance matrixes as well as matrixes constructed using
fewer or more components. The difference may not be significant, but covariance
matrixes constructed using the PCA methodology, extracting 5 components and 36
month rolling windows, will be evaluated against standard covariance matrixes built
on 36 month rolling windows of historic samples in section 7.5.

7.4 Risk and return prediction
This section is dedicated to evaluating various methods of predicting hedge fund index
returns, variances and covariances. Since the three vary somewhat in prediction
methods, they will be discussed individually below.

7.4.1 Predicting return
According to literature (e.g. Amenc and Martellini (2002)), returns are the most
difficult (relative to variance and covariance) to forecast and predict. There is however
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a number of methods discussed in section 5.4 that we want to evaluate in terms of
predicting hedge fund index returns.
First in line to be evaluated is the methodology suggested by Amenc et. al. (2003) and
described in section 5.4.1. However, we find it necessary to describe the actual
methodology adopted more deeply. The variables presented in section 5.2 serves as a
basis for all regressions. Actually, several “permutations” of these variables were used.
These consisted of the 1,2, and 3 month lags (rt-1, rt-2 and rt-3), moving averages (1/3rt1+1/3rt-2+1/3rt-3), changes in the variable and in some cases log-differenced returns of
the variable.
These 6 variables were run through 12 stepwise regressions (one for each hedge fund
index) to determine which, if any, of the permutations that would be included in the
final regression models. In accordance with Amenc et. al. (2003) we demanded at least
5 % explanation power (R2) of any variable included in the final model. This yielded a
set of variables that had sufficient explanation power to be considered for our final
regression models. Because of the findings in 7.1 (where we found significant first
order serial correlation), we also included the previous month’s return in the model for
the indices which this showed at least 5 % explanation power.
Finally all variables identified in the previous step were forced through a regression,
which yielded the coefficients presented in table 20 below. The observant reader
notices that very few coefficients show sufficient significance. This indicates that the
models are relatively structurally unstable and that the regression structure has likely
changed over the observed 60 month calibration period (Jan. 1997 through Dec. 2001).
The reader should also notice that no variables of significant explanation power could
be found for the Global Macro hedge fund index.
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Rt-1

0.316
(0.03)

0.130
(0.45)

0.102
(0.50)

0.14
(0.35)

0.154
(0.36)

2.401
(0.70)
1.415
(0.31)

ΔS&P Divt-1
Def. Spreadt-1

2.09
(0.30)
9.97e-4 -8.03e-4
(0.20)
(0.15)

ΔVIXt-1

10.28
(0.04)
9.17e-4
(0.13)

-1.03e-3
(0.18)

-2.56e-3
(0.00)
5.31e-8
(0.00)

ΔNYSE Volt-1
NYSE Volt-3

-1.89e-7
(0.05)

ΔNYSE
Val(MA)
US Eqt-1

-3.64e-6
(0.74)

US Eqt-2

6.82e-2
(0.09)

5.30e-2
(0.09)

-2.19e-2
(0.69)

ΔWorld Eqt-1
World Eq
(MA)
Currencyt-1
10y-Bond
(1dif)
Ind.Prod
(1dif)
Futures
(1dif)
SMBt-1

Short
Selling

Relative
Value

Merger
Arbitrage

L/S
Equity

0.233
(0.09)

0.343
(0.42)

Δ3-mt-1

ΔVIX(MA)

Fixed
Income

Event
Driven

Eq. Mark.
Neutral

Emerg.
Markets

Dist. Sec.

CTA
Global

Conv.
Arbitrage

Table 20 Regression coefficients for corresponding hedge fund index regression model

3.76e-2
(0.57)

3.98e-2
(0.27)

8.55e-2
(0.18)

2.88e-2
(0.24)

8.02e-2
(0.20)
-4.11e-2
(0.65)
2.10e-2 0.163
(0.67) (0.04)
0.633
(0.02)
8.95e-2
(0.14)

-0.15
(0.19)

6.12e-4 1.42e-3
(0.31)
(0.33)
alpha
7.17e-3 4.78e-3 -7.58e-3 -7.08e-2 1.02e-2 8.95e-3 -6.61e-3 1.27e-2 8.39e-3 8.22e-3 7.98e-3
2
R
26.7% 29.4% 24.3% 15.5% 12.4% 10.8% 44.5% 7.3%
19.2% 10.0%
6.8%
The numbers in parenthesis are the levels of significance (0.05 is equivalent to a 95 % confidence
interval).

Table 20 above also shows each regression model’s corresponding alpha. As described
in section 5.4.1, alpha usually indicates a hedge fund managers skill-based return (i.e.
the return achieved above his/her risk exposure). We will not comment on the
relevance of this when it comes to index returns, but several indices show negative
alpha, which in turn should indicate that they actually are underperforming their
corresponding risk factors.
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Finally table 20 provides the explanation power of each regression model (R2). As the
reader can see, the R2 varies considerably between the indices indicating that the
models have a varying degree of fit (the higher the R2, the larger proportion of
variance can be explained by the model). A high R2 does however not necessarily
indicate better predictions as we can see in table 21 below. After calibrating the
models using the first 60 months (Jan. 1997 through Dec. 2001), we rolled the 60
month period forward and re-estimated the regression coefficients. Repeating this
process for the entire time series (up until Sep. 2004), we achieved the following
performances.
Table 21 "Hit-ratio" of the regression model for each index
2

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Merger Arbitrage
Relative Value
Short Selling

R
26.7%
29.4%
24.3%
15.5%
12.4%
10.8%
44.5%
n.a.
7.3%
19.2%
10.0%
6.8%

HR1
73.3%
56.7%
86.7%
80.0%
86.7%
80.0%
85.7%
n.a.
53.3%
70.0%
73.3%
80.0%

HR2
60.0%
43.3%
66.7%
46.7%
46.7%
66.7%
57.1%
n.a.
50.0%
46.7%
60.0%
46.7%

Table 21 above contains, apart from the R2, two different hit-ratios (measures of
performance), HR1 and HR2. HR1 is defined by Amenc et. al. as the percentage of
predictions in the right direction (i.e. the model predicted a positive return and the
index achieved a positive return and vice verse). According to this measure all models
performed well and some performed very well indeed (none as high as they did for
Amenc et. al., but the average model performed significantly better).
After considering that all hedge fund indices on average perform a positive monthly
return of around 0.5 - 1.0% (see section 7.1), predicting a positive return should be
significantly more easy than to predict a negative return. We therefore defined a new
hit-ratio, HR2, as the percentage of predictions on the right side of the corresponding
mean return (i.e. the model predicted a return above (below) mean and the index
achieved a return above (below) mean). As table 21 shows, this measure of
performance indicates that the models are not as efficient as first thought. (As a matter
of fact, half of the predictions are below 50%, which in those cases mean we might as
well be throwing darts at a board.)
Lastly we performed Chow tests16 for all models with the purpose of testing structural
stability. As can be seen in table 22, only the model for Fixed Income Arbitrage can be
16

In essence, the Chow test compares the sum of residual squares in two separate regressions (one for each half
of the total regression period) to the sum of residual squares of the total period. The Chow test is F-distributed
and the hypothesis that the model is structurally stable over time (i.e. the coefficients are the same over time) and
cannot be rejected at the 95 % level unless the Chow test exceeds the corresponding F-statistic (shown in table).
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rejected (which is somewhat surprising considering the low significance of the
regression coefficients indicated in table 20). For the sake of this evaluation we have
chosen to discard this instability.
Table 22 Results of Chow tests on the regressions
Chow
1.337
1.400
0.500
0.174
0.772
0.423
3.090
na
1.051
0.509
0.151
0.442

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Merger Arbitrage
Relative Value
Short Selling

F-value
2.561
2.409
2.152
2.561
2.557
2.779
2.131
na
3.162
2.553
2.783
3.172

One of the issues in the regression models above is the collinearity of the various
variables used to perform the regressions (see section 5.2.3). For all the models above
we have set the limit for correlation between variables at 0.6 (i.e. we have allowed
moderate correlations but not higher). To completely eliminate the problem with
collinearity, we have chosen to evaluate another regression approach involving
regressing on implicit factors created using PCA (described in section 5.4.1).
PCA is one of the most efficient means of dealing with collinearity in regression
variables. In this case we use the variables specified in table 5, section 5.2.1 for all
hedge fund indices (i.e. we do not check which individual variables have explanation
power for each hedge fund index). Using this methodology with a 60 month rolling
window we were able to produce a series of return predictions. The performance of the
prediction models is described in table 23 below. Once again we are relying on the
previously defined HR2 to evaluate the performance. Unfortunately, as the reader can
see, this “improved” regression model using PCA does not perform any better than the
previous regression models.
Table 23 Performance results of regression models based on PCA (60 month rolling windows)
2

R
47.3%
28.6%
49.0%
24.3%
67.8%
32.4%
41.4%
33.8%
35.6%
50.9%
31.3%
29.0%

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Merger Arbitrage
Relative Value
Short Selling
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HR2
57.1%
42.9%
71.4%
50.0%
39.3%
46.4%
42.9%
42.9%
46.4%
46.4%
57.1%
46.4%
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The lacking performance of the PCA regression model may be due to a number of
factors, one being that it was not based on variables that had been checked for
explanation power as was the case for the previous regression models. (The reason for
the difference in approach was mainly due to computational difficulties from the
authors’ side.)
As a last approach to predict future returns, we decided to try the traditional EWMA
model (described in the case of volatility prediction in section 5.4.3). Not knowing
what decay factor to use, we simply ran a small program to test which value for λ that
yielded the highest HR2 (defined as earlier). The range of decay factors that we
achieved and the corresponding prediction performances is shown in table 24 below,
both for 60 month rolling windows as well as 36 month rolling windows.
Table 24 Prediction performances and decay factors for the various EWMA models

