
LBS Research Online

Vikas Agarwal
Place of hedge funds in a prudent portfolio: risk-return characteristics and performance evaluation
Thesis

This version is available in the LBS Research Online repository: https://lbsresearch.london.edu/
id/eprint/2386/

Agarwal, Vikas

(2001)

Place of hedge funds in a prudent portfolio: risk-return characteristics and performance evaluation.

Doctoral thesis, University of London: London Business School.

DOI: https://doi.org/10.35065/DHDW5692

Users may download and/or print one copy of any article(s) in LBS Research Online for purposes of
research and/or private study. Further distribution of the material, or use for any commercial gain, is
not permitted.

https://lbsresearch.london.edu/view/lbs_authors/155591.html
https://lbsresearch.london.edu/id/eprint/2386/
https://lbsresearch.london.edu/id/eprint/2386/
https://lbsresearch.london.edu/view/lbs_authors/155591.html
https://doi.org/10.35065/DHDW5692


Place of Hedge Funds in a Prudent Portfolio: Risk-Return 
Characteristics and Performance Evaluation 

Vikas Agarwal 

London Business School 

Submitted in partial fulfillment 

of the requirements for the degree of 
Doctor of Philosophy 

May 2001 

The author hereby grants to University of London permission to reproduce and to 
distribute copies of this thesis document in whole or in part. 



ABSTRACT 

This dissertation analyzes the risk-return characteristics of hedge funds and conducts a 
detailed investigation of various issues related to evaluating their performance. 

The study uses a comprehensive database of hedge funds to make several 

contributions to the understanding of "black-box" of hedge funds. First, by using a 

multifactor model and mean-variance framework, the study aims to gain a more 

in-depth understanding of the different risk-return tradeoffs involved in investing in 

different hedge funds following directional and non-directional strategies. Second, by 

generalizing the style analysis technique developed by Sharpe (1992) that constrains 

the style weights to be non-negative, the study provides a better understanding of the 

significant risk exposures of hedge funds and examines their consistency with the 

stated objectives and classification of hedge funds. Third, the study investigates the 

issue of persistence in the performance of hedge funds specifically addressing the 

issue of horizon of persistence and the relationship between the performance fees, 

nature of strategy followed and persistence in a two-period and a multi-period 

framework. Fourth, it discusses the improvement in the risk-return tradeoffs obtained 

by including the hedge funds in a passive-only portfolio. For this purpose, it provides 

an empirical application of the theoretically justified gain-loss framework to deal with 

the issue of non-normality of hedge fund returns and compare the results of asset 

allocation and optimal portfolio choice with those obtained in the traditional 

mean-vari ance framework. Fifth, using a contingent-claim-based approach, it explains 

the returns of hedge fund strategies after accounting for their linear and non-linear 

risks. Finally, the study examines the relationship between characteristic features and 

performance of hedge funds. 

Overall, this study sheds light on various issues of interest to the investment 

community. 
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1 INTRODUCTION 

1.1 Motivation 

The rapid growth in the money invested in both actively and passively 

managed funds in the recent years makes the issue of performance evaluation of fund 

managers an important issue for the investment community. A large literature on 

traditional active managers like mutual funds seems to suggest that they do not 

outperform passive investment strategies after accounting for the various fees charged 

by them'. It seems that the few mutual fund managers who successfully beat the 

passive strategies tend to move into the arena of `alternative' investments and start 

their own hedge funds, often times putting their own money at stake. Hedge funds are 

evaluated on the basis of absolute performance as compared to the traditional active 

managers like mutual funds, which are evaluated based on relative performance with 

respect to some benchmark. In addition, hedge funds typically have features such as 

hurdle rates, incentive fees with high watermark provision that potentially help in a 

better alignment of the interests of the managers and the investors. This has caused 

many investors following active-passive strategies to seriously consider replacing the 

traditional active part of their portfolio with alternative investment strategies. 

Unfortunately, due to less stringent disclosure requirements (especially in the 

case of offshore hedge funds) and the short track record of a large number of hedge 

funds, there has been relatively little analysis of the true risk-return tradeoffs and the 

risk exposures of different types of hedge funds. Moreover, near-collapse of Long 

Term Capital Management, liquidation of several hedge funds during the latter half of 

1998 and numerous fraud cases related to hedge funds has left many investors 

demanding a better understanding of the different hedge fund strategies. In fact, the 

The earliest paper in this strand of literature by Jensen (1968) does not find significant evidence of 

excess pre-expense performance during the period from 1945-1964. The more recent papers 

including that of Carhart (1997) control for survivorship bias and typically find positive pre-expense 

excess performance and negative post-expense excess performance. Malkiel (1995) seems to be the 

exception in claiming that pre-expense excess performance of mutual funds is negative. 
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events in the second half of 1998 propelled hedge funds into spotlight prompting a 

study of hedge funds by the President's Working Group on Financial Markets (1999). 

This dissertation contributes to the existing body of research by using a 

comprehensive database of hedge funds to provide an in-depth analysis of their 

risk-return characteristics, risk exposures, style analysis, characteristic features, 

performance persistence and asset allocation. 

1.2 Objectives 

The overall objective of this dissertation is to evaluate the performance of 
hedge funds and identify their potential role in a prudent portfolio. More specifically, 

the study aims at understanding the risk-return characteristics, risk exposures, and 

performance persistence of various hedge fund strategies using a database on hedge 

fund indices and individual hedge fund managers. 

The detailed objectives of the study are 

1. to analyze the risk-return characteristics of hedge funds, 

2. to understand the significant risk exposures of hedge funds, 

3. to investigate the issue of persistence in the perfonnance of hedge funds 

specifically addressing the issue of horizon of persistence and the relationship 
between the performance fees, nature of strategy followed and persistence in a 

two-period and a multi-period framework, 

4. to provide a comprehensive analysis of improvement in the risk-return tradeoffs 

resulting from adding hedge funds to a portfolio comprising of purely passive 

trading strategies by employing the recently proposed gain-loss framework to deal 

with the non-normality of hedge fund returns and compare the asset allocation and 

optimal portfolio choice with that obtained in the traditional mean-variance 

framework, 
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S. to explain the returns of hedge fund strategies by accounting for their linear and 

non-linear risks employing a contingent-claim-based approach, and 

6. to examine the relationship between the performance and characteristic features of 

hedge funds specifically analyzing the relationship between the performance and 

various characteristic features of hedge funds such as leverage, hurdle rate and 
high watermark provisions, domicile or tax status, management and incentive fees, 

and minimum investment requirements, etc. 

The study uses a comprehensive database of hedge funds and makes several 

contributions to the understanding of "black-box" of hedge funds. First, by employing 

multifactor model and mean-variance framework, the study aims to gain a more 

in-depth understanding of the different risk-return tradeoffs involved in investing in 

different hedge funds following directional and non-directional strategies. Second, by 

generalizing the style analysis technique developed by Sharpe (1992) that constrains 

the style weights to be non-negative, the study provides a better understanding of the 

significant risk exposures of hedge funds and examines their consistency with the 

stated objectives and classification of hedge funds. Third, the study investigates the 

issue of persistence in the performance of hedge funds specifically addressing the 

issue of horizon of persistence and the relationship between the performance fees, 

nature of strategy followed and persistence in a two-period and a multi-period 

framework. Fourth, it contributes by highlighting the improvement in the risk-return 

tradeoffs obtained by including the hedge funds in a passive-only portfolio. For this 

purpose, it initially employs mean-variance analysis and then provides an empirical 

application of the theoretically justified gain-loss framework to deal with the issue of 

non-normality of hedge fund returns and compare the results of asset allocation and 

optimal portfolio choice with those obtained in the traditional mean-variance 

framework. Fifth, using a contingent-claim-based approach, it explains the returns of 

hedge fund strategies after accounting for their linear and non-linear risks. Finally, the 

study examines the relationship between characteristic features and performance of 

hedge funds following different investment strategies. 

13 



It is important to note that there exist some limitations in terms of the 

generalization and interpretation of the results of the dissertation. First, as is the case 

with all the academic studies on hedge funds, the sample period is relatively short, 

mainly covering the nineties. This period coincides with the exceptionally bullish 

equity markets in the United States, hence it is an open question if the results will hold 

in the long run in different market environments. In addition, another concern about 

the future performance of hedge funds is that as more and more fund managers chase a 

limited number of trading opportunities and there is a larger capital inflow in the 

industry, it would be increasingly difficult for hedge funds to sustain a superior 

performance record for a long time. Second, the analysis related to portfolio 

optimization and asset allocation involving hedge funds using mean-variance and 

gain-loss approaches is ex-post, i. e. the results are based on historical returns of hedge 

funds as it is not clear how one can determine their expected returns. Finally, for 

analyzing the relationship between characteristic features and performance, the 

sample size for individual fund managers is small as time-series information on some 

of the variables like assets under management are not available for a large number of 

hedge funds from established data-vendors like HFR. 

After accounting for these limitations, the results of this study have important 

implications for both institutional investors and high net-worth individuals seriously 

considering including hedge funds in their portfolios. 

1.3 Organization of the Dissertation 

This first chapter has set forth the broad research problems and the specific 

questions that will be examined in this dissertation, and has identified the objectives of 

the study. Chapter 2 provides the historical background of hedging industry, an 

overview and definition of hedge funds. Chapter 3 reviews the previous research on 

hedge funds. Chapter 4 provides a comprehensive analysis of the risk-return 

characteristics of hedge fund strategies, conducts mean-variance analysis for asset 

allocation involving hedge funds and applies multifactor model for estimating their 

abnormal returns. Chapter 5 conducts a generalized style analysis of hedge funds to 

14 



infer their statistically significant risk exposures. Chapter 6 examines both short-term 

and long-term persistence using high frequency data over longer time period by 

investigating their pre-fee and post-fee returns over quarterly, half-yearly and yearly 

intervals. Chapter 7 presents the gain-loss analysis of hedge funds and compares the 

findings with those obtained in the traditional mean-variance framework. Chapter 8 

proposes a contingent-claim-based approach to characterize hedge fund risks by using 

a combination of passive buy-and-hold and option-based strategies. Chapter 9 

examines the relationship between the performance and characteristic features of 

hedge funds. Finally, Chapter 10 concludes. 
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2 HEDGE FUNDS: DEFINITION AND HISTORICAL PERSPECTIVE 

2.1 Introduction 

The use of the term "hedge" in the United States was originally coined by the 

agriculture industry. Farmers were probably the first "hedgers" as they were involved 

in selling crops and cattle yet to be harvested or born at a price for future delivery. In 

the process, they were locked in at a price today and were "not exposed" to future 

market fluctuations. In essence, they "hedged" their risks by locking in at a price so 

that they are not exposed to the market fluctuations for the period of time it took them 

to harvest and deliver their product. Thus, hedging can be defined as a defensive 

strategy to mitigate or eliminate risk. 

Hedging "industry" has come a long way from that period. Hedge funds are 

perceived by most of the investment community as an alternative investment vehicle. 

While most investors view alternative investments2 as a recent phenomenon, "hedge 

funds" themselves are not new. The credit for starting first such fund goes to Alfred 

Winslow Jones & Company in 1949. The first hedge fund to be publicly traded was 

Hubshman Fund (now Sagitarius) offered in 1966. It seems that the term "hedge fund" 

was first used in a Fortune magazine article in 1966 that described the activities of a 

fund, which is now considered to be the first hedge fund (Loomis (1996)). 

Although Alfred Winslow Jones' fund employed long-short strategy, i. e. 

taking long position in the, undervalued securities and short position in the overvalued 

securities, in order to eliminate exposure to market risk, all the hedge funds today do 

not necessarily hedge. Hence, in the current context, the term "hedge" is a misnomer 

considering that not all hedge funds hedge fully in the strict sense of the term. 

Although, there is no universally accepted or legal definition of hedge funds, investors 

describe them as "private investment vehicles where the manager has a significant 

2 Alternative investments encompass a broad spectrum of non-traditional investment strategies 
including venture capital, leveraged buyout, distressed securities, private equity (generally pre-IPO 

financing), managed futures, oil and gas programs, and timber or farmland. 
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personal stake in the fund and is relatively free to employ a broad spectrum of 

strategies involving use of derivatives, short selling and leverage in order to enhance 

returns and better manage risk". 

Hedge funds are largely exempted from disclosure and regulation stipulated by 

the Investment Company Act of 1940 as they cater to high net worth individuals and 

institutions through private placements3. The regulatory controls usually limit fund 

leverage, short selling, holding shares of other investment companies and holding 

more than 10% of the shares of any single company. The exemption from the 

regulatory controls comes at the expense of restrictions in public advertising and 

solicitation of investors for hedge funds. Because hedge funds are private investment 

partnerships, the SEC before 1996 limited them to 99 investors, at least 65 of which 

must be "accredited"4. In order to encourage investment in hedge funds, in 1996, the 

National Securities Markets Improvement Act modified the Investment Company Act 

and the SEC allowed these funds to exceed the previous limit of 100 investors to 500 

including the General Partner without any registration and disclosure requirements. 

Recently, SEC have further broadened the ability of hedge funds to attract individual 

and institutional money by removing this limit altogether for "qualified investors". 

For being considered as qualified investor, the individual investor's net worth must not 

3 Another category closely related to hedge funds is that of managed futures and Commodity Trading 

Advisors (CTA). However, unlike hedge funds, they are regulated by the Commodity Futures 

Trading Commission (CFTC) and are required to be registered with CFTC and must make available 

to prospective clients updated disclosure documents, which detail their past trading performance 

records and describe their trading methodology. 
4 Accredited investors are viewed as sophisticated investors. An accredited investor is defined in 

Regulation D to include, among others, any saving and loan association; any broker-dealer; any 

employee benefit plan with total assets in excess of $5 million; any private business development 

company; any organization, corporation, trust, or partnership not formed for the specific purpose of 

acquiring the securities offered, with total assets in excess of $5 million; any natural person with 

individual net worth, or joint net worth with that person's spouse, of $1 million; any natural person 

with individual income of $200,000 in each of the two most recent years or joint income with that 

person's spouse in excess of $300,000 in each of these years, and with reasonable expectation of 

reaching the same income level in the current year; and any entity in which all the equity owners are 

accredited investors. 
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be less than $5 million and the institutional investors such as pension funds should 
have a capital of at least $25 million. 

Hedge funds are evaluated on the basis of absolute performance as compared 

to the traditional active managers like mutual funds, which are evaluated based on 

relative performance with respect to some benchmark. There are strong managerial 

incentives involved in hedge funds as managers are paid incentive fees, a significant 

proportion of their compensation, based on the performance of the fund. The incentive 

fee ranges between 5% and 25% of the annual profits in addition to the annual 

management fee ranging between 1% and 2%. In addition, hedge funds typically have 

features such as hurdle rate and high watermark provision that help in a better 

alignment of the interests of the managers and the investors. Manager is not paid any 

incentive fee till the time he/she provides returns higher than the hurdle rate. "High 

watermark" provision, a term commonly used in a large number of hedge fund fee 

structures, refers to the fact that a manager cannot collect an incentive fee till he/she 

makes up for any previous losses. In other words, the cumulative return has to be 

above the hurdle rate. High watermark provision and hurdle rate are independent 

criteria as the purpose of the watermark is to recuperate the past losses whereas the 

hurdle rate is used for collecting incentive fees. 

Absence of regulatory oversight results in lack of reliable information on 

hedge funds. Despite this fact, there has been a steady increase in the active interest 

shown by institutional investors, endowments and high net worth individuals in hedge 

funds in the recent years. Estimation of the size of the hedge fund industry is difficult 

due to the restrictions imposed by SEC on the advertising and reporting of 

performance by hedge funds. However, based on an estimate by Van Hedge Fund 

Advisors International, a hedge fund investment advisory firm, based in Nashville 

(US), the number of hedge funds (excluding fund of funds) has increased from around 

1,400 in 1988 to over 5,500 funds (both domestic and offshore) at the end of 1997. The 

volume of assets managed by them have also experienced a breathtaking growth 

during the same period, increasing by sevenfold from US$ 42 billion in 1988 to around 

US$ 300 billion. Although this amount may look small in comparison to the total 

assets under management in the mutual fund industry, it is important to keep in mind 

that this amount only represents the capital account balances of investors and not the 
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actual amount of dollars deployed in the markets. With certain strategies investing on 

a highly levered basis, some believe that the total amount of dollars invested in the 

hedge fund arena now surpasses $1 trillion. 