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Merger Arbitrage
Relative Value
Short Selling

60 Month
λ
HR2
0.30
78.6%
0.40
67.9%
0.23
67.9%
0.61
75.0%
0.01
60.7%
0.01
67.9%
0.45
64.3%
0.35
67.9%
0.01
75.0%
0.01
75.0%
0.04
64.3%
0.01
60.7%

36 Month
λ
HR2
0.40
71.2%
0.74
53.9%
0.10
57.7%
0.26
65.4%
0.40
63.5%
0.01
55.8%
0.64
50.0%
0.01
57.7%
0.01
61.5%
0.35
65.4%
0.01
67.3%
0.01
55.8%

As the reader can see, the results are significantly more promising than any of the
regression models previously evaluated. The varying decay factors indicate that in
many cases the best prediction is last month’s return while others show a more long
term dependency in the predictions (i.e. higher decay factor). Although some
predictions profit from the shorter 36 month rolling windows, most predictions seem
to benefit from the longer 60 month windows.

7.4.2 Predicting risk
Two representations of risk are of interest in traditional mean-variance portfolio
analysis; return volatility and the covariance matrix of the portfolio holdings. In this
thesis we are evaluating mainly EWMA models because of their simplicity and proven
effectiveness both in the hedge fund universe and in other asset classes. GARCH
models have also proven effective but due to their increased complexity as well as lack
of proof of superior performance relative to EWMA models we have chosen to not
evaluate them.
First we evaluated prediction models for the return volatility. Two structurally
different models were used:
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(1)
(2)

2
2
" t2 = #" t$1
+ (1$ #) rt$1
2
" t2 = #" t$1
+ (1$ #)( rt$1 $ µ)

2

Of these two,! (1) is the traditional approach (zero mean is assumed). However,
knowing that the
mean returns differ from zero for all hedge fund indices, we chose to
!
also evaluate (2), which takes the mean in consideration. There is also another matter
to be addressed; the “true” volatility is not observable. There is hence no simple way
to construct any form of “hit-ratio” as we did in the previous section for return
prediction. Instead, we have elected to use the root mean square prediction error
(RMSPE) defined as follows:
RMSPE =

1
$ (" t2+1 # "ˆ t2+1) ,
T

where " is the observed standard deviation / covariance and "ˆ is the predicted
standard deviation / !covariance. The RMSPE is not a statistical measure in itself but
rather a method of evaluating one prediction method against another (through
! geometric distances to the “true” value). Table 25 shows the
! prediction results for both
prediction models using 36 and 60 month rolling windows for past volatility.
Table 25 Prediction performances for the volatility forecast models

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Merger Arbitrage
Relative Value
Short Selling

36 Month
RMSPE1 RMSPE2
1.33e-05
1.09e-05
3.80e-05
3.89e-05
3.56e-05
3.40e-05
1.70e-04
1.69e-04
4.83e-06
2.87e-06
3.99e-05
3.86e-05
2.86e-05
2.86e-05
3.01e-05
2.67e-05
4.24e-05
3.68e-05
1.89e-05
1.80e-05
1.11e-05
9.74e-06
3.28e-04
3.35e-04

60 Month
RMSPE1 RMSPE2
8.02e-06
6.89e-06
3.22e-05
3.09e-05
2.65e-05
2.51e-05
1.20e-04
1.18e-04
2.01e-06
1.62e-06
2.87e-05
2.76e-05
2.26e-05
2.22e-05
1.67e-05
1.55e-05
1.57e-05
1.39e-05
1.17e-05
1.12e-05
6.74e-06
5.69e-06
1.79e-04
1.81e-04

As the reader can see, model (2) produces a result that for a majority of the indices is
superior. It is also evident that using a 60 month rolling window produces improved
results in relation to a 36 month rolling window. For all models, the decay factor was
set to λ=0.97. (The decay factor 0.97 was found to be the optimal after testing, which
is inline with the industry standard of volatility prediction today, e.g. RiskMetrics.)
Risk measured by volatility is however only interesting when evaluating a single
hedge fund index by itself or in relation to others. To optimize the performance of a
portfolio of hedge fund indices we need to be able to predict the covariance matrix.
We have decided to predict the covariance matrix directly using two different EWMA
models:
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"1,2,t = #"1,2,t$1 + (1$ #)r1,t$1r2,t$1
"1,2,t = #"1,2,t$1 + (1$ #)[(r1,t$1 $ µ1 )(r2,t$1 $ µ2 )]

(3)
(4)

Similar !to (1) and (2) earlier, (3) is the traditional approach and the use of (4) is
motivated
! by the same reasons as above. We have also, similarly to above, decided to
use the RMSPE measure as a prediction performance indicator. Since we in this case
however are dealing with a matrix, we have selected to evaluate each set of matrixes
using the sum of each element’s RMSPE. The results are summarized in table 26
below.
A third prediction model we used was the PCA methodology explained in section
5.4.2. The method uses PCA to reduce the number of factors (in this case we have
chosen 5) that the covariance matrix is constructed from. The reason for this is that a
large number of factors in relation to the number of observations should cause
excessive sample error of the covariance matrix. The result of this approach is
evaluated equivalently to the other methods and can be seen in table 26 below.
Table 26 Performances of the various covariance prediction models

RMSPE

EWMA1
0.0052

36 Month
EWMA2
0.0053

PCA(5)
0.0057

EWMA1
0.0033

60 Month
EWMA2
0.0033

PCA(5)
0.0045

Although the differences are marginal (especially for the 36 month windows), the
EWMA models seem to perform better than the PCA approach (and it doesn’t seem to
matter if we use model (1) or (2) either). Also, 60 month rolling windows tend to yield
better results than 36 month windows.

7.5 Portfolio evaluation
We have previously studied risk adjusted returns, correlation and covariance
structures, as well as prediction models for both the return and risk of the hedge fund
indices. The purpose of this section is to combine our previous results and use them to
create F-o-HF portfolios and evaluate the performance of these. Out-of-sample
portfolios will be created using different methods, all described in section 5.5.

7.5.1 Minimum-Variance portfolios
The reason for attempting minimum-variance optimization is that it is independent of
expected returns. Since returns have shown to be difficult to predict, this allows us to
focus on using the predicted covariance matrixes. The reader should be aware that the
following portfolios are not Sharpe-optimized.
We have created 6 different portfolios using the covariance prediction models
described in section 7.4.2:
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 EWMA117 36/60 month
 EWMA218 36/60 month
 PCA using 5 components 36/60 month rolling windows
Since the 36 month models cover 24 months more than the 60 month models, we have
also evaluated portfolios predicted using the 36 month models over the same period as
the 60 month models (i.e. Jan. 2002 – Sep. 2004). The purpose of this is of course to
be able to fairly evaluate which model actually performs best. Table 27 below
describes the performances of the different portfolios.
Table 27 Performances of minimum-variance portfolios
Standard
Excess
Jarque1
2
Mean
deviation Skewness Kurtosis
Bera
Sharpe
Portfolio
EWMA1(36) Jan 20007.99%
2.00%
0.161
-0.05
0.255
2.23
EWMA2(36) Jan 20008.13%
2.00%
0.289
0.23
0.913
2.30
PCA(36) Jan 20008.23%
2.14%
0.308
0.07
0.911
2.20
EWMA1(36) Jan 20025.73%
1.64%
-0.241
-0.07
0.326
1.34
EWMA2(36) Jan 20025.94%
1.65%
-0.232
0.07
0.303
1.46
PCA(36) Jan 20026.10%
1.81%
-0.064
-0.22
0.090
1.42
EWMA1(60) Jan 20025.50%
1.34%
0.141
-1.05
1.640
1.47
EWMA2(60) Jan 20025.60%
1.35%
0.143
-1.05
1.640
1.53
PCA(60) Jan 20026.13%
1.62%
-0.249
-0.72
1.060
1.61
Annual returns and standard deviations calculated using a multiplicative factor of 12 and √12
respectively.
1
Critical value for a 95% null hypothesis is 5.99.
2
Calculated using a risk free rate of 3.53%

As the reader understands, it is only the last six portfolios that can be fairly judged
against each other. It seems clear that the two EWMA models do not differ
significantly (which is in line with previous findings in section 7.4.2). The portfolio
that performs “best” is the EWMA1(60), which only has an annual standard deviation
of 1.34%. This result is also in line with what was found in section 7.4.2 where the
prediction models were evaluated. In risk adjusted terms, the “best” performing
portfolio is the one predicted using PCA(60). (This however is of lesser importance
since none of the portfolios were Sharpe-optimized.) Figure 26 below shows the
portfolio holdings over the evaluated period (Jan. 2002 – Sep. 2004).

17
18

!
!