Hedge funds are usually of two types: onshore and offshore. Offshore funds 

are established in tax neutral jurisdictions such as the British Virgin Islands, the 

Bahamas, Bermuda, the Cayman Islands, Dublin and Luxembourg allowing the 

investors to minimize their tax liabilities by investing outside their country. These 

investors are generally non-U. S. or U. S. tax-exempt investors. These funds provide an 

opportunity to the foreign investors who want to invest in the U. S. without paying the 

U. S. income tax. Also, they tend to be more flexible than the onshore funds as they 

offer more privacy, tax benefits and are not restricted in terms of the number of 

investors. One of the more innovative offshore fund structures that allows for the 

commingling of offshore and onshore investors in the same fund vehicle is a Passive 

Foreign Investment Company (PFIC). Here the offshore fund can accept both offshore 

and onshore investors but must maintain at least a majority (50 percent) of offshore 

investors' assets in that fund at all times. This unique structure allows an investment 

manager to actually manage one single portfolio and not be concerned about allocating 

trades among offshore and onshore accounts. The additional focus that a single 

portfolio provides allows the investment manager to more effectively serve both 

domestic and foreign investors. 

2.2 Why Hedge Funds? 

The main attraction of investing in hedge funds comes from the fact that they 

are more flexible, responsive and opportunistic in their investment approach as 

compared to the conventional investment vehicles like mutual funds. Hedge fund 

managers face different incentive contracts than mutual fund managers because their 

compensation contract is based on absolute returns while that of mutual fund 

managers' is based on relative returns, which potentially leads to better utilization of 

5 To the extent that hedge funds are not domiciled in the United States and do not employ the requisite 
jurisdictional means, U. S. laws do not apply. 
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investment. Hence, more formally, the main points of distinction between traditional 

and alternative investments include the different nature of strategies, return objectives, 

correlation of returns, co-investment opportunities, compensation structures, liquidity 

and transparency. I describe below the various attributes that differentiate the 

traditional active managers from the hedge fund managers. 

Most of the mutual funds are limited in their investment options. In contrast, 

alternative investment strategies are more opportunistic by nature. As mentioned 

earlier, hedge fund managers can use leverage, sell securities short, take larger 

position sizes, invest across asset classes and security types and, generally, work in 

areas that are not fully exploited by traditional active managers. Due to the flexibility 

of leverage, hedge funds are able to multiply their returns on the arbitrage 

opportunities in the market. 

The distinction between the absolute and relative returns is central to the hedge 

funds. Unlike traditional investment managers driven by index weightings or a defined 

process, hedge fund managers invest for absolute, not relative, returns. Furthermore, 

many hedge funds employ strategies that show low correlation with the market 

movements. Historically, the returns from hedge funds have had little correlation with 

traditional investment strategies and markets. Therefore, it has been argued that hedge 

funds offer a significant opportunity for individuals to further diversify their portfolios 

and reduce volatility6. 

Hedge fund managers tend to maintain a significant portion of their own 

wealth invested in their partnerships, thereby reinforcing their commitment to the 

fund's performance. In contrast, for various regulatory reasons, traditional investment 

advisors and managers are often discouraged from "eating their own cooking". 

6 In a summary review for the Alternative Investment Management Association Commissioned 

Research, Schneeweis and Spurgin (1998b) conclude that depending on various assumed 

constraints, on the basis of Sharpe ratios of various efficient frontier portfolios, an allocation of 
between 10% and 20% to alternative investments seem appropriate. 
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Unlike managed accounts or mutual funds, hedge funds typically impose 

significant restrictions on the withdrawal of funds by their clients. They usually 

require a lock-up period of up to twelve months and more in some cases before 

withdrawals are permitted. However, some offshore funds offer liquidity as frequently 

as weekly while certain onshore long-term investment pools require commitments of 

up to four years. This feature provides the hedge funds with a flexibility of investing 

from the long-term point of view and in relatively illiquid securities. 

As hedge funds mostly cater to a limited number of wealthy clients, they 

usually have high minimum investment requirements. Minimum investments in hedge 

funds range from $100,000 to $5 million. There are investment managers who are 

sought after and have minimum requirements in excess of $10 million. As institutions 

play an increasing role in the hedge fund arena, fund managers are often induced to 

take them on as clients at the expense of private individuals who, in most cases, 

allocate relatively smaller amounts. 

The limited partnership format provides the manager with flexibility to deliver 

returns that would not be possible through other formats. However, it does obscure a 

client's ability to monitor the investment activities. This is a doubled-edged sword, 

because some managers trade in and out of positions so frequently that direct oversight 

may not only be a logistical nightmare but may also turn out to be ineffective. It can be 

exceedingly difficult to monitor whether the manager is diverging from his stated 

strategy, inappropriately using derivatives or leverage or engaging in other 

unacceptable strategies that may potentially cause the fund to go bankrupt. 

One obvious question that comes to mind is that as there can be no free 

lunches, how are hedge funds able to add value? Further, if it is true that they add 

value, then why they have been overlooked in the past? The simple answer to this 

question is that hedge funds may be able to add value due to the low restrictions 

imposed on their investment strategies. For example, unlike mutual funds, hedge 

funds can take short positions, employ derivatives and leverage to invest in profitable 

opportunities in the market. In addition, due to significant lockup periods involved in 

investing in hedge funds, they can invest in relatively illiquid securities and invest 

from the long-term point of view. The pursuit of absolute performance and freedom 

21 



from a benchmark for relative performance provides an opportunity to hedge funds to 

employ dynamic trading strategies, to move in and out of asset classes and to act 

opportunistically to benefit from arbitrage opportunities in the short run. Hence, the 

difference in the investment strategies in terms of use of lockup periods, ability to 

invest in illiquid securities, employ short selling, derivatives and leverage potentially 

handicap mutual funds and provide avenues for value addition by hedge funds. The 

answer to the second question lies in the fact that although hedge funds have existed 
for about 50 years now. However, till recently, there has been limited data available on 

them due to the unique characteristics of the industry. This has led to little awareness 

about hedge funds among investors. In addition, the flexibility in investment strategies 

and lack of regulation has led some hedge funds to take excessive risks in the past and 
have resulted in hedge funds fading into obscurity in the sixties and seventies during 

the significant bear markets. 

Having outlined the history and characteristics of hedge funds, in the following 

chapter I review the academic research on hedge funds. 
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3 ACADEMIC RESEARCH ON HEDGE FUNDS: A LITERATURE REVIEW 

3.1 Introduction 

As mentioned earlier, due to the lack of regulatory and/or voluntary disclosure, 

there has been a dearth of reliable and comprehensive data on hedge funds in the past. 

This has been one of the reasons that despite the increase in the number of hedge funds 

and investment pouring into these alternative investment vehicles, little academic 

research has been carried out in this area. The rapid growth in the investment in hedge 

funds in the nineties coupled with the demand of more transparent and regular 

reporting of performance has made it possible for the database vendors like HFR, 

TASS, Managed Accounts Reports (MAR)7 and others to collect and disseminate 

reliable information on hedge funds. This has proved to be a valuable resource not 

only for the investors but also for the academic researchers who wish to conduct 

empirical research using such data on hedge funds. In this chapter, I provide an 

overview of the research that has been conducted on various issues related to hedge 

funds. 

3.2 Academic Research on Hedge Funds 

I provide below the broad areas of research on hedge funds and summarize the 

main findings of the literature on hedge funds. 

3.2.1 Low Correlation of Hedge Funds 

7 Recently, in March 2001, Zurich Capital Markets Inc. (ZCM), a unit of the Zurich Global Assets 

Division of the Zurich Financial Services Group, acquired the alternative investment fund databases 

and related intellectual property from MAR. 
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Historically, the returns from hedge funds have had little correlation with 

traditional asset classes like stocks, bonds, currencies and commodities. There is a 

large literature that argues that hedge funds offer a significant opportunity to investors 

for further diversification by including hedge funds in their portfolios. For example, 

Fung and Hsieh (1997a) report that while mutual fund returns have high and positive 

correlation with asset class returns, hedge fund returns have low and sometimes 

negative correlation with the standard asset classes due to their dynamic use of 

leverage and changes in asset exposures. Schneeweis and Spurgin (1998a&b) also 

document the low correlation and conclude that depending on various assumed 

constraints, on the basis of Sharpe ratios of various efficient frontier portfolios, an 

allocation of between 10% and 20% to alternative investments seem appropriate. 

Liang (1999) also finds a low correlation between the different strategies along with 

positive abnormal returns for most of the hedge funds during the period January 1994 

to December 1996. However, one has to be careful in making a case for hedge funds 

based "only" on low correlation. What is important is the extent and significance of 

improvement in the efficient frontier by addition of hedge funds in a portfolio. 

3.2.2 Style Analysis and Performance Attribution of Hedge Funds 

Due to the significant heterogeneity in the nature of trading strategies used by 

different hedge funds and lack of universally accepted classification of hedge funds, 

there has been considerable attention given in the academic literature to the issue of 

style analysis and performance attribution of hedge funds. Fung and Hsieh (1997a&b) 

and Schneeweis and Spurgin (1998a) use style analysis based multi-factor approach. 

Fung and Hsieh (1997a) employ a modified version of Sharpe's (1992) asset class 

factor model using eight different asset classes with global emphasis to extract five 

dominant investment styles of hedge funds. These five styles account for 45% of the 

cross sectional variation in the returns of hedge funds and commodity trading advisors 

(CTA) funds. Brown and Goetzmann (2001) address this issue by employing a 

Generalized Stylistic Classification algorithm and grouping the managers on the basis 

of their realized returns. Bares, Gibson and Gyger (2001) provide evidence on style 

consistency of hedge funds through hard and fuzzy clustering. They also conduct 
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survival analysis to suggest that the survival probability of funds may be affected by 

their investment styles, size and their beta and style consistency. 

3.2.3 Biases in the databases on Hedge Funds 

Due to the unique nature of the hedge fund industry where the hedge fund 

managers are not legally allowed to advertise and not required to report data on their 

performance, there are some natural biases in all the hedge fund databases. One of the 

challenges in conducting academic research on hedge funds is to take cognizance of 

the various biases that are inherent in the databases and interpret the results in light of 

these biases. Ackermann, McEnally and Ravenscraft (1999) and Fung and Hsieh 

(2000a) document some of the potential biases in hedge fund databases. These include 

selection bias, instant history or backfilling bias, survivorship bias, termination bias 

and multi-period sampling bias. Selection bias occurs if the funds reported in the 

database are not true representative of the hedge fund universe. An instant history or 

backfilling bias occurs if the data vendors backfill the performance of new funds 

entering the database. Survivorship bias occurs if the poorly performing funds are 

dropped from the database and it only reports the performance of surviving funds. 

Termination bias is a subset of survivorship bias and occurs when either the funds 

cease to exist or funds voluntarily stop reporting. Multi-period sampling bias arises 

due to the research methodology that requires a fund to have sufficient history before 

it can be included in the sample. 

Ackermann, McEnally and Ravenscraft (1999) argue that survivorship bias 

and self-selection bias offset each other in their sample using data from HFR and 

Managed Account Reports (MAR). Self-selection bias occurs when the 

well-performing funds stop reporting to data vendors so as not to attract undue 

attention and/or they have reached the target level of assets under management. Liang 

(2000) examines the survivorship bias in hedge fund returns by comparing two large 

databases, namely HFR and TASS. He documents that survivorship bias, i. e. the 

difference in the returns of the surviving funds and the returns of all the funds, exceeds 

2% per year. In comparison, Brown et al (1999) report an annual survivorship bias of 
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3% for offshore funds and Ackermann, McEnally and Ravenscraft (1999) find that it 

is only 0.16% per year in their sample. Liang (2000) sheds light on the conflicting 

results by showing that the different databases contain different proportion of 

dissolved funds. 

3.2.4 Style convergence, Financial Stability and Regulation Issues 

There has been considerable attention given to the issue of style convergence 

among hedge funds. One of the objectives of the studies in this area has been to 

examine the threat to the financial stability due to the hedge funds supposedly 

engaging in herding and positive feedback trading. Eichengreen et al (1998) find some 

evidence that hedge funds did not take large short positions in Asian currencies ahead 

of the devaluations (with the possible exception of the Thai baht) and did not profit 

from these devaluations. Brealey and Kaplanis (2000) employ style-analysis-based 

approach to examine the changes in the factor exposures of hedge funds. They provide 

evidence on the instability of risk exposures and document the difficulties in relating 

the changes in the exposures to the impact of hedge fund activities on market crashes. 

Fung and Hsieh (2000b) also infer hedge fund positions employing a 

returns-based style analysis approach. For example, they use daily data for George 

Soros' Quantum Fund and note that its net asset value (NAV) rose substantially when 

sterling and the lira dropped out of the Exchange Rate Mechanism, while it was 

largely unaffected by the peso crisis in December 1994. Further, they employ monthly 

data on 27 funds to show that most Macro funds benefited during the devaluation of 

Thai baht in July 1997. However, they point out that as this period coincides with the 

high returns of the US equity market, high returns of hedge funds may potentially be 

explained by the long position in the US equities. 

Brown, Goetzmann and Park (2001) employ a returns-based style analysis 

approach to examine the returns on a sample of hedge funds during the 1997-98 Asian 

crisis. In order to account for the change in the factor exposures over time, they use 

four-month rolling periods to test whether hedge funds prompted the crisis by taking 

26 



short positions in the Asian currencies. They find no evidence of a strong relationship 

between the estimated changes in the fund exposures and changes in the currency 

values. In fact, they find that the hedge funds were buying the ringitt during the sharp 

decline in its value during June to September 1997. 

3.2.5 Risk-Adjusted Performance of Hedge Funds 

Fung and Hsieh (1997a) extend the Sharpe's (1992) asset class factor model to 

perform style analysis for both buy-and-hold and dynamic trading strategies of hedge 

funds. They find considerable diversity in the performance of these hedge funds and 

CTA pools. Ackermann, McEnally, and Ravenscraft (1999) find that hedge funds 

outperform mutual funds but their comparison of the market indices and the hedge 

funds gives mixed results. For this purpose, they adjust for the total risk by comparing 

the Sharpe ratios and adjusting for the systematic risk by comparing the betas of hedge 

funds with those of mutual funds and market indices. They find mixed results 

comparing the Sharpe ratios of hedge funds with those of market indices, the former 

being higher in about 50% of all the cases. Unfortunately, their approach of adjusting 

the systematic risk through betas is not reliable as these betas can change frequently 

due to the use of dynamic trading strategies by hedge funds. Further, hedge funds may 

have exposures to other kinds of risks including interest rate risk, credit risk and 

liquidity risk. However, their comparison of risk-adjusted performance of hedge funds 

with that of mutual funds provides clear evidence of hedge funds outperforming 

mutual funds. Liang (1999) finds significant difference between hedge funds and 

mutual funds. Brown, Goetzmann and Ibbotson (1999) employ style-mean benchmark 

in their study of persistence in the performance persistence of hedge funds. Gupta and 

Liang (2000) examine the risk characteristics and capital adequacy of hedge funds 

using Value-at-Risk as the criterion for measuring risk and estimating capital 

requirements. They find significant levels of under-capitalization in hedge funds 

across investment styles, with some styles exhibiting higher levels of 

under-capitalization than others. 
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3.2.6 Persistence in the Performance of Hedge Funds 

Are hedge funds able to add value consistently? This is an important issue in 

the context of hedge funds because unlike the traditional mutual funds, investment in 

hedge funds involves significant search costs and lockup periods. This implies that the 

investors need to have sufficient information about the performance of hedge funds 

over a long period before committing their money to hedge funds. Moreover, as hedge 

funds exhibit a much higher attrition rate compared to mutual funds (see Brown et al 

(1999) and Liang (2000)), the issue of performance persistence becomes especially 

important. Brown, Goetzmann and Ibbotson (1999) employ annual returns of US 

offshore hedge funds to examine their performance from 1989 to 1995. They find 

virtually no persistence in their sample and attribute their performance to the various 

styles as opposed to the manager skills. 