"1,2,t = #"1,2,t$1 + (1$ #)r1,t$1r2,t$1
"1,2,t = #"1,2,t$1 + (1$ #)[(r1,t$1 $ µ1 )(r2,t$1 $ µ2 )]
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Figure 26 Portfolio weights of the best minimum-variance portfolio

7.5.2 Mean-Variance Sharpe-optimized portfolios
We will now put both the predicted covariance matrixes and the predicted returns to
test by constructing classical mean-variance portfolios (see section 3.1) with optimized
Sharpe ratios. Since there is a range of prediction models used to create the portfolios,
we will first present a definition of each portfolio (see table 28 below).
Table 28 Key to portfolios evaluated from a mean-variance Sharpe-optimized point of view
Return/Volatility
EWMA(36) Jan 2000EWMA(36) Jan 2002EWMA(60) Jan 2002Regression(60)
Jan 2002PCA Regression(60)
Jan 2002-

EWMA1(36) EWMA2(36) PCA(36) EWMA1(60) EWMA2(60) PCA(60)
1
2
3
4
5
6
7
8
9
10

11

12

13

14

15

Similar to the previous section we have the problem of 24 extra data points for the 36
month prediction models. Hence, we have also evaluated the portfolios created using
these methods under the same time periods as the 60 month prediction models (i.e.
Jan. 2002 – Sep. 2004). Table 29 below shows the performances of each respective
portfolio.
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Table 29 Performances of the Sharpe-optimized mean-variance portfolios
Standard
Excess
Jarque1
2
Mean
deviation Skewness Kurtosis
Bera
Sharpe
Portfolio
1
10.4%
2.67%
0.07
0.44
0.506
2.58
2
10.4%
2.68%
0.11
0.33
0.374
2.56
3
10.5%
2.62%
0.04
-0.69
1.146
2.67
4
10.8%
2.92%
-0.07
0.73
0.760
2.49
5
10.7%
2.87%
-0.06
0.73
0.753
2.51
6
11.1%
2.65%
0.04
-0.46
0.300
2.84
7
11.2%
2.93%
0.05
-0.39
0.223
2.62
8
11.2%
2.93%
0.06
-0.41
0.251
2.62
9
10.6%
2.85%
-0.08
-0.09
0.046
2.47
10
6.36%
2.62%
-0.09
0.18
0.071
1.08
11
6.57%
2.62%
-0.15
0.13
0.132
1.16
12
6.60%
2.46%
-0.42
-0.39
1.020
1.25
13
7.36%
4.87%
-0.91
1.66
7.050
0.79
14
7.63%
4.75%
-0.83
1.48
5.770
0.86
15
7.68%
4.83%
-1.47
4.04
29.10
0.86
Annual returns and standard deviations calculated using a multiplicative factor of
12 and √12 respectively.
1
Critical value for a 95% null hypothesis is 5.99.
2
Calculated using a risk free rate of 3.53%

As the reader can see, there is generally very little difference between the portfolios
generated using EWMA models for return prediction (i.e. portfolio 1 – 9). However,
both the Regression and the PCA Regression models for return prediction (i.e.
portfolio 10 – 15) perform very poorly in relation to the others. The best performing
portfolio, from a Sharpe ratio point of view, was portfolio 6 (EWMA(36) return
prediction and PCA(36) covariance prediction). The portfolio holdings over the period
January 2002 to September 2004 is shown figure 27 below.
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Figure 27 Portfolio 6's holdings over the evaluation period

As the reader can see from figure 27, the holdings vary to a much higher extent than
for the minimum-variance portfolio (compare with figure 26). In this case we have not
even included a legend since no relevant information can be read from the figure
anyhow.

7.5.3 Other portfolios
In section 5.5 a number of other optimization methodologies are explained. However,
we have decided to not evaluate any of these further. The reason being that we do not
believe it will yield any new information.
The mean-CVaR optimization is designed to adjust for non-normalities in the returns.
Basically none of the portfolios created in sections 7.5.1 and 7.5.2 (at least none of the
well performing portfolios) have shown any significant tendencies towards nonnormality. Also, our findings in section 7.1, regarding the fact that non-normalities did
not influence internal ratings of the styles to any significant degree, indicate that
portfolio adjustment for non-normality is unnecessary. Hence, mean-CVaR
optimization becomes somewhat redundant. The absence of non-normalities also acts
as a form of justification of mean-variance optimization, which often is criticized in
regards to hedge funds and hedge fund indices (see section 5.2). Again, we seem to
lean more to the results of Fung and Hsieh (1999) than De Souza and Gokcan (2004)
regarding mean-variance being a good second-order approximation.
We will however present one more portfolio, the naively diversified equally weighted
portfolio of hedge fund indices (i.e. the portfolio weights are a constant 1/12). This
portfolio will represent the portfolio created with some diversification in mind, but
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without taking any expected returns or covariances in consideration. It will also
represent an aggregated hedge fund index (i.e. one that represents the entire hedge
fund universe). Together with this portfolio’s performance, table 30 also presents the
performances of the individual indices over the same time period (Jan. 2002 – Sep.
2004).
Table 30 Performances of the individual hedge fund indices and a naively diversified portfolio
during Jan. 2002 – Sep. 2004
Standard
Excess
Jarque1
2
Mean
deviation Skewness Kurtosis
Bera
Sharpe
Index
Convertible Arbitrage
6.87%
3.62%
-0.109
-0.364
15.62
0.92
CTA Global
8.37%
10.47%
0.043
-0.805
19.92
0.46
Distressed Securities
14.34%
4.20%
-0.193
-0.687
18.90
2.57
Emerging Markets
14.56%
7.12%
-0.571
-0.321
16.96
1.55
Equity Market Neutral
4.89%
1.44%
-0.426
0.695
8.30
0.94
Event Driven
8.35%
4.59%
-0.961
1.376
8.70
1.05
Fixed Income Arbitrage
7.22%
1.96%
-0.361
1.515
3.75
1.89
Global Macro
7.67%
4.23%
0.458
0.328
10.97
0.97
Long/Short Equity
5.19%
5.82%
-0.374
-0.092
13.92
0.29
Merger Arbitrage
2.99%
2.47%
-1.155
1.627
9.93
-0.22
Relative Value
6.20%
3.00%
-0.541
0.574
9.70
0.89
Short Selling
1.94%
13.53%
0.068
-0.935
21.32
-0.12
Naive Portfolio
7.38%
2.37%
0.021
-0.647
18.29
1.63
Annual returns and standard deviations calculated using a multiplicative factor of 12 and √12
respectively.
1
Critical value for a 95% null hypothesis is 5.99.
2
Calculated using a risk free rate of 3.53%

In table 30 above, we can see that for the observed period, Distressed Securities by far
provides the best Sharpe ratio. The change from Equity Market Neutral to Distressed
Securities being the top performer in risk adjusted terms can of course be linked to the
heterogeneous hedge fund universe as showed in table 9 for example. However, we
can see that in terms of low standard deviation, Equity Market Neutral is still the top
performer.

7.5.4 Portfolio comparisons
We have now presented three different portfolios along with the individual indices.
What remains is to evaluate them against each other. Following a similar evaluation
pattern as above, we present table 31 below.
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Table 31 Performances of the foremost index / portfolios
Standard
Excess
Jarque1
2
Mean
deviation Skewness Kurtosis
Bera
Sharpe
Portfolio
Minimum-Variance
5.50%
1.34%
0.141
-1.05
1.640
1.47
portfolio
Mean-Variance
11.1%
2.65%
0.04
-0.46
0.300
2.84
(Sharpe) portfolio
Naively Diversified
7.38%
2.37%
0.021
-0.647
18.29
1.63
Distressed Securities
14.34%
4.20%
-0.193
-0.687
18.90
2.57
Equity Market Neutral
4.89%
1.44%
-0.426
0.695
8.30
0.94
Annual returns and standard deviations calculated using a multiplicative factor of 12 and √12
respectively.
1
Critical value for a 95% null hypothesis is 5.99.
2
Calculated using a risk free rate of 3.53%

Table 32 Correlation statistics for each index / portfolio
Portfolio
Minimum-Variance portfolio
Mean-Variance (Sharpe)
portfolio
Naively Diversified
Distressed Securities
Equity Market Neutral

Correlation to
S&P 500
-0.10
0.25

Correlation to Lehman
Bond Index
0.51
0.51

0.18
0.48
0.19

0.48
0.02
0.39

To summarize our findings with regard to table 31 and 32 above, both of our
optimization models achieve their goals, that is the minimum-variance portfolio
provides the lowest standard deviation, and the mean-variance portfolio provides the
highest Sharpe ratio in relation to the naively diversified portfolio. What needs to be
commented upon is however that even though our Sharp optimized portfolio performs
better than the best index (by approximately 10%), the difference is questionably
significant. Similarly the minimum-variance portfolio outperforms the index with the
lowest standard deviation marginally. However, in this case the minimum-variance
portfolio significantly outperforms the same index in terms of the Sharpe ratio. To see
what this means in terms of return over time, see figure 28 below.
Even though none of the portfolios constructed were in any sense optimized for low
correlation with the traditional markets, it is interesting to present correlation statistics
for the relevant indices and portfolios (see table 32 above). What we can see is that the
created portfolios show very low correlation to the stock market (reaching between
-0.10 and 0.25). However, all three of them have moderate correlations to the bond
market. As earlier (see section 7.2), we question whether this in fact is logical
correlation or rather an indication that they show similarly low variances.