3.2.7 Fund Characteristics and Performance of Hedge Funds 

Ackermann, McEnally and Ravenscraft (1999) find that the incentive fees are 

critical determinants of hedge fund returns. They do not find evidence of a statistically 

significant relationship between performance and other fund characteristics like age, 

size and US domicile. They mention about the complicated interaction between 

incentive fee, high watermark and hurdle rate contributing to some of their weak 

results. Liang (1999) finds that the average hedge fund returns are positively related to 

incentive fees, fund assets and the lockup period and are negatively related to age. 

Brown, Goetzmann and Park (2001) find that the survival of hedge funds depends on 

fund age along with other factors like absolute and relative performance and excess 

volatility. 
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3.2.8 Framework for asset allocation involving hedge funds 

The supporters of hedge funds make their case by describing the 
diversification benefits offered by hedge funds using the traditional mean-variance 

framework -a framework that assumes that returns are normally distributed, a 

pre-condition not satisfied by hedge funds. Fung and Hsieh (1999c) argue that asset 

allocation involving hedge funds should not be based on the Markowitz 

mean-variance optimization techniques. However, they show that mean-variance 

framework can provide correct rankings of assets but do not provide an alternative 
framework. Researchers have also used semi-variance (or downside risk) instead of 

variance as a metric of risk (see, e. g., Mao (1970), Markowitz (1970), Sortino and 

Price (1994), Damant and Satchell (1996)). But the semi-variance or downside risk 

provides only a limited response to the issue of evaluating non-normal returns as it 

does not take into account the entire distribution of returns and usually considers only 

the specific case of semi-variance or some form of squared deviation below a 

benchmark return. Leland (1999) shows a method for risk adjustment in the CAPM 

betas for correctly measuring the alphas of the option-like dynamic trading strategies. 

Berset and Hoebrechts (2000) employ the Value-at-Risk framework in hedge fund 

environment to show its applicability in asset allocation and risk evaluation. 

3.2.9 Optimal compensation contract for hedge fund managers 

We know that there are high watermark and hurdle rate provisions in the 

compensation contracts of large number of hedge fund managers in order to align the 

interests of the manager and investors. Researchers have examined if hedge fund 

managers have incentive to gamble excessively and have studied the design of optimal 

compensation contract. Goetzmann, Ingersoll and Ross (1998) provide a closed-form 

solution to the high water mark contract under certain conditions and show that 

managers have an incentive to take risks. They show analytically that the value of the 

manager's contract is increasing in portfolio variance due to the call-like feature of the 

incentive contract. Brown, Goetzmann and Park (2001) find the relationship between 

past performance and risk levels in case of hedge funds to be consistent with that in 
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mutual funds. They find that hedge fund risks depend on relative performance with the 

better performing funds reducing their risk and limited evidence on poorly performing 

managers taking more risks. 
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4 RISKS AND REWARDS IN HEDGE FUNDS: MULTIFACTOR MODEL AND 

MEAN-VARIANCE ANALYSIS 

4.1 Introduction 

This chapter uses a comprehensive database of indices compiled by Hedge 

Fund Research (HFR) to investigate the risk-return tradeoffs and to estimate the 

degree of outperformance of hedge fund strategies over a portfolio of passive 

strategies. This chapter extends our understanding of hedge funds in several ways. 

First, it examines the performance of several different types of hedge funds belonging 

to two broad categories: those that follow directional investment strategies and those 

that follow non-directional (opportunistic) investment strategies. Second, it conducts a 

mean-variance analysis to determine the extent to which one can improve the 

passive-only efficient frontier by optimally combining alternative and passive 

investment strategies. Third, using a multi-factor model, it estimates the factor 

loadings and `alphas' of different types of hedge fund strategies vis-a-vis a broad 

range of asset classes. 

In the next section, I briefly review the structure of the database used in this 

analysis and describe how this research compares to previous empirical analysis of the 

benefits of hedge fund investment. The rest of the chapter is organized as follows. 

Section 3 classifies the sample into directional and non-directional hedge fund 

strategies and provides the summary statistics. Section 4 examines the risk-return 

characteristics of hedge funds. Section 5 analyses the improvement in the 

mean-variance frontier due to inclusion of hedge funds in a portfolio. Section 6 

provides the multi-factor model and abnormal returns analysis. Section 7 concludes. 

4.2 Data and Methodology 

My sample differs from that used in other studies with respect to the sample 

period, the extent of strategy coverage and the selection process of the funds. I 

examine data from January 1994 to September 1998, which covers market ups and 
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downs over stable and turbulent periods. I use HFR indices that cover over 1000 hedge 

fund managers with about $260 billion in assets under management. I use ten different 

HFR indices covering most commonly used hedge fund strategies including Event 

Driven, Macro, Short, etc. These ten indices are an equally weighted performance 

summary of 807 funds from the HFR database. 

For the multi-factor model, I use a broad range of indices to capture the 

different investment opportunities available to the hedge funds. For instance, I include 

Lehman High Yield Composite index to capture the interests of hedge fund strategies 

in distressed securities. I also include the Federal Reserve Bank Trade-Weighted 

Dollar index to incorporate the currency bets taken by some of the hedge funds. Thus, 

my multi-factor model covering equities, bonds, currencies and commodities provides 

a rich characterization of different hedge fund styles and offers a good benchmark for 

estimating the extent of outperformance achieved by the hedge fund managers. 

My research complements and generalizes the recent literature on hedge funds 

in several ways. For instance, I extend the work of Fung and Hsieh (1997a) by using a 

multi-factor model to investigate the value addition by hedge funds. I further the 

analysis of Ackermann, McEnally, and Ravenscraft (1999) and Liang (1999) by 

quantifying the extent to which the passive-only efficient frontier can be improved by 

the inclusion of alternative investments. I extend the work of Schneeweis and Spurgin 

(1998a) by benchmarking the different hedge fund strategies against a general asset 

class factor model consisting of passive positions in equities, bonds, currencies and 

commodities. 

I find that hedge funds exhibit low correlation with standard asset indices. 

Based on the mean-variance analysis, I find that a portfolio (comprising of passive 

asset classes and investment in mainly non-directional hedge fund strategies) provides 

better risk-return tradeoff than just investing passively. I observe from multi-factor 

analysis that the hedge funds outperform the benchmark consisting of a combination 

of the various asset classes by about 0.53% to 1.25% per month. These abnormal 

returns are associated with an active risk ranging from 0.9% to 4.2% per month. 
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4.3 Classification of hedge funds 

Although the name `hedge fund' originated from the equally long and short 

strategy8 employed by the managers, the new definition of hedge funds covers a 

multitude of different strategies. Unlike the traditional investment arena, since there 

does not exist a universally accepted norm to classify the different strategies, I 

segregate them into two broad categories: `Non-Directional' and `Directional'. 

Non-directional Strategies: These strategies do not depend on the direction of any 

specific market movement and are commonly referred to as `market neutral' 

strategies9. These are usually designed to exploit short-term market inefficiencies and 

pricing discrepancies between related securities while hedging out as much of the 

market exposure as possible. Due to the reduced liquidity inherent in many such 

situations, they frequently run smaller pools of capital than their counterparts 

following directional strategies. 

Directional Strategies: These strategies hope to benefit from broad market 

movements. 
I further divide these two main categories into several popular sub-categories in Table 

4.1. 

(Please turn over for the Table) 

8 An equally long and short or market-neutral strategy involves investing one-half of the portfolio in 

buying undervalued assets (long position) and investing the other half of the portfolio in 

short-selling overvalued assets (short position). The main objective of such a strategy is to hedge the 

fund's performance against the broad market movements, i. e. get rid of the systematic or market 

risk 
9 Note that the non-directional strategies are neutral only to the first moment, i. e. expected returns. They 

are not neutral to the second moment, as in volatile periods convergence is not always obtained and 

arbitrage-based strategies can make losses. 
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Table 4.1 Classification of hedge funds 

Non-Directional Strategies 

Fixed Income A strategy having long and short bond positions via cash or derivatives 
Arbitrage markets in government, corporate and/or asset-backed securities. The 

risk of these strategies varies depending on duration, credit exposure and 
the degree of leverage employed. 

Event Driven A strategy which hopes to benefit from mispricing arising in different 
events such as merger arbitrage, restructurings etc. Manager takes a 
position in an undervalued security that is anticipated to rise in value 
because of events such as mergers, reorganizations, or takeovers. The 
main risk in such strategies is non-realization of the event. 

Equity Hedge A strategy of investing in equity or equity-like instruments where the net 
exposure (gross long minus gross short) is generally low. The manager 
may invest globally, or have a more defined geographic, industry or 
capitalization focus. The risk primarily pertains to the specific risk of the 
long and short positions. 

Restructuring A strategy of buying and occasionally shorting securities of companies 
under Chapter 11 and/or ones which are undergoing some form of 
reorganization. The securities range from senior secured debt to 
common stock. The liquidation of financially distressed company is the 
main source of risk in these strategies. 

Event Arbitrage A strategy of purchasing securities of a company being acquired, and 
shorting that of the acquiring company. The risk associated with such 
strategies is more of a "deal" risk rather than market risk. 

Capital Structure A strategy of buying and selling different securities of the same issuer 
Arbitrage (e. g. convertibles/common stock) seeking to obtain low volatility returns 

by arbitraging the relative mispricing of these securities. 
Directional Strategies 

Macro A strategy that seeks to capitalize on country, regional and/or economic 
change affecting securities, commodities, interest rates and currency 
rates. Asset allocation can be aggressive, and leverage and derivatives 
may be utilized. The method and degree of hedging can vary 
significantly. 

Long A strategy that employs a "growth" or "value" approach to investing in 
equities with no shorting or hedging to minimize inherent market risk. 
These funds mainly invest in the emerging markets where there may be 
restrictions on short sales. 

Hedge (Long Bias) A strategy similar to equity hedge with significant net long exposure. 

Short A strategy that focuses on selling short over-valued securities, with the 
hope of repurchasing them in the future at a lower price. 
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I use ten different HFR Performance Indices (HFRI) corresponding to the ten 

hedge fund strategies described above. These indices are constructed by equally 

weighting monthly net-of-fee returns of 807 onshore and offshore hedge funds. These 

indices incorporate funds that have ceased to exist and therefore, to that extent, do not 

suffer from survivorship bias. All HFR indices are re-weighted each month to 

incorporate new funds and eliminate defunct funds. My sample period consists of 57 

months from January 1994 to September 1998 and covers the recent period where 

most of the hedge funds did not perform well. I use these indices for conducting 

risk-return, mean-variance and multi-factor analyses of the ten hedge fund strategies. 

To get a general idea as to how the different hedge fund strategies have 

performed in bullish and bearish periods, I report in Table 4.2 the returns on different 

hedge fund strategies during seven large up moves and seven large down moves of the 

S&P500 Composite index over the sample period. 

(Please turn over for the Table) 
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Table 4.2 Performance of different hedge fund strategies during large up moves 
and down moves in the US equity market 

This table shows the returns on ten different hedge fund strategies during the seven large up and down 
moves of the S&P 500 Composite index during January 1994 to September 1998. 

Panel A: S&P 500 Composite Index: 7 Large U p Moves 

Nov-96 Jul-97 Jan-97 Sep-97 May-97 Mar-98 Sep-96 Mean 
S&P 500 7.68 6.45 6.39 6.37 6.16 5.90 5.88 6.40 
Composite 
Non-directional 
Strategies 
Fixed Income 0.37 0.58 1.43 0.51 0.34 1.34 0.52 0.73 
Arbitrage 
Event Driven 2.03 2.72 2.84 3.59 4.36 2.93 1.97 2.92 
Equity Hedge 1.66 5.50 2.78 5.69 5.04 4.54 2.18 3.85 
Restructuring 0.88 2.11 1.88 2.84 1.74 2.17 1.82 1.92 
Event 1.38 1.60 1.04 2.31 1.92 1.05 0.81 1.42 
Arbitrage 
Capital 1.40 1.61 1.01 1.11 1.40 1.58 1.23 1.33 
Structure Arb 
Directional 
Strategies 
Macro 4.72 5.90 5.14 3.05 1.83 5.05 2.01 3.96 
Long 2.85 4.64 7.83 0.61 3.80 2.94 1.38 3.44 
Hedge (Long 2.96 5.56 3.39 6.36 8.98 3.98 3.97 5.03 
Bias) 
Short -2.95 -2.94 -1.02 -2.58 -8.23 0.06 -7.53 -3.60 

Panel B: S&P 500 Composite Index: 7 Large Down Moves 
Aug-98 Aug-97 Mar-97 Nov-94 Mar-94 Jul-96 Jul-98 Mean 

S&P 500 -10.52 -4.91 -4.34 -3.93 -3.78 -3.63 -3.03 -4.88 Composite 
Non-directional 
Strategies 
Fixed income -1.18 0.40 0.54 0.76 0.93 1.30 1.69 0.63 
Arbitrage 
Event Driven -8.87 0.52 -0.53 -1.27 -0.55 -0.50 -0.57 -1.68 
Equity Hedge -7.69 1.35 -0.73 -1.48 -2.08 -2.87 -0.67 -2.02 
Restructuring -8.55 1.08 0.22 -1.71 -0.93 0.21 -0.40 -1.44 
Event -6.09 1.04 1.05 -0.22 1.37 0.81 -0.57 -0.37 Arbitrage 
Capital -3.11 1.14 0.59 -0.79 -2.11 -0.37 0.49 -0.59 Structure Arb 
Directional 
Strategies 
Macro -3.94 -1.25 -1.24 0.39 -3.43 -3.04 0.23 -1.75 
Long -20.98 -2.08 1.48 -2.81 -4.38 -2.65 -0.30 -4.53 
Hedge (Long -13.31 0.86 -5.04 -2.43 -3.07 -6.79 -2.87 -4.66 Bias) 
Short 19.53 -1.77 6.75 4.70 11.32 9.00 3.04 7.51 

36 



On average, I find that the non-directional strategies perform worse than the 

S&P 500 index during market up moves and vice-versa. Among the different 

non-directional strategies, although Equity Hedge and Event Driven strategies deliver 

higher returns during market up moves relative to the rest, these strategies also lose 

more money during market down moves. This suggests that the so-called 

non-directional strategies differ in terms of the extent of their market neutrality, 

Equity Hedge being least market neutral. In contrast, the directional strategies tend to 

move with the market, performing significantly better than the non-directional ones 
during market upturns and significantly worse during market downturns10. The only 

exception being the Short strategy that moves in direction opposite to that of the 

market. 

4.4 Risk-Return Characteristics of Hedge Fund Strategies 

I report the summary statistics for the HFR indices in Table 4.3. 

(Please turn over for the Table) 

The performance of the non-directional strategies is more correlated with the broader equity indices 

like Russell 3000 as they have substantial investment in small stocks not captured by the S&P 500 

Composite index. 
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Table 4.3 Summary Statistics of different hedge fund strategies 

The table below shows the number of funds (N), mean returns, standard deviations (SD), downside 
deviations (DD), medians, skewness (Skew), kurtosis (Kurt), minimum and maximum realizations 
(Min. and Max. ), proportion of positive realizations (NP) and Sharpe Ratios (SR) for ten different 
hedge fund strategies during January 1994 to September 1998. The Sharpe Ratio is calculated 
assuming a risk-free rate of 5% p. a. 