83

7 Results

Figure 28 Historical returns of the different portfolios displayed as aggregated portfolio values

Figure 28 above shows that from a pure return perspective, the best investment would
have been the Distressed Securities index. However, it is in fact our Sharpe optimized
mean-variance portfolio that performs best from a risk adjusted perspective (which is
indicated straighter return path). We can also see that our minimum-variance portfolio
shows a very similar return path compared to the Equity Market Neutral index.
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8 Discussions and conclusions
In this thesis we have examined how hedge fund styles come into play when
constructing portfolios of hedge funds. This has been done in several stages starting
with looking at risk adjusted returns of hedge fund indices over a historic perspective.
Furthermore we have examined several aspects of both internal correlations /
covariances as well as correlations with traditional markets. In order to create
successful ex ante portfolios, we have also evaluated numerous prediction methods for
both risk and return.
The 12 indices used throughout the study have been compiled by EDHEC and are
freely available. The data consists of monthly returns from January 1997 to September
2004. This particular period has seen some extraordinary financial events (including
the collapse of LTCM and default of Russian debt in 1998 and the rise and burst of the
IT-bubble during 1999-2001). We will not speculate on the effects of this but it surely
has had a large impact on hedge fund returns. Nonetheless, all conclusions can really
only be viewed as reliable for the examined period and as indications of what the
future may bring. The following are our findings.

8.1 Risk adjusted returns in a historic perspective
Our study of the twelve hedge fund indices gives a clear picture of a very
heterogeneous hedge fund universe. There is a substantial spread in both risk and
return parameters, which of course leads to a range of Sharpe ratios (reaching from
0.15 – 2.58 for the whole period). Over the long perspective (i.e. over the entire
studied period) there is one style that stands out from all others: Equity Market
Neutral, which has a 46 % higher Sharpe ratio than the second best performer. See
table 33 for details.
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Table 33 Risk and return statistics on all styles between Jan. 1997 and Sep. 2004
Standard
1
Mean
deviation
Sharpe
Convertible Arbitrage
10.41%
3.89%
1.77
CTA Global
8.03%
9.32%
0.48
Distressed Securities
11.64%
5.75%
1.41
Emerging Markets
10.48%
13.91%
0.50
Equity Market Neutral
9.39%
2.27%
2.58
Event Driven
10.63%
5.94%
1.20
Fixed Income Arbitrage
6.30%
4.07%
0.68
Global Macro
10.32%
6.47%
1.05
Long/Short Equity
11.19%
7.50%
1.02
Merger Arbitrage
8.85%
3.94%
1.35
Relative Value
9.64%
3.49%
1.75
Short Selling
6.90%
22.39%
0.15
Annual returns and standard deviations calculated using a
multiplicative factor of 12 and √12 respectively.
1
Calculated using a risk free rate of 3.53%

Dividing the studied period according to external market shifts (i.e. shifts in the stock
and/or bond markets) have not yielded any results that we can draw reliable
conclusions from (see section 7.1). However, if we study yearly risk adjusted returns
(see table 34 below), we can clearly see that most hedge fund styles do not provide a
consistent Sharpe ratio over time. This indicates that at least historically, there has
been room for Tactical Style Allocation (see section 5.5.2) when constructing
portfolios of hedge funds. For example, during the last year it has been far more
rewarding to invest in Distressed Securities and Fixed Income Arbitrage styles than in
Equity Market Neutral.
Table 34 Annual Sharpe ratios
Convertible
Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market
Neutral
Event Driven
Fixed Income Arb.
Global Macro
L/S Equity
Merger Arbitrage
Relative Value
Short Selling

1997
5.27

1998
-0.05

1999
5.44

2000
3.56

2001
2.57

2002
1.29

2003
1.78

2004
-1.22

0.87
2.92
1.26
4.08

1.14
-0.53
-1.40
2.27

-0.24
3.00
2.32
5.08

0.42
0.23
-0.51
4.36

0.04
2.40
0.79
3.89

0.98
0.51
0.31
0.93

0.80
7.54
4.28
2.00

-0.66
2.63
0.76
0.04

3.54
4.51
1.96
2.49
4.63
6.08
0.03

-0.18
-1.22
0.64
1.17
0.59
0.33
0.75

3.50
4.11
1.49
3.06
5.52
6.79
-1.23

1.08
1.17
0.59
0.90
7.51
4.02
0.66

1.20
2.10
0.57
-0.66
-0.16
1.02
0.38

-0.83
1.84
0.48
-1.64
-1.46
-0.19
1.42

5.84
1.87
2.57
3.33
2.97
3.62
-2.99

1.01
2.33
-0.98
0.05
-1.15
0.04
0.52

Due to the investment strategies allowed and practiced by hedge funds, their returns
are frequently described as non-normal in literature (see section 5.1). This is a finding
that also our results indicate. What effect does this actually have on the risk adjusted
returns though? Our findings indicate that even though most hedge fund styles are
affected by excess kurtosis and negative skewness, their Sharpe ratios (or rather
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Modified Sharpe ratios) are affected equally across the board. This leads us to the
conclusion that when selecting between hedge fund styles, little or no consideration
needs to be taken regarding the non-normality of the returns. It is first when investors
are selecting between a hedge fund and a traditional investment (assuming that this
investment provides normal returns) that attention needs to be paid to the non-normal
returns.
Another common concern in literature is the presence of serial correlation (see section
5.3), which is also indicated by our data. A vast majority of the hedge fund styles
exhibit first order serial correlation (9 out of 12). What on the other hand is unclear is
the reason(s) behind the autocorrelation. Our personal views are that it is more likely
caused by consistent returns rather than illiquid positions, which is a common
explanation in literature. The reasons behind our believes is the fact that pure equity
styles such as Equity Market Neutral also show significant serial correlation. We have
also studied the effects of removing this autocorrelations and the effects this in turn
has on the risk adjusted returns. However, without knowing the true reason for the
autocorrelation, it is useless to speculate in which Sharpe ratio is more “correct”.

8.2 Correlation with traditional financial markets
Although the conclusions regarding correlation between hedge fund styles and
traditional financial markets (represented by S&P 500 and Lehman Brothers US
Aggregate Bond Index, see section 7.2) do not immediately influence the composition
of hedge fund portfolios, it is nonetheless interesting when it comes to managing
traditional portfolios that include hedge funds. Also, from a hedge fund company’s
marketing point of view, it is positive to provide low correlation to other asset classes.
What we have found is that most hedge funds have a stronger correlation to the stock
market than they would like to admit. Since most hedge fund styles have some sort of
equity-related strategy, some level of correlation is expected. Several of the styles
however show strong or very strong (0.6 – 0.8) coefficients of correlation. When it
comes to correlations to the bond market our results are much more promising. Only
three styles show any significant coefficients of correlation (the highest being CTA
Global with 0.44). This indicates that hedge funds could very well complement
traditional fixed income instruments.
We have tried to draw conclusions regarding varying correlations in market up and
down turns. This has however been difficult due to lack of data. Nonetheless, our
results (see section 7.2 for more details) indicate that fewer styles correlate with the
stock market in bear markets than in bull markets. This is of course promising, but
unfortunately those styles that do correlate with the stock markets in bear markets tend
to do so more than they do in bull markets. What this leads to is of course that not all
hedge fund styles will provide a positive absolute return independent of market
conditions.
When it comes to correlations with the bond markets most styles show very low to
zero coefficients of correlation. There is however one exception: CTA Global. Being
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trend followers, the CTA style shows significant moderate correlation during positive
trends but no correlation in neutral markets. However, as with the case of the stock
market, these results are more tendencies in the data than strong conclusions.
Another question, which is hard to directly link to the purpose, but nonetheless
interesting, is what time perspective one should have when studying correlations? By
testing the spread of the coefficients of correlations we were able to determine that a
36 month window gives sufficient stability while allowing for structural changes in the
correlations. A shorter window gives a very unstable picture of the correlations, which
in any portfolio scenario is almost useless. On the other hand, longer windows give
little extra in terms of stability but removes some of the structural flexibility.

8.3 Internal correlation and covariance
Our results concerning the internal correlation (see section 7.3) show that most hedge
fund styles have significant coefficients of correlation between each other. Looking
into the correlations more specifically, we see that (not surprising) Short Selling is
negatively correlated to all other styles whereas CTA Global and Fixed Income
Arbitrage show very low coefficients of correlation to most other styles. Low and
negative coefficients of correlation indicate that there seem to be relatively good
conditions for constructing risk diversified portfolios.
When studying the correlations over time we found that it varies considerably. What
we have been able to conclude is that 36 month windows seem to be a reasonable
compromise between stability and flexibility. As with the correlations with other
markets, shorter windows give a very unstable picture of the correlation, which will
yield very unstable portfolios. Longer windows do not necessarily provide better
stability but certainly less structural adaptability.
Literature indicated that since the correlation matrix is relatively unstable, grouping
similar hedge fund styles would create a more stable correlation matrix (see section
5.3.1). What we found can better be described by the contrary. Even though we found
groups that the styles in most cases belonged to, the internal hedge fund correlations
seem to be unstable to the degree that even the internal group correlations changed
substantially over time. Our conclusions are hence that we find no meaningful ways of
constructing subgroups of hedge fund styles that can stabilize internal correlation over
time. (Further analysis through constructing portfolios using the “strategy groups”
yielded very discouraging results, which are not presented in this thesis.)
Since it is the covariance matrix, and not the correlation matrix, that is essential for
portfolio construction, we needed to find an optimal time perspective to study the
covariance matrix as well. Our results indicate that the return variances are
approximately 10 times more stable than the correlations. We can therefore conclude
that it must be the correlation instability that is responsible for any instability in the
covariance matrix. Hence, it seems very reasonable that a 36 month window will be
appropriate for analyzing the covariance matrix as well.
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8.4 Risk and return prediction
In section 7.4 we have evaluated a number of prediction models for both risk and
return. The return prediction model we found performed the best was a classical
EWMA model using a 60 month rolling window. It is interesting that the decay factors
vary substantially between the indices. This, we believe, is linked to the varying
degrees of serial correlation of the indices, although not very consistently (See table
35).
Table 35 Performance of the EWMA models