Hedge fund N Mean SD DD Median Skew Kurt Min. Max. NP SR 
strategy 
Non-Directional 
Fixed Income 15 0.53 1.40 0.42 0.71 -3.44 17.13 -7.28 2.49 82 0.08 
Arbitrage 
Event Driven 67 1.14 2.07 0.41 1.45 -2.32 11.69 -9.56 5.01 77 0.35 
Equity Hedge 212 1.32 2.31 0.71 1.35 -0.72 2.45 -7.41 5.69 72 0.39 
Restructuring 36 0.90 1.74 0.37 1.15 -3.19 16.36 -8.74 3.82 82 0.28 
Event Arbitrage 27 0.98 1.25 0.23 1.29 -3.96 22.35 -6.49 2.47 86 0.45 
Capital Structure 56 0.76 1.13 0.61 1.11 -1.51 2.30 -2.79 2.32 84 0.31 
Arbitrage 
Average 69 0.94 1.65 0.46 1.18 -2.52 12.05 -7.05 3.63 81 0.31 
Directional 
Macro 53 0.96 2.47 1.32 0.57 -0.23 0.57 -6.40 5.90 67 0.22 
Long 126 0.13 4.65 1.51 0.61 -1.45 4.75 -19.73 7.87 56 -0.06 
Hedge (Long Bias) 201 1.28 3.69 1.49 1.68 -1.04 3.07 -13.08 8.98 67 0.23 
Short 14 0.45 5.85 3.27 0.06 0.97 2.24 -9.96 22.11 51 0.01 
Average 99 0.71 4.17 1.90 0.73 -0.44 2.66 -12.29 11.22 60 0.10 

The HFR indices corresponding to these strategies are: Fixed Income Arbitrage; Event Driven; Equity 

Hedge; Distressed Securities; Merger Arbitrage; Convertible Arbitrage; Macro; Emerging Markets 

(Total); Equity Non-Hedge and Short Sellingi 1. 

No.: Number of funds in the HFR index 
SD: Standard deviation 

DD: Downside deviation defined as for i=1,2,3.......... N, where 
N+1 

Di = 
{T. 

- Rj for T> Ri ;0 otherwise), N represents the total number of months, T, 
" is the target 

rate (Eurodollar rate) for month i and Ri is the return for a fund in month i. 

NP: Percentage of months with positive returns 
SR: Sharpe ratio 

In general, I find that the non-directional strategies perform better than the 

directional ones based on various risk-return characteristics. For example, during the 

sample period, the average return on the non-directional strategies (0.94% per month) 

exceeds that on the directional strategies (0.71% per month). However, the difference 

in the average return of directional and non-directional strategies is statistically 

11I use this alternative classification throughout this study. 
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insignificant (p-value of 0.44). On different measures of variability of returns, again 

the non-directional strategies exhibit lower variability. I measure variability by the 

standard deviation of returns and find that the returns on non-directional strategies 

exhibit a standard deviation of about 1.7% per month while those on directional 

strategies equals 4.2% per month. However, just like the mean returns, the difference 

in the variance of directional and non-directional strategy returns is statistically 
insignificant (p-value of 0.15). I also measure variability in terms of the downside 

deviation (DD). Unlike the variance measure, which equally penalizes the good and 

the bad realizations, the downside deviation measure focuses entirely on return 

realization below a target rate. For the purpose of this analysis, I use the Eurodollar 

rate as the target rate and define downside deviation DD as12: 

N 

IEA 
l 

for i =1,2,3, ........, N, 

where 0; = {T. - R; for T,. > R; ;0 otherwise} 

N represents the total number of months, T, is the target rate for month i (e. g., 

risk-free or LIBOR rate) and R; is the return for a fund in month i. It is important to 

note that the downside deviation measure of risk is a function of the target rate that can 
be potentially manipulated to show lower levels of risk. 

Considering the risk-free rate as the target rate, I find that the downside 

deviation is lower for the non-directional strategies (0.5% per month) compared to that 

for the directional ones (1.9% per month). In terms of positive and negative 

realizations, the non-directional strategies show more positive returns (81%) than the 

directional ones (60%). In terms of Sharpe ratio as well, the non-directional strategies 

exhibit better risk-return tradeoffs compared to the directional ones. For instance, the 

average Sharpe ratio for the non-directional strategies equals 0.3, almost the same as 

that of the S&P500 Composite index, while that for the directional ones equals 0.1. 

Thus, during the sample period, overall the non-directional strategies seem to have 

delivered better risk-return trade-off compared to the directional strategies. However, 

this difference is not statistically significant. 

12 For a target rate of zero, the DD measure coincides with the semi-variance measure 
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4.5 Mean Variance Efficient Frontier Analysis 

In this section, I investigate the extent to which the efficient frontier generated 
by an investment strategy taking passive positions in equities, bonds, currencies and 

commodities can be improved by the addition of different hedge fund strategies. As 

my analysis is based on historical returns as opposed to expected returns, the efficient 
frontier resulting from my approach is the ex-post efficient frontier. 

I select a broad range of asset classes comprising of equities, bonds, currencies 

and commodities to effectively capture the investment opportunities available to a 

global investor. For the sake of parsimony, I restrict the passive-only strategy to eight 
indices belonging to four asset classes as shown in Table 4.4. 

Table 4.4 Various asset classes and the corresponding indices used for 
Mean- Variance Analysis and Asset Class Factor Model 

Asset Class Indices 
S&P 500 Composite Index 

Equity MSCI World Equity Index excluding US' 
MSCI Emerging Markets Index 

Salomon Brothers World Government Bond Index 
Bond Salomon Brothers Government & Corporate Bond Index 

Lehman High Yield Composite Index 
Currency Federal Reserve Bank Trade-Weighted Dollar Index" 

Commodity UK Market Price Index for Gold 

Source: Datastream 
0Morgan Stanley Capital International (M. S. C. I. ) World Equity index excludes 
the US and the Emerging Markets. 
'The Federal Reserve Bank Trade-Weighted Dollar index is calculated by 
weighting each country's dollar exchange rate by that country's share of total 
U. S. trade (exports plus imports). 

To incorporate the exposure to global equities, I include the S&P 500 

Composite index, the MSCI World index excluding the US (developed markets 
besides the US), and the MSCI Emerging Markets index. To assess exposure to bonds, 

I use the Salomon Brothers (henceforth, SB) Government and Corporate Bond index, 
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and the SB World Government Bond index 13. I also include Lehman High Yield 

Composite index to incorporate returns available from investing in distressed 

securities. To account for returns arising from exposure to currencies and 

commodities, I include the Federal Reserve Trade-Weighted Dollar index and UK 

la market price index for Gold 

Table 4.5 shows the average returns, standard deviations and correlations 

among the eight indices. 

(Please turn over for the Table) 

13 I also use JP Morgan US government bond and JP Morgan non-US government bond indices used by 

Fung & Hsieh (1997a) and find qualitatively similar results (not reported). 
14 It may be more appropriate to use a broad commodity index like the Goldman Sachs Commodity 

Index instead of Gold Price. However, in order to compare my results with those of the existing 

studies on hedge funds, I employ the Gold price index. 
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Table 4.6 shows the correlations among the ten hedge fund strategies and the 

eight indices. We can see that most of the hedge fund strategies exhibit a low 

correlation (less than 0.5) with the different indices15 

(Please turn over for the Table) 

15 Considering the dynamic trading strategies used by hedge funds, it is likely that the correlation 

between the different hedge fund strategies and various asset class factors may change with time. 

However, the table provides a simple illustration of the low correlation between hedge funds and 

asset class indices during the sample period. 
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Table 4.6 Correlation coefficients among the ten hedge fund strategies and the eight 
indices 

This table shows the correlation coefficients between the different hedge fund strategies and the eight 
indices during January 1994 to September 1998. The ten hedge fund strategies are Fixed Income 
Arbitrage (FIA), Event Driven (ED), Equity Hedge (EH), Restructuring (RESTR), Event Arbitrage 
(EA), Capital Structure Arbitrage (CSA), Macro, Long, Hedge (Long Bias) (HLB) and Short. The eight 
indices are S&P 500 Composite index (S&P), MSCI World index excluding US (MXUS), MSCI 
Emerging Markets index (MEM), Salomon Brothers Government and Corporate bond index (SBG), 
Salomon Brothers World Government bond index (SBW), Lehman High Yield Composite index 
(LHY), Federal Reserve Bank Trade-Weighted Dollar index (FRBI) and UK Market Price index for 
Gold (GP). The figures in the parentheses indicate p-values. All the correlation coefficients greater than 
0.5 in magnitude are expressed in bold face. Asterisk indicates that the correlation coefficients are 
significant at 5% level (one-tailed) while hash shows that they are significant at 10% level (one-tailed). 

S&P MXUS MEM SBG SBW LHY FREI GP 

FIA 0.10 0.34 0.20 -0.41 -0.43 0.15 0.22 -0.10 
(0.24) (0.01) (0.07) (0.00) (0.00) (0.14) (0.05) (0.23) 

ED 0.71* 0.60* 0.63* 0.06 -0.23' 0.66* 0.28* -0.07 
(0.00) (0.00) (0.00) (0.33) (0.05) (0.00) (0.02) (0.29) 

EH 0.66* 0.57* 0.61* 0.07 -0.07 0.58' 0.14 0.05 
(0.00) (0.00) (0.00) (0.29) (0.31) (0.00) (0.15) (0.35) 

RESTR 0.67* 0.66* 0.62* -0.03 -0.23' 0.71* 0.20" -0.07 
(0.00) (0.00) (0.00) (0.42) (0.04) (0.00) (0.07) (0.31) 

EA 0.56* 0.49' 0.59* 0.04 -0.11 0.54* 0.08 -0.10 
(0.00) (0.00) (0.00) (0.38) (0.21) (0.00) (0.29) (0.22) 

CSA 0.52* 0.43* 0.42' 0.16 -0.08 0.64' 0.22' -0.05 
(0.00) (0.00) (0.00) (0.12) (0.28) (0.00) (0.05) (0.35) 

Macro 0.63' 0.42' 0.52* 0.41* -0.16 0.51' 0.51' 0.21" 
(0.00) (0.00) (0.00) (0.00) (0.11) (0.00) (0.00) (0.06) 

Long 0.57' 0.57* 0.87' -0.06 -0.32' 0.55' 0.32' 0.02 
(0.00) (0.00) (0.00) (0.34) (0.01) (0.00) (0.01) (0.44) 

HLB 0.72' 0.62' 0.67' 0.06 -0.06 0.61* 0.13 0.05 
(0.00) (0.00) (0.00) (0.32) (0.34) (0.00) (0.17) (0.35) 

Short -0.63* -0.52* -0.61* -0.11 0.00 -0.61* -0.07 0.00 
(0.00) (0.00) (0.00) (0.22) (0.49) (0.00) (0.31) (0.49) 

Figure 4.1 shows the three different efficient frontiers generated by using 

passive-only, alternative-only and a combination of passive and alternative investment 

strategies. For this purpose, I use the Ibbotson Optimizer that characterizes the entire 

efficient frontier by a limited number of corner portfolios (henceforth CPs)16. The CP 

in the top-right hand corner denotes the maximum variance portfolio while the CP in 

the bottom-left hand corner corresponds to the minimum variance portfolio. As Figure 

16 CPs are the points on the efficient frontier where an asset is either added or dropped. Every efficient 

portfolio is a linear combination of two adjacent CPs. 
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4.1 clearly shows, a combination of alternative and passive investment strategies 

offers significantly better risk-return trade-off compared to passive-only investment 

strategy. 

Figure 4.1 Mean-Variance Efficient Frontiers using hedge fund strategies & 

passive investment strategies 
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For the passive-only efficient frontier, the CPs range from a 100% investment 

in S&P 500 Composite index for the maximum variance portfolio to a mix of 

investments in the bond, currency, and commodity classes for the minimum variance 

portfolio. For the alternative-only efficient frontier, as we move from the maximum 

variance to minimum variance portfolio, the collective proportion of the directional 

strategies (i. e., Macro, Hedge-Long-Bias, Long, and Short) decreases monotonically. 

For the alternative and passive efficient frontier, there exist thirteen CPs (ranging from 

CPI, the maximum variance portfolio, to CP13, the minimum variance portfolio). 

Figure 4.2 shows how the relative importance of passive and alternative components 

of the CPs changes as one moves from maximum variance portfolio (6=3.55% per 

month) to the minimum variance portfolio (a=0.41 % per month). 
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Figure 4.2 Proportions of Alternative and Passive investment strategies along the 
efficient frontier 

Proportions of Alternative and Passive investment strategies along the efficient frontier 

CP1 - Maximum Variance Portblb 
CP13 - Minimum Variance Portfolio 
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Mean 18.8 18.00 13.92 1356 12.00 11.88 11.40 10.44 10.20 8.88 7.56 6.36 6.24 

StO. Den. 12.30 1046 360 333 249 2.43 2.29 2.01 1.94 1.66 1.49 1.42 1.42 

Figure 4.3 further breaks up the passive and alternative components of each CP 

into equities, bonds, currencies and commodities, and into directional and 

non-directional strategies respectively. 

(Please turn over for the Figure) 
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Figure 4.3 Composition of Alternative and Passive investment strategies along 
the efficient frontier 

Composition of Alternative and Passive investment strategies along the efficient frontier 
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Figures 4.2 and 4.3 highlight several interesting points. The maximum 

variance portfolio consists of 100% investment in the S&P 500 Composite index 

while the minimum variance portfolio comprises of about 60% investment in passive 

asset classes and about 40% in alternative investment strategies. As one moves 

towards the minimum variance portfolio, in the passive portion of the portfolio, the 

weight of the equity class decreases while that of the bond class (consisting mainly of 

non-US bonds) increases. In the alternative portion of the portfolio, the weight of the 

directional strategies falls while that of the non-directional strategies rises. 

At first sight, the non-monotonicity of the passive and alternative components 

in Figure 4.2 appears surprising. However, this can be explained by the changes in 

weights on the different asset classes for the passive part of the portfolio and the 

changes in weights on the different hedge fund strategies for the alternative part of the 

portfolio. Figure 4.3 shows that the weights on the four asset classes belonging to the 

passive part change monotonically as one moves along the efficient frontier. The 

non-monotonicity of weights on directional and non-directional categories of hedge 

fund strategies can be attributed to the changes in weights on the different 
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sub-categories, the weights of which change monotonically as one moves along the 

efficient frontier. 

Having examined the risk-return tradeoffs and extent of improvement over 

passive-only strategy by the inclusion of alternative investment strategies, in the 

following section, I evaluate the performance of different hedge fund strategies using 

a multi-factor model. 

4.6 Asset Class Factor Model and Abnormal Returns 

I construct an asset class factor model to evaluate the risk-adjusted 

performance of hedge funds. In particular, I run the following regression: 

Rr =a+2] lbkFkt+ut (1) 

where, 

R, = Return on the HFR index for a particular strategy for period t, 

a= abnormal return, 

bk = factor loading, 

Fkt = return on lth asset class factor (or index) for period t, (k=1,......., 8) and 

u, = error term. 

As is evident from Table 4.6, the returns on some of the asset class factors (i. e., 

indices) are highly correlated which can result in misleading inference. I, therefore, 

use a stepwise regression technique where the variables are entered or removed from 

the model depending on the significance of the F-value. The single best variable is 

chosen first; the initial variable is then paired with each of the other independent 

variables, one at a time, and a second variable is chosen, and so on'7. Greene (1997) 

17 Stepwise method involves entering the independent variables into the discriminant function one at a 

time, based on their discriminating power. The results are not sensitive to the order in which the 

variables are entered in the program. Same results are obtained after changing the order of different 

variables. For the sake of completeness, I also report results from general multivariate regression 

analysis (Table 4.8) 

48 



argues that the stepwise regression may be more palatable compared to the more 

orthodox measures related to the information criteria. However, he cautions about the 

model that is constructed entirely by mechanical means. 
Table 4.7 shows the results from the asset class factor model using stepwise 

regression approach for the full sample period of 57 months from January 1994 to 

September 1998. 

Table 4.7 Analysis of abnormal returns using Asset Class Factor Model 
(Stepwise Regression) 

This table shows the results for the following regression on a stepwise basis for January 1994 to 

September 1998: R1 =a+J: 
k bk Fk , + U, where R, =Return on the HFR index for a particular 

strategy for period t, a= abnormal return, bk =factor loading, Fkl return on the km asset class factor 

(or index) for period t, (k=1......... 8) and ur =error term. The ten hedge fund strategies are: Fixed 

Income Arbitrage (FIA), Event Driven (ED), Equity Hedge (EH), Restructuring (RESTR), Event 
Arbitrage (EA), Capital Structure Arbitrage (CSA), Macro, Long, Hedge (Long Bias) (HLB) and Short. 
The eight indices are: S&P 500 Composite index (S&P), MSCI World index excluding US (MXUS), 
MSCI Emerging Markets index (MEM), Salomon Brothers Government and Corporate bond index 
(SBG), Salomon Brothers World Government bond index (SBW), Lehman High Yield Composite 
index (LHY), Federal Reserve Bank Trade-Weighted Dollar index (FRBI) and UK Market Price index 
for Gold (GP). Asterisk indicates that the values are significant at 5% level while hash shows that they 
are significant at 10% level. 

Strategy a S&P MXUS MEM SBG SBW LIIY FRBI GP R 
FIA 0.81 0.14 -0.28 -0.28 0.38 
ED 0.76' 0.30' 0.11' 0.58 
EH 0.95' 0.30' 0.12' 0.52 

RESTR 1.12' 0.19 -0.63' 0.71' 0.73 
EA 1.09' 0.08' 0.26' 0.43 

CSA 0.83' 0.45' 0.41 
Macro 0.53' 0.35' 0.44' 0.27' 0.56 
Long 1.06' 0.52' -0.62' 0.58' 0.83 
HLB 0.65# 0.52' 0.22' 0.62 
Short 1.25" -0.69' -0.34' 0.49 

I find that the R-square values are higher for the four directional strategies 
(ranging from 0.49 to 0.83) and as expected, lower for non-directional strategies 

(ranging from 0.38 to 0.73), as the non-directional strategies are, by definition, less 

correlated with the market. As compared to the traditional mutual funds, the asset class 

factor model can explain a smaller fraction of the variance of returns on the hedge 

funds. The low R-square values are consistent with those in Fung and Hsieh (1997a). 

and-Feflea This can result due to the dynamic trading strategies employed by the 
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hedge funds as opposed to the predominantly buy-and-hold strategies used by 

traditional mutual funds or due to the problem of omitted variables, i. e. important risk 

factors being left out. 

Table 4.8 Analysis of abnormal returns using Asset Class Factor Model (General 
Multivariate Regression) 

This table shows the results for the following general multivariate regression for January 1994 to 

September 1998: R, =a+Ik bk Fkl + ut where Rl =Return on the HFR index for a particular 

strategy for period t, a= abnormal return, bk =factor loading, F =return on the klh asset class factor 

(or index) for period t, (k=1......... 8) and u, =error term. The ten hedge fund strategies are Fixed Income 

Arbitrage (FIA), Event Driven (ED), Equity Hedge (EH), Restructuring (RESTR), Event Arbitrage 
(EA), Capital Structure Arbitrage (CSA), Macro, Long, Hedge (Long Bias) (HLB) and Short. The eight 
indices are S&P 500 Composite index (S&P), MSCI World index excluding US (MXUS), MSCI 
Emerging Markets index (MEM), Salomon Brothers Government and Corporate bond index (SBG), 
Salomon Brothers World Government bond index (SBW), Lehman High Yield Composite index 
(LHY), Federal Reserve Bank Trade-Weighted Dollar index (FRBI) and UK Market Price index for 
Gold (GP). Asterisk indicates that the values are significant at 5% level while hash shows that they are 
significant at 10% level. 

Strategy a S&P MXUS MEM SBG SBW LHY FRBI GP R2 
FIA 0.98' -0.10 0.18 -0.04 -0.34 -0.26 0.27 0.05 -0.01 0.44 
ED 1.16' 0.23' 0.01 0.07" -0.24 -0.22 0.47' -0.08 -0.10 0.69 
EH 1.24' 0.31' -0.05 0.10" -0.48 0.12 0.37 -0.01 0.02 0.56 

RESTR 1.15' 0.12" 0.06 0.03 -0.24 -0.36# 0.60' -0.21 -0.06 0.76 
EA 1.02' 0.13" -0.04 0.07' 0.06 -0.33 0.21 -0.30' -0.10 0.54 
CSA 0.84' 0.03 -0.01 0.01 -0.24 0.14 0.44' 0.13 -0.03 0.46 

Macro 0.44 0.11 0.11 0.10' 0.45 0.21 -0.09 0.62' 0.16 0.65 
Long 1.10' 0.11 -0.14 0.54' -0.45 -0.39 0.71' 0.03 -0.09 0.84 
HLB 1.084 0.61' -0.14 0.19' -0.99' 0.34 0.57" 0.00 0.03 0.68 
Short 0.45 -0.74' 0.36 -0.32' 1.19 -0.35 -1.36' 0.30 0.17 0.58 

As can be seen, a large number of hedge fund strategies (directional as well as 

non-directional) show significant factor loadings on S&P500 Composite index, on 

MSCI Emerging Market equity index and on Lehman High Yield index. In the 

non-directional strategies, the Fixed Income Arbitrage has negative factor loadings on 

both the SB bond indices indicating that these funds short the overvalued fixed income 

securities including government and corporate bonds in both US and non-US markets. 

The Event Driven and Equity Hedge strategies both exhibit positive factor loadings on 

the S&P 500 Composite index and the MSCI Emerging Markets index. This is 

consistent with the returns on these two non-directional strategies during large up 

moves and down moves in the US equity market (see Table 4.2). The Restructuring 

strategy has a positive coefficient on the Lehman High Yield Composite index and a 
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negative coefficient of similar magnitude on SB Government Bond index indicating 

that these funds hedge out interest rate risk but retain credit risk of distressed firms 

undergoing bankruptcy or reorganization. It also exhibits small positive loading on the 

S&P 500 Composite index, which is consistent with the notion that the debt of 

distressed firms behaves partly like equity and partly like debt. Event Arbitrage 

strategies exploit market inefficiencies, which are likely to occur in the securities of 

the financially distressed firms, which may not be priced correctly and there may be 

arbitrage opportunities. Positive factor loadings for Event Arbitrage and Capital 

Structure Arbitrage strategies on the Lehman High Yield Composite index confirm 

this notion. 

In the case of directional strategies, Macro funds show positive factor loadings 

on the S&P 500 Composite index, Federal Reserve Bank Trade-Weighted Dollar 

index and the Gold price index confirming that these funds follow a top-down global 

approach by investing in US equities, currencies and commodities. Hedge (Long Bias) 

funds are primarily having a net long market exposure and hence, show positive factor 

loadings on the S&P 500 Composite and the MSCI Emerging Markets indices. Short 

funds have negative betas with respect to the S&P 500 Composite and MSCI 

Emerging Markets indices respectively, which reflects that these managers take 

positions against the markets. 

The intercept terms in the regressions are positive and significant in all the 

cases as shown in Tables 4.7 and 4.8. As the intercept can be interpreted as the 

unexplained return by the asset class factor model reflecting the skill of the managers, 

it proves that hedge funds exhibit superior market timing and/or security selection 

abilities that cannot be attributed to returns from passive portfolios. In addition, as my 

multi-factor model includes a wide range of asset classes to determine the level of 

outperformance, it mitigates to some extent the problem of appropriate benchmark. In 

general, I find that all the hedge fund strategies earn significantly positive abnormal 

returns (from 0.53% to 1.25% per month), evidence consistent with the massive 

growth in the investment in the alternative sector over the sample period. These alphas 

are also higher than the risk free rate over my sample period (0.4% per month), six of 

them being significantly greater than the risk free rate at 5% level. However, these 
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abnormal returns are associated with an active risk ranging from 0.9% to 4.2% per 

month. 

4.7 Conclusion 

In this chapter, I use a comprehensive database of hedge funds to examine the 

risk-return tradeoffs of investing in directional and non-directional hedge fund 

strategies. I observe that, in general, the non-directional strategies exhibit higher 

Sharpe ratios and lower downside risk as compared to the directional strategies. I find 

that hedge funds exhibit low correlation with standard asset classes. In particular, a 

mix of investment in hedge funds (mainly non-directional) and passive indexing offers 

a significantly better risk-return tradeoff compared to that achievable by passive-only 
investing. Using a multi-factor model covering a wide range of asset classes, I find 

that the hedge funds outperform the benchmark by 0.5% to 1.3% per month, a range 

much higher than that provided by the traditional active investments like the mutual 

funds. However, these abnormal returns are associated with an active risk ranging 

from 0.9% to 4.2% per month. 

Taken together, these results significantly improve our understanding of the 

risk-return tradeoffs involved in allocating funds to alternative investment vehicles. In 

the next chapter, I conduct a generalized style analysis of different hedge fund 

strategies to determine their significant risk exposures. 
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5 STYLE ANALYSIS OF HEDGE FUNDS: A GENERALIZED APPROACH 

5.1 Introduction 

Style analysis plays a key role in inferring the risk exposures of fund 

managers. This helps in classifying them and determining an appropriate benchmark 

for evaluating their risk-adjusted performance. Style analysis can be performed using 

data on holdings of the manager (e. g., Chan, Chen and Lakonishok (1999)) or using 

data on returns achieved by the fund manager (e. g., Sharpe (1992)). Traditionally, it 

has been used for classifying and evaluating the performance of mutual funds (e. g., 

Brown and Goetzmann (1997)). Unfortunately, due to less stringent disclosure 

requirements, especially in the case of offshore hedge funds, it is difficult to obtain 

data on portfolio holdings of hedge funds. Even if one were to obtain portfolio 

information for hedge funds on a monthly or a quarterly basis, it would not provide a 

good picture of their risks due to the dynamic nature of their trading strategies (e. g., 

Fung and Hsieh (1997a)). Therefore, the only recourse one has is to conduct a 

returns-based style analysis to understand average style exposures of different hedge 

fund strategies18. Although one does not expect the high R-squares Sharpe (1992) 

obtains in case of mutual funds, some information on risk exposures of hedge funds is 

better than no information at all. 

It is important to note that the returns-based style analysis used by Sharpe 

(1992) cannot be applied to hedge funds in its conventional form. This is because 

Sharpe constrains the style weights to be non-negative and forces them to add up to a 

hundred percent. This makes perfect sense in case of mutual funds. However, most 

hedge fund strategies take short positions in different asset classes and hold the 

collateral in the form of cash (money market instruments). Thus, the style analysis 

cannot be applied to hedge funds in its conventional form. Therefore, I generalize the 

18 An alternative way to capture the dynamic nature of trading strategies employed by hedge funds 

would be to include option-based asset classes in the returns-based style analysis. Later in Chapter 

8,1 employ option-based strategies to explain the returns of two popular hedge fund strategies, 

Event Driven and Relative Value Arbitrage. 
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conventional style analysis in two ways: first, I allow the style weights of assets in 

which one can take a short position to be positive or negative, and second, I relax the 

constraint that the style weights have to add up to a hundred percent. 

In addition, the conventional style analysis does not distinguish significant 

style weights from the insignificant ones. This can pose a problem while inferring 

significant risk exposures of different hedge fund strategies. Therefore, I follow the 

two-step procedure proposed by Lobosco and DiBartolomeo (1997) and compute the 

confidence intervals associated with the style weights. When I find an insignificant 

style weight, I drop that index and re-compute the style weights and their revised 

standard errors. I repeat this procedure until I am left only with indices having 

significant style weights. In order to understand the importance of this approach, I 

report results obtained with and without using this procedure. 

I use the database of indices compiled by Hedge Fund Research (HFR) to style 

analyze the different hedge fund strategies. HFR data set provides information about 

hedge funds both living and dead, and is known to have lower attrition rate compared 

to other databases such as TASS (see Liang (2000)). The lower attrition rate in HFR 

suggests that it includes relatively few number of funds that fail as compared to other 

databases. This potentially exacerbates survivorship bias related problem in studies 

that employ HFR database. It is extremely difficult to completely eliminate the 

problem of survivorship bias in hedge fund databases as information reporting is at the 

discretion of the managers and collectively all the databases do not cover the entire 

universe of hedge funds. This potentially is a serious problem in studies that focus on 

persistence in the performance of hedge fund managers (Brown, Goetzmann and 

Ibbotson (1999)). Fortunately, this issue has less effect on studies focusing on style 

analysis of hedge funds as these involve estimation of style weights over a relatively 

long period. Since funds that go belly up exhibit returns similar to those that survive 

until a few months before their death, and since the style-based return regression is 

based typically on 36 to 48 monthly observations, the effect of exclusion of funds that 

did not survive becomes relatively small. 

I segregate hedge fund strategies in two categories: funds that take directional 

bets and funds that take relative value bets (non-directional). This distinction is 
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important, as I show earlier in Chapter 4 that these two categories exhibit very 

different risk-return tradeoffs. In addition, these two categories potentially have very 

different applications: the directional strategies helping one achieve the desired asset 

allocation while the non-directional strategies enabling one to profit from security 

selection. 

I examine monthly returns of eight popular hedge fund strategies: four of these 

are non-directional while four are directional19. The non-directional strategies are 

designed to exploit short-term market inefficiencies while hedging out as much of the 

market exposure as possible. I select Event Driven, Equity Hedge, Restructuring, and 

Capital Structure Arbitrage strategies from this category. In contrast, the directional 

strategies are designed to benefit from broad market movements. I select Macro, 

Long, Hedge (Long Bias) and Short strategies from this category. I capture the returns 

on these eight strategies through the corresponding HFR indices, which are equally 

weighted performance summary of funds from the HFR database. It is important to 

note that equal weighting of returns of hedge funds introduces potential bias towards 

smaller funds that may be better positioned to exploit opportunities with only limited 

liquidity. Hence, an equal weighting approach may artificially boost the apparent 

returns achieved by hedge funds. However, unlike the potential problems high returns 

can cause in performance persistence related studies, one does not expect it seriously 

biases the estimation of style exposures of different hedge fund strategies. 

5.2 Generalized Style Analysis of the Hedge Fund Strategies 

The conventional returns-based Sharpe's (1992) style analysis involves 

running the following regression: 

j: K 

k-I 
wk Fkt + er (1) 

where, R, = Return on the HFR index for a particular strategy for period t, 

Fes = return on Iah asset class index for period t, (k=1........, 8) 

" For definitions of the various strategies, please refer to Table 4.1 in Chapter 4. 
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Wk = style weights where k Wk =1, and el = error term. 

The conventional style analysis attempts to minimize the variance of the error 

term subject to the constraints that all the style weights are non-negative and add to 

one, i. e. a hundred percent. The R2 of such a regression indicates the proportion of the 

variance of returns attributable to manager style, the balance being attributable to 

manager's judgment or skill. 

The genesis of non-negative style weights lies in the use of style analysis to 

understand risk exposure of conventional mutual funds that typically take only long 

positions. Since some of the hedge funds use shorting techniques to exploit arbitrage 

opportunities, one needs to specifically allow for non-negative style weights. For 

instance, the hedge fund managers can easily take short positions in S&P 500, US 

Government bonds, currencies etc. through futures contracts. Hence, I allow such 

indices to have negative style weights. Further to account for the fact that hedge funds 

can hold significant proportion of their portfolio in cash and employ leverage, I relax 

the constraint that the style weights have to add up to a hundred percent and compare 

and contrast the findings to understand the severity of this constraint. 

Since the hedge funds can invest in a broad range of asset classes across the 

world, I use global indices covering equities, bonds, currencies and commodities as 

asset class indices in the style regression described in equation (1). To incorporate the 

exposure to global equities, I include the S&P 500 Composite index, the MSCI World 

index excluding the US (developed markets besides the US), and the MSCI Emerging 

Markets index. To assess exposure to bonds, I use the Salomon Brothers (henceforth 

SB) Government and Corporate Bond index, and the SB World Government Bond 

index. I also include Lehman High Yield Composite index to incorporate returns 

available from investing in distressed securities. To account for returns arising from 

exposure to currencies and commodities, I include the Federal Reserve Bank 

Trade-Weighted Dollar index and UK Gold price index. 