Convertible Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Merger Arbitrage
Relative Value
Short Selling

λ
0.30
0.40
0.23
0.61
0.01
0.01
0.45
0.35
0.01
0.01
0.04
0.01

60 Month
Auto.Corr.
0.46
0.04
0.39
0.29
0.30
0.31
0.39
0.05
0.23
0.31
0.32
0.13

HR2
78.6%
67.9%
67.9%
75.0%
60.7%
67.9%
64.3%
67.9%
75.0%
75.0%
64.3%
60.7%

Together with the prediction models we also developed a new improved “hit-ratio”
(HR2 above). It was suggested in literature (see section 5.4.1) that a good prediction
(i.e. “hit”) was one that was in the same direction as the actual return for the
corresponding month. After concluding that all hedge funds have a positive mean, we
found it more appropriate to consider a successful prediction or “hit” as one where the
predicted return is on the correct side of the mean return.
We also evaluated a number of different regression models, all of which performed
worse than the EWMA models. The variables we found useful for predicting hedge
fund index returns were:













The past month’s return, Rt-1
Change in the short interest rate, Δ3-m t-1
Change in the S&P 500 dividend yield, ΔS&P Div t-1
The past month’s default spread, Def.Sp. t-1
Change in the volatility index, ΔVIX t-1
Moving average of the change in the volatility index, ΔVIX t-1(MA)
Change in the NYSE trading volume, ΔNYSE Vol. t-1
Lag 3 of the NYSE trading volume, NYSE Vol. t-3
Moving average of the change in the NYSE value, ΔNYSE Val. t-1(MA)
The past month’s US equity factor, US Eq. t-1
Lag 2 of the US equity factor, US Eq. t-2
Change in the world equity factor, ΔWorld Eq. t-1
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Moving average of the world equity factor, World Eq. t-1(MA)
A weighted currency index, Currencyt-1
First difference of the 10 year bond yield, 10y Bond(1st dif.)
First difference of the US industry production level, Ind.Prod.(1st dif.)
First difference of the futures index, Futures(1st dif.)
Small minus big companies, SMB t-1

It should be said however that most variables do not have significant coefficients in the
regression models. From this we can draw the conclusion that exposure to the various
risk factors (i.e. prediction variables) above varies over the studied time period. We
also believe that we are getting low significance because of the fact that we are
looking at indices and not individual funds. It is quite possible that individual hedge
funds may have a more persistent risk exposure (which could be motivated by the fact
that most hedge fund managers follow a consistent strategy). Again, these are however
only speculations. When it comes to the Global Macro style, we were not able to
compile a regression model at all due to low significance in the explanation variables.
We also concluded that a good model fit (as indicated by the R2) is not at all
equivalent with a successful prediction.
The regression models also provided us with model alphas (i.e. the constant term in the
linear equations). We were surprised to find that a number of styles provided a
negative alpha. What this means on an index level is hard to say, but it usually
indicates that the hedge fund is not providing enough return in relation to its risk
exposure. A positive alpha on the other hand is normally regarded as an indication of
the manager’s skill. Again however, this could just be linked to that the regression
models are poor.
Our efforts to remove any prediction-variable correlations using a PCA approach to
the regression models failed to produce better predictions. We are however uncertain
of the reason for the poor predictions. One reason may be that we did not use only
variables that had proved to have significant prediction value but rather a sample of
variables that had been used in previous studies. (This simplification significantly
eased the computational workload.) Another reason may of course be that the model
methodology is unsuitable for predictions.
Evaluating risk prediction models is not as straightforward as return prediction in the
sense that risk (i.e. volatility and covariance) is not observable. In many assets
volatility can be observed from traded derivative instruments in the form of implied
volatilities. Unfortunately no such instruments exist as of now in the hedge fund asset
class. One must hence agree on a window of observations to base the “true” variance
or covariance upon and it is against this “true” value that the prediction must be
evaluated against. We chose to evaluate this using the geometric distances between the
“true” value and the observations. (Lower geometric distances should hence indicate a
closer fit and better prediction.)
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The most successful volatility prediction model was a variation of a traditional EWMA
model that we constructed and evaluated over 60 month rolling windows:
2
" t2 = #" t$1
+ (1$ #)( rt$1 $ µ)

2

We are hence able to perform better predictions by adjusting for a non-zero mean (a
zero mean is usually !
assumed). Also, we were able to verify that the industry standard
of assuming a decay factor of 0.97 gives the best predictions.
For our purpose of creating portfolios it is however the covariance-prediction models
that are of particular interest. As with the variances, the most successful prediction
model was a traditional EWMA model over a 60 month rolling window:
"1,2,t = #"1,2,t$1 + (1$ #)r1,t$1r2,t$1

In this case we found no significant improvement by adjusting for a non-zero mean.
This indicates that is! the correlation component of the covariance that dominates the
variance component. If this indeed is the case, we were a little surprised to find that the
60 month predictions were more successful than the 36 month predictions. We were
not able to produce any improved covariance matrixes using PCA as was suggested by
literature (see section 5.4.2). There was however little difference in predictions which
is why we are not willing to totally reject this methodology. We believe that it may be
possible to go one step further and predict the principal components before converting
back to the covariance matrix of the original indices. It may also be possible to achieve
better results by investigating extracting additional or fewer components. This has
however not been further evaluated in this thesis.

8.5 Portfolio evaluation
It is now, through using the above conclusions and results, that we are able to address
the most central issue of this thesis: what can be done to achieve maximum risk
adjusted returns using hedge fund styles? Assuming that the investor believes in
diversification but has no real knowledge of the hedge fund universe, a rational choice
is probably a naively diversified portfolio of hedge funds with equal weights of each
respective hedge fund style. This portfolio is not representing style diversification but
rather the aggregated hedge fund universe (which in turn implies that no specific style
diversification has occurred). It is this naively diversified portfolio that we will be
comparing our results to. We will first present our conclusions on each portfolio model
and then follow up with a more general discussion.

8.5.1 Minimum-Variance portfolios
By creating minimum-variance portfolios we were able to evaluate the covarianceprediction methods isolated from the return predictions (the minimum-variance
portfolios do not require expected returns to be calculated). Since the purpose of the
portfolio optimizations was to minimize the standard deviation, they cannot be fairly
evaluated from a risk adjusted perspective. Our results indicate that the best portfolio
(with the lowest standard deviation) can be created using an EWMA model using a 60
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month rolling window. Using this methodology we were able to reduce the portfolio
risk by 43 % relative to the naively diversified portfolio. (The created portfolio has an
annual standard deviation of just 1.34 %, see section 7.5.1.) The indications that a 60
month EWMA model is most suitable is well in line with what we found regarding
performances of the prediction models. Unfortunately, our best performing minimumvariance portfolio has a lower Sharpe ratio than the naively diversified portfolio,
which makes it an unsuitable allocation method from a pure risk-adjusted perspective.
As can be seen in figure 29 below, the portfolio allocations are relatively stable over
time. This is of course of interest when it comes to market inefficiencies such as
purchase fees and lock-up periods.

Figure 29 Allocations of the minimum-variance portfolio

8.5.2 Mean-Variance portfolios
Using traditional mean-variance portfolio optimization we had a number of
combinations of predicted returns and covariance matrixes to evaluate. The portfolio
that performed most successfully from a risk adjusted point of view was one created
using an EWMA model over a 36 month rolling window for the return predictions, and
the PCA methodology also over 36 months for predicting the covariance matrix. This
portfolio yielded a Sharpe ratio of 2.84, which is 74 % higher than the naively
diversified portfolio (see section 7.5.2).
The fact that the choice of prediction models turned out as they did is somewhat
surprising. Our evaluations of return predictions indicated that the EWMA model over
a 60 month rolling window had the greatest success. Equivalently for the covariance
predictions, our results indicated that a 60 month EWMA model would be most
successful.
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This outcome may be caused by poor return predictions that just happened to turn out
well. These has a large impact on the portfolio optimizations, which are very sensitive
to changes in expected returns. We also believe that this in turn is the reason why the
portfolio allocations more closely resemble a piece of contemporary art than actual
portfolio weights (see figure 27, section 7.5.2). The very inconsistent portfolio weights
in turn will lead to significant transaction costs (which however we have not explored
further in this thesis) and thus lowering the risk adjusted return. Considering all the
above, we do not believe that the methodology for mean-variance in its current state
will be of much use for any investor.
We also found that both variations of the regression models (i.e. traditional and PCA
adjusted) performed very poorly relative to the EWMA models. All combinations
using these two perform significantly worse than the naively diversified portfolio. This
indicates that either regression models are inappropriate for predicting hedge fund
index returns (which contradicts findings in literature, see section 5.4.1), or a
drastically different approach must be used.