I report the results of the generalized style analysis while constraining the style 

weights to add up to a hundred percent in Table 5.1. 
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Table 5.1 Generalized Style Analysis of hedge fund strategies (Results without 
standard errors for style weights) 

This table shows the results for the following regression for January 1994 to September 1998: 

Rt_ Ek Wk Fk 
f+e, , where Rr = Return on the HFR index for a particular strategy for period t, 

K 

wk =style weights where wk =1, Fkt = return on k`h index for period t, (k=1,......., 8) and e, 
k=1 

error term. The R2 of such a regression indicates the style attributable to the eight benchmark indices, 
S&P 500 Composite index (S&P), MSCI World index excluding US (MXUS), MSCI Emerging 
Markets index (MEM), Salomon Brothers Government and Corporate bond index (SBG), Salomon 
Brothers World Government bond index (SBW), Lehman High Yield Composite index (LHY), Federal 
Reserve Bank Trade-Weighted Dollar index (FRBI) and UK Market Price index for Gold (GP). The 

eight hedge fund strategies are Event Driven, Equity Hedge, Restructuring, Capital Structure Arbitrage, 
Macro, Long, Hedge (Long Bias) and Short. This table shows the results for style weights on the eight 
indices with only the assets that cannot be shorted (MSCI Emerging Markets index, Salomon Brothers 
World Government bond index and Lehman High Yield Composite index) having weights constrained 
to lie between 0% and 100% while the others having style weights constrained to lie between -200% 
and 200%. 

Strategy S&P MXUS MEM SBG SBW LHY FRBI GP R2 
Non-Directional 
Strategies 
Event Driven 16.9 1.4 6.9 -51.0 37.6 55.9 36.9 -4.4 0.63 
Equity Hedge 30.7 -7.9 9.6 -80.8 59.6 50.7 33.3 4.9 0.50 
Restructuring 5.9 9.3 1.1 -65.3 36.0 75.6 37.4 0.1 0.64 
Capital Structure 0.4 -0.8 1.3 -41.9 49.0 53.1 39.3 -0.4 0.43 
Arbitrage 
Directional Strategies 
Macro 19.7 3.3 9.5 22.6 0.0 0.0 36.8 8.0 0.62 
Long 1.0 -8.4 54.7 -60.5 2.4 81.2 37.6 -8.1 0.83 
Hedge (Long Bias) 58.9 -12.5 17.9 -114.6 59.6 64.7 20.8 5.2 0.68 
Short -110.9 -8.5 0.0 34.2 81.0 0.0 89.7 14.5 0.43 

I find that six of the eight hedge fund strategies show non-zero style weights on 

all eight indices20. The remaining two strategies show non-zero style weights on six 

indices. As hedge funds invest in a broad range of asset classes, it is not surprising to 

observe non-zero style weights on a large number of indices. However, non-zero style 

weights on all eight indices provide a fuzzy picture of the significant style exposures 

of different hedge fund strategies. 

20 It is important to note that such an analysis can be conducted at the individual hedge fund level using 

actual returns or returns simulated from the asset class factors. However, my objective in this 

chapter is to illustrate the application of generalized style analysis methodology and provide an idea 

about the popular bets taken by hedge funds captured through the different hedge fund indices. 
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One potential problem with the conventional style analysis is that it fails to 

distinguish significant style weights from insignificant ones. I therefore employ the 

two-step procedure proposed by Lobosco and DiBartolomeo (1997) to determine the 

statistical significance of style weights. First, I calculate the standard deviations of the 

returns for each of the eight hedge fund strategies left unexplained by the eight indices. 

Second, I conduct style analysis of each of the eight indices using the remaining seven 

indices as explanatory variables. The objective here is to obtain the standard deviation 

of the residuals from style analysis of each index relative to the remaining seven 

indices. 

Lobosco and DiBartolomeo (1997) show that the standard error of the style 

weight on index i is given by 
, where o is the standard deviation of the 

c; N-k-1 

residuals from style analysis of hedge fund strategy a using the eight indices, o; is the 

standard deviation of the residuals from the style analysis of the index i relative to the 

remaining seven indices, N equals the number of observations in the time series of 

returns (e. g., 57 months for the full sample period) and k denotes the number of indices 

with non-zero style weights. 

I determine the statistical significance of the style weights (reported in Table 

5.1) by estimating their standard errors and report the same in Table 5.2. 

(Please turn over for the Table) 
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Table 5.2 Generalized Style Analysis of hedge fund strategies (Results with 
standard errors for style weights) 

This table shows the results for the following regression for January 1994 to September 1998: 

R, _ Zk Wk Fk, + e, , where R, = Return on the HFR index for a particular strategy for period t, 
K 

wk =style weights where wk =1, F, = return on k`h index for period t, (k=I......... 8) and e, _ 
k=1 

error term The R2 of such a regression indicates the style attributable to the eight benchmark indices, 
S&P 500 Composite index (S&P), MSCI World index excluding US (MXUS), MSCI Emerging 
Markets index (MEM), Salomon Brothers Government and Corporate bond index (SBG), Salomon 
Brothers World Government bond index (SBW), Lehman High Yield Composite index (LHY), Federal 
Reserve Bank Trade-Weighted Dollar index (FRBI) and UK Market Price index for Gold (GP). The 
eight hedge fund strategies are Event Driven, Equity Hedge, Restructuring, Capital Structure Arbitrage, 
Macro, Long, Hedge (Long Bias) and Short. This table shows the results in Table 5.1 with the standard 
errors for the different style weights where weights significant at 5% level are expressed in bold face. 
Figure in brackets indicates standard error. 

Strategy S&P MXUS MEM SBG SBW LHY FRBI GP R2 
Non-Directional 
Strategies 
Event Driven 16.9 1.4 6.9 -51.0 37.6 55.9 36.9 -4.4 0.63 

(8.2) (8.2) (3.7) (25.0) (16.8) (17.5) (8.0) (9.1) 
Equity Hedge 30.7 -7.9 9.6 -80.8 59.6 50.7 33.3 4.9 0.50 

(11.6) (11.7) (5.3) (35.5) (23.9) (24.8) (11.3) (12.9) 
Restructuring 5.9 9.3 1.1 -65.3 36.0 75.6 37.4 0.1 0.64 

(7.2) (7.2) (3.3) (21.9) (14.7) (15.3) (7.0) (8.0) 
Capital Structure 0.4 -0.8 1.3 -41.9 49.0 53.1 39.3 -0.4 0.43 
Arbitrage (5.8) (5.8) (2.7) (17.7) (11.9) (12.4) (5.7) (6.5) 
Directional 
Strate ides 
Macro 19.7 3.3 9.5 22.6 0.0 0.0 36.8 8.0 0.62 

(10.1) (10.2) (4.6) (30.9) (20.8) (21.6) (9.9) (11.3) 
Long 1.0 -8.4 54.7 -60.5 2.4 81.2 37.6 -8.1 0.83 

(13.0) (13.1) (6.0) (39.8) (26.8) (27.9) (12.7) (14.5) 
Hedge (Long Bias) 58.9 -12.5 17.9 -114.6 59.6 64.7 20.8 5.2 0.68 

(14.2) (14.2) (6.5) (43.3) (29.2) (30.3) (13.8) (15.8) 
Short -110.9 -8.5 0.0 34.2 81.0 0.0 89.7 14.5 0.43 

(28.1) (28.2) (12.9) (85.9) (57.8) (60.1) (27.4) (31.3) 

As can be seen, although some of the style weights are non-zero, they are not 

significantly different from zero at the 5% level. For example, the Long strategy 

shows a style weight of -61% on Salomon Brothers Government and Corporate bond 

index that seems large and may lead one to conclude that these strategies involve 

taking large short positions in US government and corporate bonds. However, when 

compared with the standard error, I find that this weight is not statistically different 

from zero. To overcome this kind of problem, I drop those indices that exhibit style 
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weights that are insignificant at 5% level and repeat the two-step procedure until all 

such indices with insignificant style weights are eliminated. 

I report the final results from this iterative procedure in Table 5.3. 

Table 5.3 Generalized Style Analysis of hedge fund strategies (Results for 
statistically significant style weights) 

This table shows the results for the following regression for January 1994 to September 1998: 

Rr - 
j: 

k j 
Wk F'kr + e, , where R, = Return on the HFR index for a particular strategy for period t, 

K 

wk =style weights where 
L wk = 1, Fkr = return on k`k index for period t, (k=1......... 8) and e1 _ 
k=t 

error term. The R2 of such a regression indicates the style attributable to the eight benchmark indices, 
S&P 500 Composite index (S&P), MSCI World index excluding US (MXUS), MSCI Emerging 
Markets index (MEM), Salomon Brothers Government and Corporate bond index (SBG), Salomon 
Brothers World Government bond index (SBW), Lehman High Yield Composite index (LHY), Federal 
Reserve Bank Trade-Weighted Dollar index (FRBI) and UK Market Price index for Gold (GP). The 

eight hedge fund strategies are Event Driven, Equity Hedge, Restructuring, Capital Structure Arbitrage, 
Macro, Long, Hedge (Long Bias) and Short. This table shows the results for statistically significant 
style weights at 5% level after eliminating the non-significant ones through the iterative procedure. 
Active standard deviation (ASD) is the standard deviation of the monthly returns of the fund 

unexplained by the various benchmark indices. Figure in brackets indicates standard error. 

Strategy S&P MXUS MEM SBG SBW LHY FRBI GP ASD R 
Non-Directional 
Strategies 
Event Driven 23.4 -66.2 38.7 66.5 37.6 1.26 0.60 

(6.8) (21.8) (14.8) (16.0) (7.7) 
Equity Hedge 32.9 -86.2 58.9 57.9 36.5 1.78 0.47 

(9.6) (30.8) (21.0) (22.7) (10.9) 
Restructuring -74.9 37.4 100.0 37.5 1.13 0.59 

(19.1) (12.4) (11.0) (6.8) 
Capital Structure -42.4 47.9 55.4 39.2 0.86 0.43 
Arbitrage (14.5) (9.5) (8.4) (5.2) 
Directional 
Strategies 
Macro 18.6 81.4 1.94 0.40 

(4.0) (4.0) 
Long 60.8 39.2 2.14 0.80 

(4.4) (4.4) 
Hedge 43.3 20.7 36.0 2.26 0.63 
(Long Bias) (12.9) (5.6) (11.9) 
Short -73.0 173.0 5.60 0.01 

(21.4) (21.4) 

In contrast to the results of Table 5.1,1 find that the non-directional strategies 

show significant style weights on US equity, all three bond indices, and currency 

index while the directional strategies show significant style weights on equities across 

60 



the world, high yield bonds and currency index 21. In particular, all the four 

non-directional strategies show negative style weight on US Government bond index 

but positive weight on World Government and Corporate bond index, high yield index 

and currency index. This suggests that strategies like Event Driven and Restructuring 

borrow in the domestic market (possibly via the repo market) and invest in financially 

distressed firms internationally thereby acquiring currency exposure. Similarly, Event 

Driven and Equity Hedge strategies show significant positive exposure to the S&P 

500 index in addition to their exposure to domestic and international bonds and 

currencies. Equity Hedge strategy involves taking long positions in the undervalued 

securities and short positions in the overvalued securities. These funds are closest in 

investment style to the original hedge fund started by Alfred Winslow Jones in 1949 

(Caldwell, 1995). Hence, a positive exposure to the S&P 500 is not surprising as they 

may not be perfectly market-neutral and may have a net long exposure to equities. 
Similarly, Event Driven managers take position in the undervalued securities that are 

expected to rise due to various events like mergers, reorganizations and takeovers. 

These securities carry some net market exposure that gets captured by the positive 

style weight on the S&P 500 index. 

In contrast, the four directional strategies show much more variability in terms 

of their style exposures to various asset classes like equities, bonds and currencies. 

With the sole exception of Hedge (Long Bias), the remaining three directional 

strategies show significant positive style weight on the currency index. This indicates 

that these managers operate in international markets in addition to their exposure to 

the domestic US equities. This notion is confirmed by the significant positive style 

weight on the MSCI World Excluding the US index in case of Macro strategy and on 

the MSCI Emerging Markets index in case of Long and Hedge (Long Bias) strategies. 

Long strategy shows significant exposure to currency index and emerging market 

equity index. This is consistent with their stated objective of investing in emerging 

markets, which typically have restrictions on short selling. The fact that short selling is 

21 The generalized style analysis procedure can be applied on a rolling basis to compute the statistically 

significant weights over the sample period. This can provide useful information about the stability 

of the style weights over time. In Chapter 8, I employ a similar methodology using option-based 
factors to characterize hedge fund risks. 
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not allowed in emerging markets is confirmed by Short strategy having no significant 

exposure to the emerging market equities. Thus, overall I find that the risk exposures 

of the different hedge fund strategies are broadly consistent with their investment 

objectives. 

In order to determine the effect of imposing the constraint of the weights 

adding up to a hundred percent, I repeat the procedure after removing the 

corresponding constraint. I report the corresponding results in Tables 5.4,5.5 and 5.6. 

Table 5.4 Style Analysis of hedge fund strategies (Results without standard 
errors for style weights - Unconstrained Analysis) 

This table shows the results for the following regression for January 1994 to September 1998: 

R, = 
2]K 

j 
wkFk, + et , where R, = Return on the HFR index for a particular strategy for period t, 

wk =style weights, Ft= return on k`ý index for period t, (k=1,......., 8) and e, = error term. This 

regression attempts to minimize the variance of the error term without the constraint of all the style 
weights adding up to one (or a hundred percent). The R2 of such a regression indicates the style 
attributable to the eight benchmark indices, S&P 500 Composite index (S&P), MSCI World index 
excluding US (MXUS), MSCI Emerging Markets index (MEM), Salomon Brothers Government and 
Corporate bond index (SBG), Salomon Brothers World Government bond index (SBW), Lehman High 
Yield Composite index (LHY), Federal Reserve Bank Trade-Weighted Dollar index (FRBI) and UK 
Market Price index for Gold (GP). The eight hedge fund strategies are Event Driven, Equity Hedge, 
Restructuring, Capital Structure Arbitrage, Macro, Long, Hedge (Long Bias) and Short. This table 
shows the results for style weights on the eight indices with only the assets that cannot be shorted 
(MSCI Emerging Markets index, Salomon Brothers World Government bond index and Lehman High 
Yield Composite index) having weights constrained to lie between 0% and 100% while the others 
having style weights constrained to lie between -200% and 200%. 

Strategy S&P MXUS MEM SBG SBW LHY FREI GP R` 
Non-Directional 
Strategies 
Event Driven 22.6 -0.8 7.5 -35.7 0.0 45.0 5.6 -9.0 0.67 
Equity Hedge 30.7 -5.6 10.4 -46.8 12.2 38.4 -1.6 1.9 0.56 
Restructuring 13.7 5.5 2.0 -54.6 0.0 61.7 4.5 -5.9 0.73 
Capital Structure 4.0 -1.7 1.6 -22.9 12.1 45.2 10.9 -3.5 0.50 
Arbitrage 
Directional Strategies 
Macro 11.7 11.2 8.4 34.6 20.5 0.0 64.0 16.0 0.65 
Long 12.2 -15.7 54.3 -79.4 0.0 80.6 28.0 -10.0 0.84 
Hedge (Long Bias) 61.6 -13.2 18.2 -100.4 32.5 58.7 -0.1 3.0 0.68 
Short -105.0 -12.7 0.0 67.0 0.0 0.0 26.0 8.4 0.44 

(Please turn over for the Table) 
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Table 5.5 Style Analysis of hedge fund strategies (Results with standard errors 
for style weights - Unconstrained Analysis) 

This table shows the results for the following regression for January 1994 to September 1998: 

R, = 
EK 

i 
wk Fk, + e, , where R, = Return on the HFR index for a particular strategy for period t, 

wk =style weights, Fkt = return on k'h index for period t, (k=1........, 8) and e1 = error term. This 

regression attempts to minimize the variance of the error term without the constraint of all the style 
weights adding up to one (or a hundred percent). The R2 of such a regression indicates the style 
attributable to the eight benchmark indices, S&P 500 Composite index (S&P), MSCI World index 

excluding US (MXUS), MSCI Emerging Markets index (MEM), Salomon Brothers Government and 
Corporate bond index (SBG), Salomon Brothers World Government bond index (SBW), Lehman High 
Yield Composite index (LHY), Federal Reserve Bank Trade-Weighted Dollar index (FRBI) and UK 
Market Price index for Gold (GP). The eight hedge fund strategies are Event Driven, Equity Hedge, 
Restructuring, Capital Structure Arbitrage, Macro, Long, Hedge (Long Bias) and Short. This table 
shows the results in Table 5.4 with the standard errors for the different style weights where weights 
significant at 5% level are expressed in bold face. Figure in brackets indicates standard error. 

Strategy S&P MXUS MEM SBG SBW LHY FRBI GP R 
Non-Directional 
Strategies 
Event Driven 22.6 -0.8 7.5 -35.7 0.0 45.0 5.6 -9.0 0.67 

(7.6) (7.7) (3.5) (23.3) (15.7) (16.3) (7.4) (8.5) 
Equity Hedge 30.7 -5.6 10.4 -46.8 12.2 38.4 -1.6 1.9 0.56 

(10.5) (10.5) (4.8) (32.0) (21.5) (22.4) (10.2) (11.7) 
Restructuring 13.7 5.5 2.0 -54.6 0.0 61.7 4.5 -5.9 0.73 

(6.1) (6.2) (2.8) (18.8) (12.6) (13.1) (6.0) (6.9) 
Capital Structure 4.0 -1.7 1.6 -22.9 12.1 45.2 10.9 -3.5 0.50 
Arbitrage (5.5) (5.5) (2.5) (16.7) (11.2) (11.7) (5.3) (6.1) 
Directional 
Strategies 
Macro 11.7 11.2 8.4 34.6 20.5 0.0 64.0 16.0 0.65 

(9.8) (9.9) (4.5) (30.0) (20.2) (21.0) (9.6) (10.9) 
Long 12.2 -15.7 54.3 -79.4 0.0 80.6 28.0 -10.0 0.84 

(12.5) (12.5) (5.7) (38.2) (25.7) (26.7) (12.2) (13.9) 
Hedge (Long Bias) 61.6 -13.2 18.2 -100.4 32.5 58.7 -0.1 3.0 0.68 

(14.2) (14.2) (6.5) (43.3) (29.2) (30.3) (13.8) (15.8) 
Short -105.0 -12.7 0.0 67.0 0.0 0.0 26.0 8.4 0.44 

(27.4) (27.6) (12.6) (83.8) (56.4) (58.7) (26.8) (30.6) 

(Please turn over for the Table) 
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Table 5.6 Style Analysis of hedge fund strategies (Results for statistically 
significant style weights - Unconstrained Analysis) 

This table shows the results for the following regression for January 1994 to September 1998: 
R1 = wk Fa + e, , where Rr = Return on the HFR index for a particular strategy for period t, 

wk =style weights, Fkf = return on k`h index for period t, (k=l......... 8) and et = error term. This 

regression attempts to minimize the variance of the error term without the constraint of all the style 
weights adding up to one (or a hundred percent). The R2 of such a regression indicates the style 
attributable to the eight benchmark indices, S&P 500 Composite index (S&P), MSCI World index 
excluding US (MXUS), MSCI Emerging Markets index (MEM), Salomon Brothers Government and 
Corporate bond index (SBG), Salomon Brothers World Government bond index (SBW), Lehman High 
Yield Composite index (LHY), Federal Reserve Bank Trade-Weighted Dollar index (FRBI) and UK 
Market Price index for Gold (GP). The eight hedge fund strategies are Event Driven, Equity Hedge, 
Restructuring, Capital Structure Arbitrage, Macro, Long, Hedge (Long Bias) and Short. This table 
shows the results for statistically significant style weights at 5% level after eliminating the 
non-significant ones through the iterative procedure. Active standard deviation (ASD) is the standard 
deviation of the monthly returns of the fund unexplained by the various benchmark indices. Figure in 
brackets indicates standard error. 

Strategy S&P MXUS MEM SBG SBW LHY FRBI GP ASD R 
Non-Directional 
Strategies 
Event Driven 20.1 9.6 30.7 1.24 0.62 

(7.1) (3.1) (6.5) 
Equity Hedge 29.7 12.8 1.62 0.52 

(4.0) (4.0) 
Restructuring 19.6 -65.5 68.8 0.94 0.71 

(5.0) (8.4) (10.8) 
Capital Structure 47.6 0.85 0.44 
Arbitrage (4.5) 
Directional 
Strategies 
Macro 60.9 2.13 0.27 

(6.3) 
Long 51.2 -70.7 78.8 37.5 1.92 0.84 

(4.5) (18.4) (22.0) (11.7) 
Hedge 62.9 18.9 -49.3 2.21 0.65 
(Long Bias) (11.5) (5.5) (9.3) 
Short -99.5 4.36 0.40 

(4.7) 

I find many interesting differences when I compare these results in Tables 5.4 

to 5.6 with those reported earlier in Tables 5.1 to 5.3. First, the percentage increase in 

R2 ranges between 1% for Long Strategy to 16% for Capital Structure Arbitrage 

Strategy. This implies that constraining the style weights to add up to a hundred 

percent affect directional strategies very differently compared to the non-directional 

strategies. The non-directional strategies get hurt the most while the directional 

strategies get hurt the least. This is intuitive as it is the non-directional strategies that 
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carry the collateral against their short positions in the form of cash. I provide an 
illustration of a typical balance sheet of an ungeared and a 100% geared Equity Hedge 

fund taking long and short positions in correlated equities in Table 5.7. 

Table 5.7 Illustration of a typical balance sheet of an ungeared and 100% geared 
Equity Hedge Fund 

A. Typical Balance Sheet of an ungeared Equity Hedge fund taking long and short positions 
in different equities 

Assets Liabilities 
Long position 90 Short position 90 
Cash 10 Equity 100 
Collateral 90 
Total 190 Total 190 

B. Typical Balance Sheet of a 100% geared Equity Hedge fund taking long and short 

positions in different equities 

Assets Liabilities 
Long position 180 Short position 180 
Cash 20 Debt 100 
Collateral 180 Equity 100 
Total 380 Total 380 

Note: For £100 of investor money, £90 is applied towards a long position and £10 is held as cash to 
cover margin calls. The market exposure of long is offset by approximately equal short exposure with 
the collateral held in money market instruments. 

Second, the number of significant asset classes falls down in all the hedge fund 

strategies except Long. This again confirms the notion that imposing the constraint of 

weights adding up to one may be too restrictive and may, at times, result in some 

exposures that do not exist in reality. Finally, I note an increase in the RZ due to the 

removal of the constraint. However, this does not always carry through when one 

eliminates the non-significant style weights. All but the Capital Structure Arbitrage 

and Macro strategies experience a rise in the R2 values. This is because in case of these 

two strategies, a large number of non-significant asset classes get eliminated during 

the iterative procedure and therefore these two strategies experience a fall in W. 

It is important to note that compared to the style analysis of mutual funds, the 

RZ from the generalized style regression are somewhat lower. The low R2 obtained in 

style analysis of hedge funds has been documented in the Fung and Hsieh (1997a) 
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study as well. This is tobe expected given the wide range of asset classes available to 

the fund managers to invest in, and the dynamic nature of the trading strategies they 

typically engage in. Nevertheless, manager style explains from 44% to 84% of the 

total variance of returns, the rest being attributable to manager's judgment. This 

clearly highlights the importance of manager's judgment and explains why investors 

think of "manager-risk" before investing in hedge funds. 

One may argue that the non-directional funds are close to "market-neutral" and 

therefore should have near-zero style weights on various asset classes. For example, a 

market-neutral long-short portfolio of US equities is expected to have zero (or 

near-zero) beta vis-ä-vis the S&P 500 Index (or a proxy of US equity market). 

Obviously, this cannot be captured in a regression framework, as constraining the 

style weight on the S&P 500 Index is equivalent to exclusion of that index from the 

regression. Nevertheless, as a matter of curiosity, I constrain the style weights of the 

non-directional strategies to sum to zero and report the results in Table 5.8. 

(Please turn over for the Table) 
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Table 5.8 Generalized Style Analysis of Non-Directional hedge fund strategies 

This table shows the results for the following regression for January 1994 to September 1998: 

R, = I: 
k , Wk Fk, + e, , where R, = Return on the HFR index for a particular strategy for period t, 

K 

wk =style weights where wk = 0, Fkt = return on k`h index for period t, (k=1........, 8) and e, = 
k=1 

error term. This regression attempts to minimize the variance of the error term with the constraint of all 
the style weights adding up to zero. The R2 of such a regression indicates the style attributable to the 
eight benchmark indices, S&P 500 Composite index (S&P), MSCI World index excluding US 
(MXUS), MSCI Emerging Markets index (MEM), Salomon Brothers Government and Corporate bond 
index (SBG), Salomon Brothers World Government bond index (SBW), Lehman High Yield 
Composite index (LHY), Federal Reserve Bank Trade-Weighted Dollar index (FRBI) and UK Market 
Price index for Gold (GP). The four non-directional hedge fund strategies are Event Driven, Equity 
Hedge, Restructuring and Capital Structure Arbitrage. The assets that cannot be shorted (MSCI 
Emerging Markets index, Salomon Brothers World Government bond index and Lehman High Yield 
Composite index) have weights constrained to lie between 0% and 100% while the others have style 
weights constrained to lie between -200% and 200%. The table below shows the results for statistically 
significant style weights at 5% level after eliminating the non-significant ones through the iterative 
procedure. Active standard deviation (ASD) is the standard deviation of the monthly returns of the fund 
unexplained by the various benchmark indices. Figure in brackets indicates standard error. 

Non-Directional 
Strategy 

S&P MXUS MEM SBG SBW LHY FRBI GP ASD R 

Event Driven 45.4 -45.4 1.34 0.55 
(5.6) (5.6) 

Equity Hedge -13.4 13.4 2.21 0.10 
(5.5) (5.5) 

Restructuring 23.3 -79.7 56.4 0.97 0.69 
(5.1) (8.7) (11.1) 

Capital 1.14 0.00 
Structure 
Arbitrage 

I find that the R2 values decrease universally. This fall is especially severe in 

case of Capital Structure Arbitrage Strategy and the Equity Hedge Strategy. 

Moreover, the style weights become difficult to interpret. For example, the style 

weights of Equity Hedge Strategy now show a short position in US equities and an 

equal and opposite long position in Emerging Market equities, a risk exposure very 

different from that obtained in Table 5.6 for the same strategy. Therefore, I believe 

that the extent of market-neutral nature of the non-directional strategies should be 

assessed via the unconstrained style regression (as reported in Table 5.6). In such a 

case, the number of statistically insignificant style weights indicates the number of 

asset classes that particular hedge fund strategy is "neutral" to. 
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5.3 Conclusion 

In this chapter, I infer the risk exposures of different hedge fund strategies and 

assess their significance through confidence intervals using the generalized style 

analysis that allows for negative style weights and does not constrain the weights to 

add up to a hundred percent. I find that no two strategies show exposure to identical set 

of asset classes suggesting that although two strategies may appear similar, there are 

important differences and these may provide diversification benefits in a Fund of 

Funds situation. Moreover, none of the strategies exhibit significant style exposure 

towards MSCI World excluding US Index, SB World Government Bond Index and 

the UK Gold Price Index. 

Overall, I find that the risk exposures are broadly consistent with the 

investment objectives of the different hedge fund strategies. For example, among the 

directional strategies, Macro exhibits substantial positive currency exposure while 

Short exhibits significant negative US equity exposure. In contrast, among the 

non-directional strategies, Event Driven shows significant positive exposures to US 

equities, Emerging Market equities and High Yield bonds. Finally, I find that 

constraining the style weights to add up to a hundred percent for all strategies, or a 

zero percent for non-directional strategies worsens our understanding of the true risk 

exposures of different hedge fund strategies. 

The following chapter analyzes the issue of persistence in the performance of 

hedge funds using a multi-period model to examine the existence of persistence and its 

sensitivity to horizon of returns, computation of incentive fees and the nature of 

strategy followed by hedge funds. 
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6 ANALYSIS OF PERSISTENCE IN THE PERFORMANCE OF HEDGE 

FUNDS 

6.1 Introduction 

As seen in Chapter 4, the inclusion of hedge funds in a portfolio can potentially 

result in better risk-return tradeoffs due to the low correlation between hedge fund 

returns and the returns on the traditional asset classes like equities, bonds, currencies, 

etc. However, question arises as to whether hedge funds are able to add value 

consistently? This is an important issue in the context of hedge funds because unlike 

the traditional mutual funds, investment in hedge funds involves a significant lockup 

period. This implies that the investors need to have sufficient information about the 

performance of hedge funds over a long period before committing their money to 

hedge funds22. Moreover, as hedge funds exhibit a higher attrition rate compared to 

mutual funds (see Brown et al (1999) and Liang (2000)), the issue of performance 

persistence becomes especially important in the case of hedge funds. 

This chapter contributes to our understanding of persistence among hedge 

funds in two important ways. First, it examines whether the nature of persistence in the 

performance of hedge funds is of short-term or long-term in nature. Our understanding 

of the nature of persistence among hedge funds is largely due to Brown et al (1999) 

who employ annual returns of offshore hedge funds. They find virtually no persistence 

in their sample. In contrast, this chapter employs a different database covering 

offshore as well as onshore hedge funds, and examines persistence using high 

frequency data over longer time period. It is possible that hedge fund managers exhibit 

differential degree of persistence at different return horizons, an issue investigated to 

22 As hedge funds are refrained from advertising about their own performance, the investors have to 

generate their own information and conclusions about whether the funds that have done well in the 

past will continue to do so in the future. 
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some extent in mutual funds literature23. Therefore, I examine both short-term and 

long-term persistence in the performance of hedge funds by investigating their pre-fee 

and post-fee returns over quarterly, half-yearly and yearly intervals24. 

Second, unlike the existing literature, which restricts attention to performance 

over two consecutive periods, I also study persistence by examining the series of wins 

and losses for two, three and more consecutive time periods. This allows a direct 

examination of extent of multi-period persistence, which is essential before locking up 

investment over significantly long periods of time. Under the null hypothesis of no 

manager skill (which implies no persistence), the probability of winning and losing in 

each period equals a half and is independent of the return horizon. I test this null 

hypothesis for different hedge funds individually and collectively over two, three and 

more consecutive periods. Since the likelihood of observing a series of wins or losses 

due to chance is much less than observing two consecutive wins or losses in a 

two-period framework, the multi-period framework is able to discriminate better 

between persistence due to chance and persistence due to manager skill. I compare and 

contrast the findings from the multi-period analysis with those obtained from the 

traditional two-period analysis on a pre-fee and post-fee basis. 

I conduct this investigation using data provided by HFR which covers returns 

earned by hedge funds from January 1982 to December 1998 period. HFR data set 

provides information about hedge funds both living and dead, and is known to have 

lower attrition rate compared to other databases such as TASS (see Liang (2000)). 

The lower attrition rate in HFR suggests that it includes relatively fewer funds that fail 

as compared to other databases. This potentially exacerbates survivorship bias related 

problem in studies that employ HFR database. I try to mitigate the problem of spurious 

inferences caused by survivorship related issues a la Brown et al (1992,1999) by 

including data on both, the living as well as the dead hedge funds. They show that 

23 For performance persistence studies in the mutual fund literature, see Brown and Goetzmann (1995), 

Carhart (1997), Elton, Gruber and Blake (1996), Goetzmann and Ibbotson (1994), Grinblatt and 

Titman (1989a, 1992), Gruber (1996), Hendricks et al (1993) and Malkiel (1995). 

24 Given the limited history of hedge fund returns, it is not possible to examine 3-5 yearly performance 

as done in the case of mutual funds. 
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survival induced persistence "anomalies" are mitigated, at least in part, by the use of 

appraisal ratio. I therefore examine persistence using alphas as well as appraisal ratios. 