8.5.3 Further discussion
Another indication we have found in our results is that the growing concern in
literature regarding the non-normalities in hedge fund returns (see section 5.1) is
exaggerated. There certainly exists non-normalities, but these do not interfere with
selection of styles on a Sharpe ratio basis. Also, all of our created portfolios show
minimal indications of non-normalities. This makes suggested portfolio optimizations
such as mean-CVaR methodology somewhat redundant.
To summarize our findings regarding portfolios of hedge fund indices, both our
attempts have achieved the goals we set out (i.e. the minimum-variance portfolio
provides significantly lower risk than a naively diversified portfolio and the meanvariance Sharpe optimized portfolio provides a considerably higher Sharpe ratio than
the naively diversified portfolio). Unfortunately the Sharpe optimized portfolio does
not provide a liable solution in terms of extremely unstable portfolio weights, which is
not preferable when investing in hedge funds. What it nonetheless implicates is that
there is in fact a significant role of hedge fund styles when it comes to boosting risk
adjusted returns.
If portfolios based on strict mathematical / statistical finance is not the way to go, what
is? Since a portfolio manager is not likely to make radical changes to his or her
allocations more frequently than on semi-annual basis (roughly), we need to come up
with a different allocation method. If we instead look at individual indices (see table
36 below), the best performer in terms of Sharpe ratio over the period is Distressed
Securities. When it comes to risk, the best performing index is Equity Market Neutral.
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Table 36 Performances of the foremost portfolios and indices
Standard
1
Mean
deviation Sharpe
Portfolio
Minimum-Variance portfolio
5.50%
1.34%
1.47
Mean-Variance (Sharpe) portfolio
11.1%
2.65%
2.84
Naively Diversified
7.38%
2.37%
1.63
Distressed Securities
14.34%
4.20%
2.57
Equity Market Neutral
4.89%
1.44%
0.94
Annual returns and standard deviations calculated using a multiplicative
factor of 12 and √12 respectively.
1
Calculated using a risk free rate of 3.53%

What is noteworthy is that the Sharpe ratio of Distressed Securities is only 10 % lower
than that of our mean-variance Sharpe optimized portfolio. This means that through all
the allocation changes, we have only achieved an extra 10 % in Sharpe ratio compared
to holding Distressed Securities throughout the period. Similarly, the risk of our
minimum-variance portfolio is comparable to that of the Equity Market Neutral index.
What now appears to be the issue is simply selecting the best performing style in terms
of risk adjusted returns and not worry too much about covariance matrixes. Even
though we have been touching this area through our prediction models, our results are
not promising enough why further research will have to be carried out.

8.6 Conclusions
This section summarizes our main conclusions discussed above in a compressed form:
 The hedge fund universe is very heterogeneous with a substantial spread in risk
adjusted returns between the styles (Sharpe ratios reaching between 0.15 and
2.58 during the period Jan. 1997 – Sep. 2004). Over a long perspective, the
Equity Market Neutral style is far superior to the others showing a
46 % higher risk adjusted return than the second best.
 Studying risk adjusted returns on an annual basis shows tendencies of very
inconsistent Sharpe ratios. This indicates that there indeed are very good
conditions for Tactical Style Allocation.
 Internal hedge fund correlations show signs of serious instability creating a
problem for successful portfolio construction. Our results show that at least 36
months of data are needed in order to achieve sufficient stability while allowing
for structural changes.
 We have found correlations to be 10 times more volatile than the variances why
correlations account for virtually all instability in the covariance matrixes
(which hence also need at least 36 months of data for reasonable stability).
 Our findings regarding return prediction show that EWMA models are superior
to both standard regression models (using a subset of macro factors) and
regression models adjusted through principal component analysis (PCA).
 Regarding covariance prediction we have found that even though 60 month
EWMA models performed best, the difference is not large enough to discard
the improved PCA covariance estimation models completely.
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 Through the construction of minimum-variance portfolios we have found that
60 month EWMA achieved the lowest portfolio standard deviation. (43 %
lower standard deviation than that of the aggregated hedge fund index.)
 Our Sharpe optimized mean-variance portfolio yielded a Sharpe ratio 74 %
higher than that of the aggregated hedge fund index. This portfolio was created
using a 36 month rolling window EWMA model for return prediction, and an
improved covariance estimator using PCA (also over 36 months).
Unfortunately, this portfolio has extremely unstable style allocations, which in
extension will lead to an increased costs structure (and lower Sharpe ratio) due
to transaction costs.
 This leads us to believe that with the return predictions we have evaluated,
mean-variance portfolio construction is not a feasible option.
 We have found indications that there in fact is a significant role of hedge fund
styles when it comes to boosting risk adjusted returns.

8.7 Recommendations
As discussed in section 8.5.3, the mean-variance portfolio did not perform as well as
we had hoped. This was particularly in the sense that the portfolio weights were very
unsatisfactory and that the Sharpe performance was not high enough compared to
individual indices. An improved return-prediction model (e.g. neural networks19) will
be needed for making more stable and correct portfolio allocations, in which case the
methodology might indeed be promising.
However, we do have a number of ideas of what should be interesting to investigate
further. We believe that focus should be aimed more on fundamental analysis of global
macro variables rather than “technical” analysis of market indices. Looking at the
results of hedge fund index Sharpe ratios over the years in table 37 below, it might be
possible to draw some conclusions.
Table 37 Annual Sharpe ratios from 1997 to 2004
Convertible
Arbitrage
CTA Global
Distressed Securities
Emerging Markets
Equity Market
Neutral
Event Driven
Fixed Income Arb.
Global Macro
L/S Equity
Merger Arbitrage
Relative Value
Short Selling

1997
5.27

1998
-0.05

1999
5.44

2000
3.56

2001
2.57

2002
1.29

2003
1.78

2004
-1.22

0.87
2.92
1.26
4.08

1.14
-0.53
-1.40
2.27

-0.24
3.00
2.32
5.08

0.42
0.23
-0.51
4.36

0.04
2.40
0.79
3.89

0.98
0.51
0.31
0.93

0.80
7.54
4.28
2.00

-0.66
2.63
0.76
0.04

3.54
4.51
1.96
2.49
4.63
6.08
0.03

-0.18
-1.22
0.64
1.17
0.59
0.33
0.75

3.50
4.11
1.49
3.06
5.52
6.79
-1.23

1.08
1.17
0.59
0.90
7.51
4.02
0.66

1.20
2.10
0.57
-0.66
-0.16
1.02
0.38

-0.83
1.84
0.48
-1.64
-1.46
-0.19
1.42

5.84
1.87
2.57
3.33
2.97
3.62
-2.99

1.01
2.33
-0.98
0.05
-1.15
0.04
0.52

19

Neural networks is a prediction model that incorporates a degree of artificial intelligence and in that sense
“learns” over time what implications a number of factors have on hedge fund index returns. For more
information see e.g. Dash and Kajiji (2004).
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Combining knowledge of what characterized the financial markets of each of the years
with the outcome of risk adjusted returns for each style index may generate an
allocation model. However, it is important to still analyze from a risk adjusted
perspective rather than a pure return focus.
 1997
The Asian currency crises (mid 1997 – 1998) started in Thailand and widely affected
stock markets, currencies and other asset prices. Otherwise strong stock markets and
decreasing long interest rates. Increasing volatility towards the end of the year.
Successful styles: Most styles but Relative Value and Convertible Arbitrage in
particular.
Poor performing styles: Basically only Short Selling.
 1998
Asian currency crises continues. Stock markets strong worldwide. Russian debt crises
during the autumn affected the entire hedge fund industry through the collapse of
LTCM. This caused a strong increase in market volatilities. Long interest rates
continued to fall.
Successful styles: Equity Market Neutral.
Poor performing styles: Many styles including Emerging Markets, Fixed Income
Arbitrage, Distressed Securities and Convertible Arbitrage.
 1999
Collapse of the Brazilian currency real. Strong to very strong stock markets around the
world leading to the peak of the IT bubble. Long interest rates increased significantly
and volatility was relatively stable.
Successful styles: Many styles but Relative Value, Merger Arbitrage, Convertible
Arbitrage and Equity Market Neutral in particular.
Poor performing styles: Short Selling and CTA Global.
 2000
Burst of the IT bubble affected stock markets negatively around the world but
surprisingly the volatility decreased. The long interest rate turned sharply downwards
causing an inverted yield curve.
Successful styles: Merger Arbitrage, Equity Market Neutral and Relative Value in
particular.
Poor performing styles: Emerging Markets, Distressed Securities and CTA Global
among others.
 2001
Collapse of the Argentine economy. Stock markets kept falling drastically around the
world causing the volatility to increase slightly.
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Successful styles: Equity Market Neutral, Convertible Arbitrage and Distressed
Securities.
Poor performing styles: Long/Short Equity, Merger Arbitrage and CTA Global among
others.
 2002
There seemed to be no end to the falling stock markets worldwide, which kept
increasing the market volatility. The long interest rates once again fell drastically.
Successful styles: Fixed Income Arbitrage, Short Selling and Convertible Arbitrage
were some of the few.
Poor performing styles: Most styles including Long/Short Equity, Merger Arbitrage
and Event Driven in particular.
 2003
Stock markets started to recover from the IT bubble and caused a sharp increase in
markets and a decrease in volatility. The long interest rates turned slightly upwards
again.
Successful styles: Distressed Securities, Event Driven and Emerging Markets were
some of the many well performing styles.
Poor performing styles: Short Selling.
 2004 (Jan – Sep)
This year saw increasing oil and other commodity prices along with the fall of the US
dollar connected to the growing US trade and budget deficits. However, most markets
stayed relatively unchanged and showed no trends for most of the year.
Successful styles: Distressed Securities, Fixed Income Arbitrage were some of the very
few that performed acceptably.
Poor performing styles: Convertible Arbitrage, Merger Arbitrage and Global Macro
were among the worst performers.
Drawing conclusions from the above is of course difficult and a lot more work needs
to be put into analyzing the overall markets. However, we believe there are a few
interesting tendencies:
 From a risk adjusted return perspective, the following styles have during the
studied period never been interesting: CTA Global, Global Macro and Short
Selling.
 Convertible Arbitrage and Equity Market Neutral perform well even in
stock market downturns.
 During market volatility spikes virtually no hedge fund styles perform well.
 There are indications that Merger Arbitrage performs extraordinary good
during periods of sharp long-term stock market shifts.

97

8 Discussions and conclusions
Using the market indicators we have studied here, it is useless to draw any further
conclusions. It is however in this area we believe that successful hedge fund allocation
may be found why we encourage further research.
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In this chapter we have placed figures and tables that were judged of secondary
interest to the reader.
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109

Appendices

110

Hedge Fund Style Allocation

111

Appendices

Appendix 3: Correlation statistics for the S&P 500 / Lehman
Statistics of correlations between hedge funds and the S&P 500 for various lengths of rolling
windows
12 months
18 months
Mean Spread St.dev. Mean Spread St.dev.
Convertible 0.16
1.07
0.22 0.18
1.06
0.17
Arbitrage
CTA Global -0.18 1.40
0.44 -0.28 1.19
0.29
Distressed 0.44
0.99
0.21 0.45
0.81
0.18
Securities
Emerging
0.69
0.67
0.12 0.69
0.56
0.09
Markets
Equity
0.33
1.22
0.32 0.32
1.02
0.28
Market
Neutral
Event
0.64
0.78
0.18 0.64
0.67
0.16
Driven
Fixed
0.03
1.16
0.28 -0.02 0.98
0.19
Income
Arbitrage
Global
0.37
1.06
0.26 0.33
0.87
0.20
Macro
Long/Short 0.76
0.80
0.21 0.76
0.68
0.19
Equity
Merger
0.50
1.24
0.33 0.50
0.99
0.29
Arbitrage
Relative
0.62
1.05
0.23 0.63
1.09
0.21
Value
Short
-0.80 0.71
0.19 -0.82 0.45
0.14
Selling

24 months
30 months
Mean Spread St.dev. Mean Spread St.dev.
0.19
0.61
0.11 0.19
0.39
0.07
-0.32
0.45

0.80
0.54

0.19
0.14

-0.33
0.44

0.58
0.36

0.16
0.11

0.69

0.40

0.07

0.68

0.26

0.05

0.31

0.85

0.23

0.30

0.83

0.21

0.63

0.54

0.11

0.63

0.34

0.08

-0.05

0.56

0.12

-0.05

0.53

0.11

0.32

0.59

0.16

0.32

0.49

0.13

0.75

0.50

0.15

0.73

0.34

0.13

0.51

0.78

0.22

0.51

0.52

0.17

0.63

0.91

0.18

0.63

0.62

0.15

-0.82

0.33

0.10

-0.81

0.29

0.09

36 months
42 months
48 months
Entire
Mean Spread St.dev. Mean Spread St.dev. Mean Spread St.dev. period
Convertible
Arbitrage
CTA Global
Distressed
Securities
Emerging
Markets
Equity Market
Neutral
Event Driven
Fixed Income
Arbitrage
Global Macro
Long/Short
Equity
Merger
Arbitrage
Relative Value
Short Selling

0.18
-0.33

0.34
0.50

0.07
0.14

0.18
-0.32

0.28
0.53

0.06
0.14

0.18
-0.33

0.18
0.43

0.04
0.12

0.18
-0.20

0.43

0.38

0.09

0.43

0.33

0.09

0.44

0.28

0.06

0.47

0.67

0.24

0.05

0.66

0.21

0.05

0.65

0.16

0.04

0.61

0.29
0.62

0.72
0.32

0.18
0.07

0.29
0.62

0.53
0.23

0.17
0.05

0.30
0.62

0.54
0.14

0.15
0.04

0.42
0.65

-0.06
0.33

0.46
0.45

0.09
0.11

-0.06
0.33

0.37
0.33

0.08
0.10

-0.06
0.33

0.31
0.28

0.07
0.08

-0.06
0.41

0.71

0.32

0.11

0.71

0.26

0.10

0.71

0.22

0.07

0.74

0.50
0.62
-0.80

0.41
0.48
0.31

0.12
0.14
0.09

0.49
0.62
-0.79

0.26
0.36
0.28

0.09
0.13
0.08

0.48
0.63
-0.78

0.21
0.27
0.19

0.07
0.09
0.05

0.56
0.63
-0.75
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Statistics of correlations between hedge funds and the Lehman Brothers US Aggregate Bond
Index for various lengths of rolling windows
12 months
18 months
24 months
30 months
Mean Spread St.dev. Mean Spread St.dev. Mean Spread St.dev. Mean Spread St.dev.
Convertible
Arbitrage
CTA Global
Distressed
Securities
Emerging
Markets
Equity
Market
Neutral
Event
Driven
Fixed
Income
Arbitrage
Global
Macro
Long/Short
Equity
Merger
Arbitrage
Relative
Value
Short
Selling

0.07
0.40

1.22
1.12

0.29
0.31

0.05
0.39

0.84
1.11

0.24
0.26

0.02
0.39

0.73
0.89

0.20
0.18

0.02
0.39

0.60
0.44

0.17
0.13

0.02

1.13

0.26

-0.02

0.77

0.22

-0.06

0.68

0.17

-0.06

0.55

0.14

-0.06

1.39

0.41

-0.13

1.12

0.33

-0.19

0.93

0.22

-0.19

0.64

0.15

0.21

1.17

0.30

0.18

0.92

0.23

0.16

0.83

0.19

0.15

0.62

0.15

0.00

1.22

0.32

-0.06

0.81

0.25

-0.10

0.68

0.17

-0.12

0.44

0.11

0.21

1.77

0.39

0.22

1.24

0.36

0.21

0.98

0.33

0.21

0.90

0.32

0.29

1.41

0.34

0.27

0.86

0.23

0.25

0.77

0.18

0.25

0.65

0.16

-0.03

1.41

0.39

-0.09

1.00

0.29

-0.12

0.90

0.22

-0.13

0.59

0.17

0.03

1.02

0.27

-0.02

0.82

0.22

-0.07

0.60

0.16

-0.08

0.40

0.12

0.01

1.25

0.32

-0.05

0.99

0.25

-0.11

0.75

0.16

-0.12

0.46

0.10

0.13

1.42

0.40

0.16

1.20

0.33

0.20

1.04

0.27

0.19

0.65

0.22

36 months
42 months
48 months
Mean Spread St.dev. Mean Spread St.dev. Mean Spread St.dev.
Convertible
Arbitrage
CTA Global
Distressed
Securities
Emerging
Markets
Equity Market
Neutral
Event Driven
Fixed Income
Arbitrage
Global Macro
Long/Short
Equity
Merger
Arbitrage
Relative Value
Short Selling

Entire
period

0.03
0.39

0.53
0.39

0.16
0.11

0.03
0.39

0.45
0.31

0.15
0.09

0.02
0.40

0.41
0.25

0.13
0.07

0.08
0.44

-0.06

0.40

0.11

-0.05

0.32

0.10

-0.06

0.27

0.08

-0.05

-0.19

0.32

0.07

-0.17

0.22

0.06

-0.17

0.26

0.08

-0.10

0.15
-0.11

0.47
0.26

0.13
0.07

0.14
-0.11

0.46
0.18

0.13
0.06

0.13
-0.12

0.51
0.16

0.14
0.05

0.22
-0.07

0.21
0.23

0.79
0.48

0.29
0.13

0.20
0.23

0.71
0.37

0.28
0.12

0.19
0.23

0.66
0.41

0.25
0.12

0.09
0.29

-0.13

0.47

0.13

-0.13

0.45

0.13

-0.13

0.39

0.10

-0.05

-0.08
-0.13
0.18

0.38
0.21
0.58

0.10
0.05
0.18

-0.08
-0.12
0.16

0.30
0.27
0.59

0.10
0.06
0.17

-0.08
-0.12
0.16

0.35
0.31
0.45

0.10
0.08
0.10

-0.05
-0.04
0.12
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Appendix 4: Correlation between the hedge fund indices
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Appendix 5: Covariance data on 36 month rolling windows
Covariance statistics using 36 month rolling windows and historical sample
[Mean/
Standard
Deviation/
Spread]
Convertible
Arbitrage
CTA Global

Distressed
Securities

Convertible
Arbitrage

CTA

Distressed Emerging
Securities Markets

1.26E-04
3.55E-05
1.21E-04

-7.30E-05
6.70E-05
2.30E-04
7.05E-04
1.76E-04
5.38E-04

1.15E-04
7.22E-05
1.90E-04
-1.07E-04
7.16E-05
2.27E-04
2.86E-04
1.36E-04
3.63E-04

Emerging Markets

Equity Market
Neutral
Event Driven

Fixed Income
Arbitrage
Global Macro

Long/Short Equity

Merger Arbitrage

Relative Value

Short Selling
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1.75E-04
1.67E-04
4.41E-04
-2.01E-04
1.28E-04
4.40E-04
5.37E-04
3.44E-04
9.05E-04
1.67E-03
9.62E-04
2.59E-03

Equity
Market
Neutral

Event

3.36E-05 1.12E-04
1.57E-05 6.59E-05
4.24E-05 1.72E-04
9.87E-06 -1.16E-04
2.64E-05 6.28E-05
9.49E-05 2.20E-04
5.34E-05 2.58E-04
3.98E-05 1.45E-04
1.09E-04 3.49E-04
1.16E-04 5.77E-04
8.62E-05 3.26E-04
2.41E-04 8.48E-04
3.41E-05 6.27E-05
1.40E-05 3.77E-05
4.46E-05 1.07E-04
2.96E-04
1.35E-04
3.31E-04
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[Mean/
Standard
Deviation/
Spread]
Convertible
Arbitrage

Fixed
Income
Arbitrage

6.40E-05
6.50E-05
1.49E-04
CTA Global
1.63E-05
5.88E-05
1.64E-04
Distressed
6.73E-05
Securities
5.72E-05
1.45E-04
Emerging Markets 1.19E-04
1.01E-04
2.98E-04
Equity Market
1.58E-05
Neutral
1.14E-05
3.66E-05
Event Driven
6.00E-05
4.36E-05
1.19E-04
Fixed Income
1.32E-04
Arbitrage
1.32E-04
2.92E-04
Global Macro

Long/Short Equity

Global
Macro
5.00E-05
4.41E-05
1.45E-04
1.68E-04
4.66E-05
1.73E-04
1.67E-04
9.90E-05
2.82E-04
4.79E-04
2.57E-04
7.23E-04
6.20E-05
3.26E-05
1.15E-04
1.85E-04
9.00E-05
2.59E-04
8.33E-05
5.50E-05
1.50E-04
3.21E-04
1.43E-04
4.61E-04

Long/Short Merger
Equity
Arbitrage
7.93E-05
4.33E-05
1.38E-04
-9.76E-05
5.98E-05
2.15E-04
2.59E-04
1.22E-04
3.26E-04
7.34E-04
2.94E-04
8.20E-04
8.46E-05
4.61E-05
1.43E-04
3.19E-04
9.61E-05
2.68E-04
4.10E-05
2.51E-05
9.03E-05
2.94E-04
1.36E-04
3.77E-04
5.17E-04
1.42E-04
4.23E-04

Merger Arbitrage

Relative Value

Short Selling

123

6.05E-05
3.57E-05
8.79E-05
-6.64E-05
4.76E-05
1.56E-04
1.14E-04
8.86E-05
2.28E-04
2.58E-04
1.83E-04
4.75E-04
4.05E-05
1.92E-05
5.35E-05
1.58E-04
7.71E-05
2.21E-04
2.49E-05
1.30E-05
4.49E-05
7.53E-05
3.27E-05
1.23E-04
1.58E-04
4.53E-05
1.41E-04
1.22E-04
4.31E-05
1.37E-04

Relative
Value

Short
Selling

7.67E-05
3.66E-05
1.08E-04
-8.66E-05
3.25E-05
1.14E-04
1.24E-04
5.84E-05
1.55E-04
2.90E-04
9.43E-05
2.96E-04
3.27E-05
1.45E-05
4.15E-05
1.52E-04
3.98E-05
1.28E-04
5.34E-05
4.35E-05
1.02E-04
8.83E-05
3.06E-05
1.05E-04
1.68E-04
1.72E-05
9.35E-05
8.69E-05
2.04E-05
8.41E-05
1.09E-04
1.43E-05
5.64E-05

-2.19E-04
1.34E-04
4.40E-04
4.52E-04
1.53E-04
5.71E-04
-7.55E-04
3.87E-04
1.18E-03
-2.24E-03
9.99E-04
3.22E-03
-2.09E-04
1.41E-04
4.15E-04
-8.96E-04
3.61E-04
1.15E-03
1.55E-05
8.54E-05
3.34E-04
-6.54E-04
3.44E-04
9.57E-04
-1.40E-03
4.45E-04
1.53E-03
-4.04E-04
2.22E-04
6.12E-04
-4.52E-04
6.97E-05
3.35E-04
5.11E-03
1.89E-03
6.64E-03

Appendices
Covariance statistics using 36 month rolling windows and PCA methodology
[Mean/
Convertible
CTA
Distressed Emerging
Standard
Arbitrage
Securities Markets
Deviation/ Spread]
Convertible
1.17E-04 -7.79E-05 1.21E-04
1.68E-04
Arbitrage
3.15E-05
7.16E-05 6.88E-05
1.64E-04
1.08E-04
2.51E-04 1.89E-04
4.48E-04
CTA Global
6.57E-04 -1.10E-04 -1.99E-04
1.52E-04 6.73E-05
1.31E-04
4.87E-04 2.18E-04
4.30E-04
Distressed
2.60E-04
5.51E-04
Securities
1.33E-04
3.49E-04
3.46E-04
9.31E-04
Emerging Markets
1.52E-03
8.99E-04
2.49E-03
Equity Market
Neutral
Event Driven

Fixed Income
Arbitrage
Global Macro

Long/Short Equity

Merger Arbitrage

Relative Value

Short Selling
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Equity
Market
Neutral
3.52E-05
1.52E-05
4.22E-05
1.42E-05
2.81E-05
1.04E-04
5.22E-05
4.03E-05
1.13E-04
1.11E-04
8.14E-05
2.33E-04
3.19E-05
1.42E-05
4.42E-05

Event

1.15E-04
6.67E-05
1.76E-04
-1.21E-04
5.86E-05
2.07E-04
2.52E-04
1.45E-04
3.42E-04
5.91E-04
3.33E-04
8.65E-04
6.38E-05
3.73E-05
1.07E-04
2.85E-04
1.35E-04
3.27E-04
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[Mean/
Fixed
Global Long/Short Merger
Relative
Standard
Income
Macro
Equity
Arbitrage
Value
Deviation/ Spread] Arbitrage
Convertible
6.74E-05 4.91E-05 7.98E-05 6.37E-05 7.52E-05
Arbitrage
6.96E-05 4.73E-05 4.67E-05 3.91E-05 3.70E-05
1.61E-04 1.53E-04 1.39E-04 9.93E-05 1.05E-04
CTA Global
2.19E-05 1.81E-04 -9.27E-05 -6.92E-05 -9.27E-05
6.27E-05 4.47E-05 6.49E-05 4.19E-05 3.45E-05
1.75E-04 1.67E-04 2.47E-04 1.45E-04 1.33E-04
Distressed
7.26E-05 1.67E-04 2.63E-04 1.14E-04 1.29E-04
Securities
5.95E-05 9.68E-05 1.22E-04 9.53E-05 5.76E-05
1.50E-04 2.79E-04 3.22E-04 2.41E-04 1.55E-04
Emerging Markets 1.23E-04 4.88E-04 7.60E-04 2.62E-04 2.90E-04
1.04E-04 2.66E-04 3.00E-04 1.86E-04 1.01E-04
3.10E-04 7.48E-04 8.47E-04 4.83E-04 3.17E-04
Equity Market
1.52E-05 6.38E-05 8.59E-05 4.18E-05 3.42E-05
Neutral
1.23E-05 3.25E-05 4.67E-05 1.86E-05 1.46E-05
4.06E-05 1.18E-04 1.47E-04 5.11E-05 4.16E-05
Event Driven
6.15E-05 1.83E-04 3.20E-04 1.56E-04 1.55E-04
4.17E-05 8.85E-05 9.45E-05 7.87E-05 4.01E-05
1.15E-04 2.55E-04 2.66E-04 2.19E-04 1.26E-04
Fixed Income
1.24E-04 8.76E-05 3.72E-05 2.33E-05 5.44E-05
Arbitrage
1.25E-04 5.82E-05 2.38E-05 9.37E-06 4.43E-05
2.76E-04 1.57E-04 8.97E-05 4.31E-05 1.08E-04
Global Macro
2.99E-04 2.93E-04 7.36E-05 8.98E-05
1.35E-04 1.37E-04 3.03E-05 3.19E-05
4.36E-04 3.82E-04 1.19E-04 1.09E-04
Long/Short Equity
4.91E-04 1.59E-04 1.69E-04
1.34E-04 4.19E-05 1.80E-05
3.98E-04 1.44E-04 1.07E-04
Merger Arbitrage
1.13E-04 8.96E-05
4.19E-05 2.04E-05
1.34E-04 8.35E-05
Relative Value
9.97E-05
1.47E-05
5.38E-05
Short Selling
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Short
Selling
-2.00E-04
1.20E-04
3.86E-04
4.91E-04
1.55E-04
5.40E-04
-7.99E-04
4.03E-04
1.23E-03
-2.32E-03
1.01E-03
3.19E-03
-2.11E-04
1.46E-04
4.35E-04
-9.20E-04
3.64E-04
1.15E-03
3.95E-05
9.31E-05
3.35E-04
-7.03E-04
3.59E-04
1.02E-03
-1.40E-03
4.55E-04
1.59E-03
-4.20E-04
2.23E-04
6.29E-04
-4.42E-04
6.91E-05
3.12E-04
4.55E-03
1.69E-03
6.26E-03