Using net-of-fee returns, I find that the extent of persistence is highest at the 

quarterly horizon and decreases as we move to yearly horizon. This continues to 

remain true with pre-fee returns as well suggesting that my finding of intra-year 

persistence is not driven by the imputation of performance fee. It is important to note 

that even if there exists some persistence at the quarterly level, it would be difficult for 

investors to take advantage of it due to significantly long lockup periods. It is also 

important to bear in mind the fact that most hedge funds only put out audited returns 

on an annual basis - so some of the apparent intra-year persistence may be caused by 

stale valuations. In any case, persistence at the quarterly but not at the annual horizon 

among the hedge funds stands in sharp contrast to the results in Hendricks et al (1993) 

who find that in mutual funds, persistence is highest at the two-year horizon. I observe 

that the level of persistence in the multi-period framework is considerably smaller 

than that in the two-period framework25. Finally, I find that persistence, whenever 

present, is unrelated to the type of strategy (directional or non-directional) followed by 

the fund. 

Rest of the chapter is organized as follows. Section 2 of this chapter provides 

the sample description. Section 3 describes how pre-fee returns are computed and 

examines the persistence on a pre-fee and post-fee basis in the traditional two-period 

framework using both parametric and non-parametric techniques. Section 4 tests for 

multi-period persistence by comparing the observed frequency distribution of wins 

and losses against a theoretical distribution under the null hypothesis of no 

persistence. Section 5 provides concluding remarks. 

6.2 Sample Description 

25 Lower persistence using multi-period framework suggests that it is difficult for hedge funds to 

consistently provide superior performance over a long period of time. This can be partly attributed 

to the inability in deploying larger capital in financial markets with limited profitable trading 

opportunities. 
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Table 6.1 provides the description of the sample in terms of the number of 
funds in each of the strategies, the time period spanned by each strategy, the number of 

dead funds during the sample period, average and median number of funds per period 
for each hedge fund strategy. Since the incentive fee is typically worked out based on 

calendar year return, I select January to December period for computing annual 

returns, January-June and July-December for computing semi-annual returns, and 

January-March, April-June, etc. for computing quarterly returns. For my investigation 

using quarterly, half-yearly and yearly data, I use returns of 746,716 and 586 hedge 

funds respectively spanning the period of January 1982 to December 1998. In general, 

as I increase the investment horizon, the number of funds within a particular strategy 

decreases. This is primarily because the funds need to have returns for at least two 

periods before they can be included in the sample. 

I select the first complete period (quarter, half-year or year) after the birth of a 

fund for the purpose of my investigation. In case of death of a fund, I include returns 

till the end of the fund. I have 27 (15 and 13) dead funds out of a total of 746 (716 and 

586) funds using quarterly (half-yearly and yearly) returns. The attrition rate, defined 

as the percentage of dead funds in the total number of funds, is 3.62%, 2.10% and 

2.22% using quarterly, half-yearly and yearly returns, which is consistent with an 

average annual attrition rate of 2.17% in HFR database reported by Liang (1999) 

during 1993-97. This attrition rate is much lower than the annual attrition rate of about 

14% for offshore hedge funds during 1989-95 reported by Brown, Goetzmann and 

Ibbotson (1999) and 8.3% in TASS database during 1994-98 as reported by Liang 

(1999). 

Having described the sample period and characteristics, I now proceed with 

the examination of persistence in the traditional two-period framework using 

parametric and non-parametric tests. 

(Please turn over for the Table) 
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6.3 Parametric and Non-Parametric Tests of Persistence 

It is well known that different hedge fund strategies involve significantly 

different risk-return tradeoffs. Therefore, it may not be prudent to compare the 

performance of a hedge fund manager following a given strategy with another 

manager following a different strategy. We know from Brown et al. (1999) that the 

existence of `style factor' can lead to reversals in the persistence phenomenon because 

of the differences in the levels of systematic risk across managers. This is especially 

relevant in the case of hedge funds, which are exposed to significantly different levels 

of risk depending on whether they follow directional or non-directional strategies 26.1, 

therefore, examine the issue of performance persistence within individual hedge fund 

strategies. Specifically, I compare the return of a hedge fund following a particular 

strategy with the average return earned by all the hedge funds pursuing that strategy. 

I follow Brown et al (1995,1999) and compare the performance measures in 

the current period on the performance measures in the previous period. I employ two 

performance measures: the alpha and the appraisal ratio. I define alpha as the return of 

a hedge fund using a particular strategy minus the average return for all hedge funds 

following the same strategy. It is well known that different hedge funds employ 

different degrees of leverage to scale up their alphas27. However, this also scales up 

the volatility of their returns -a fact that may not be captured by just looking at the 

alphas. Therefore, I also use a second measure called the appraisal ratio. This is 

defined as the alpha divided by the residual standard deviation resulting from a 

regression of the hedge fund return on the average return of all the hedge funds 

following that strategy. The appraisal ratio accounts for the differences in the 

volatility of returns and is leverage-invariant. Therefore, I also use the appraisal ratios 

to investigate the extent of persistence in the performance. As appraisal ratio does not 

capture the diversification effect of a fund with respect to an average fund within the 

26 See Brown and Goetzmann (1995) for the importance of relative risk adjustment. They find that the 

relative risk-adjusted performance of mutual funds persists from year to year but the absolute 

performance measured by alphas does not. 
27 Park and Stauur (1998) have shown this effect analytically. 
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same category28, I test the robustness of my results by using Treynor ratio, defined as 

the excess return divided by the beta resulting from a regression of the hedge fund 

return on the average return of all the hedge funds following that strategy. It should be 

noted that Treynor ratio would, thus, be more appropriate for adjusting for the 

differences in the systematic risks across funds. 

To investigate the issue of persistence in two-period framework, I use 

regression-based (parametric) and contingency-table-based (non-parametric) 

methods. I conduct all the tests at quarterly, half-yearly and yearly intervals using 

alphas as well as appraisal ratios. For the regression-based parametric method, I 

regress the alphas (appraisal ratios) during current period on the alphas (appraisal 

ratios) during the previous period. A positive significant slope coefficient on past 

alpha (appraisal ratio) suggests that a hedge fund that did well in a given period did 

well in the subsequent period and vice-versa. 

For the non-parametric method, I construct a contingency table of winners and 

losers where a fund is a winner if the alpha of that fund is greater than the median 

alpha of all the funds following the same strategy in that period otherwise it is a loser. 

Persistence in this context relates to the funds that are winners in two consecutive 

periods (quarterly, half-yearly or yearly as the case may be) denoted by WW, or losers 

in two consecutive periods, denoted by LL. Similarly, winners in first period and 

losers in the second period are denoted by WL and LW denotes the reverse. In this 

framework, I use both cross-product ratio (CPR) and Chi-square statistic to detect 

persistence. CPR defined as 
(WWxLL) 

, captures the ratio of the funds that show (WLxLW) 

persistence in performance to the ones that do not. The null hypothesis in this setting 

represents lack of persistence for which the CPR equals one. In other words, when 

there is no persistence, one would expect each of the four categories denoted by WW, 

WL, LW and LL to have 25% of the total number of funds. I determine the statistical 

significance of the CPR by using the standard error of the natural logarithm of the CPR 

given by (see Christensen (1990)) 

28 As an extreme example, a fund of funds with returns equal to average returns of all the funds in a 

category would show infinite appraisal ratio but finite Treynor ratio. 
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1111 
07In(CPR)= 

, 
+WL+LW+LL 

I also conduct a Chi-square test comparing the observed frequency distribution 

of WW, WL, LW and LL for each hedge fund with the expected frequency 

distribution. In a recent paper, Carpenter and Lynch (1999) study the specification and 

power of various persistence tests. They find that the Chi-square test based on the 

number of winners and losers is well specified, powerful and more robust to the 

presence of survivorship bias compared to other test methodologies. In my study, I 

aggregate combinations of winners and losers (WW, WL, LW and LL) across ten 

different hedge fund strategies. I compute the Chi-square statistic as 

(WW-Dl)' 
+(WL-D2)2 +(LW-D3)2 +(LL-D4)2 (1ý 

D1 D2 D3 D4 

where, 

D1=(WW+WL)x(WW+LW) 
N 

D2 = 
(WW +WL) x (WL +LL) 

N 

D3 = 
(LW +LL)x(WW +LW) 

N 

D4= 
(LW+LL)x(WL+LL) 

N 

I test this statistic at 5% level corresponding to the critical value of Chi-square 

statistic of 3.84 corresponding to the Chi-square distribution with {(2-1)*(2-1)} or one 

degree of freedom. 

Since fees are imputed, but not paid intra-year, such imputation can potentially 
influence persistence measure at the quarterly and half-yearly horizons29. I therefore 

conduct persistence tests on a pre-fee basis as well. Towards that end, I estimate the 

performance fee paid to each fund at the end of each year based on the fee schedule, 

29 1 thank Stephen Brown and William Goetzmann for bringing this to my attention. 
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hurdle rate and high watermark provision30. I add back a twelfth of this each month for 

the past year to arrive at the pre-fee returns. I repeat all my tests with pre-fee returns 

and contrast the findings with those observed using post-fee returns reported in the 

HFR database. 

I conduct the parametric and non-parametric tests for each hedge fund strategy 

separately. For the overall persistence results, I aggregate the information on all hedge 

funds in each time period. For the sake of brevity, I report in Table 6.2, the percentage 

of cases where statistically significant persistence is observed in each hedge fund 

strategy on pre-fee basis and on post-fee basis31. These results are based on both 

alphas (see Panel A) and appraisal ratios (see Panel B) computed using quarterly, 

half-yearly and yearly returns. For robustness, I report in Table 6.3, the percentage of 

cases where we observe statistically significant persistence on a post-fee basis based 

on appraisal and Treynor ratios using quarterly returns. 

I find that, in general, the regression-based parametric tests indicate a greater 

extent of persistence compared to the non-parametric (CPR and Chi-square) tests. 

Interestingly, the Chi-square test which Carpenter and Lynch (1999) find to be well 

specified, powerful and more robust indicates higher extent of persistence as 

compared to that observed with tests based on CPR. I also find that the extent of 

persistence is sensitive to the return measurement interval. In particular, persistence 

decreases as the return measurement interval increases. Finally, the extent of 

persistence does not seem to be related to whether the fund took directional bets or 

followed an arbitrage based strategy. 

Brown et al (1999) examine persistence among offshore hedge funds using 

annual returns. They consider the possibility that performance persists on a pre-fee 

basis and that managers can extract their full value-added through fees. To test this 

proposition, they compare persistence on a pre-fee basis with that on a post-fee basis 

30 Out of a maximum of 746 funds I use for this study, 616 have a high watermark provision and 119 
have a hurdle rate. Hurdle rate is typically the T-Bill or the Eurodollar rate. I also adjust for the 

management fee that ranges from I% to 2%. 

31 A Z-statistic of 1.96 corresponds to significance at 5% level. 
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and find similar results. My results on an annual basis using both onshore and 

offshore funds over a longer time period confirm this finding. Interestingly, I find that 

extent of persistence at quarterly and half-yearly level is higher on a pre-fee basis 

compared to that observed on a post-fee basis that is consistent with the possibility 

suggested by Brown et al (1999) mentioned above. However, since I continue to 

observe a comparable level of persistence on a pre-fee and post-fee basis at quarterly 

and half-yearly intervals, it suggests that the intra-year persistence observed on a 

post-fee basis is not driven by the way the performance fee is imputed. 

I find that the persistence results using Treynor ratios are broadly similar to 

those obtained using appraisal ratios. For example, overall, we observe 51,33 and 

42% significant cases with appraisal ratios compared to 52,34 and 39% significant 

cases with Treynor ratios. However, there are some significant differences within 
different strategies. For example, Capital Structure Arbitrage strategy shows 32,10 

and 17% significant cases with appraisal ratios compared to 49,15 and 20% 

significant cases with Treynor ratios. This suggests that the degree of diversification 

followed by funds may be different across different strategies. 

(Please turn over for the Table) 
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Table 6.2 Two period Performance Persistence of Hedge Fund Strategies on 
pre fee and post fee basis for different return measurement intervals 

This table shows the summary of percentage of cases exhibiting statistically significant persistence in 
performance of the 10 different hedge fund strategies from Jan 1982 to Dec 1998. I employ both the 
parametric and non-parametric methods using Alpha and Appraisal Ratio. The results show the 
persistence at quarterly, half-yearly and yearly intervals on both pre-fee and post-fee basis. Alpha is 
defined as the return of the fund manager using a particular strategy minus the average return on all the 
funds using the same strategy in that period. Appraisal Ratio is defined as alpha divided by the standard 
errors of the residuals from the regression of the fund return on the average return of all the funds 
following that strategy in that period. For contingency table, Winners and Losers are determined by 
comparing the alphas and appraisal ratios of individual fund managers to those of the median manager 
within each strategy in each period. WW and LL denote winners and losers in two consecutive periods, 
LW denotes losers in the first period & winners in the second period & WL denotes the reverse. The 
Cross-Product Ratio (CPR) and Chi-square statistic computed as per Section 6.3. All figures are in 
percentage where the figures in brackets refer to the results on a pre-fee basis. 

Hedge Quarterly returns Half-Yearly returns Yearly returns 
Fund strategy Parametric Non- Parametric Non- Parametric Non- 

Parametric Parametric Parametric 
CPR Chi-sq. CPR Chi-sq. CPR Chi-sq. 

Panel A: Based on Alphas 

Fixed Income 17 (17) 4 (4) 17 (17) 18 (18) 0 (0) 0 (0) 20 (20) 0 (20) 20 (20) 
Arbitrage 
Event Driven 14 (14) 8 (6) 16 (14) 16 (19) 6 (10) 10 (10) 13 (20) 20(7) 20 (13) 
Equity Hedge 24 (24) 9 (12) 21(24) 15 (15) 15 (12) 24 (24) 19 (19) 13 (6) 19 (6) 
Restructuring 21(21) 8(8) 23(18) 21(21) 5(5) 21(16) 33(33) 11(0) 11(0) 
Event Arbitrage 5 (7) 0 (0) 22 (25) 7 (7) 0 (0) 17 (14) 0 (0) 0 (0) 0 (0) 
Capital 27(29) 7 (5) 12 (10) 40 (40) 20 (25) 25 (35) 22 (22) 22 (22) 33 (33) 
Structure Arb 
Non-Directional 31 (33) 21(24) 31 (36) 15 (15) 15 (18) 21(24) 19(19) 25 (19) 31(31) 
Macro 11 (11) 4(4) 18(18) 14(14) 0(0) 11 (11) 8(8) 15(0) 23(8) 
Long 13 (16) 11 (11) 24 (24) 6 (6) 11(6) 17 (17) 25 (25) 25 (25) 25 (25) 
Hedge 20(20) 14(17) 21(21) 25(25) 13(13) 19(19) 27(27) 13(13) 13(13) 
(Long Bias) 
Short 7 (7) 0 (0) 22 (24) 10 (10) 0 (5) 20 (20) 0 (0) 0 (0) 33 (33) 
Directional 27 (27) 17 (21) 26 (27) 38 (38) 13 (16) 16 (22) 27 (33) 20 (20) 20 (21) 
Overall 34 (34) 24 (27) 34 (36) 30(33) 27 (30) 36 (42) 25 (25) 25 (19) 31(25) 

Panel B: Based on Ap praisal Ratios 

Fixed Income 39 (35) 4 (4) 26 (26) 55 (55) 18 (0) 36 (36) 40 (40) 0 (0) 20 (20) 
Arbitrage 
Event Driven 29 (33) 14 (17) 22 (25) 42 (42) 13 (16) 19 (23) 27 (33) 20 (13) 20 (13) 
Equity Hedge 18 (19) 10(12) 22 (24) 21(21) 15 (15) 24 (27) 25 (25) 13 (0) 19 (6) 
Restructuring 28(28) 5(3) 10 (8) 21(21) 11(5) 21(11) 11 (11) 11 (11) 22(22) 
Event Arbitrage 8 (9) 2 (2) 25 (25) 3 (10) 0 (0) 17 (17) 0 (0) 0 (0) 0 (0) 
Capital 32 (34) 10(10) 17(12) 35 (35) 20 (35) 35 (45) 33 (22) 22 (22) 44 (44) 
Structure Arb 
Non-Directional 55 (57) 25 (24) 36 (33) 39 (39) 15 (24) 27 (33) 25 (25) 19 (18) 44 (38) 
Macro 28 (28) 9(7) 23 (23) 32 (32) 0 (7) 18(18) 38 (46) 8 (8) 15 (15) 
Long 24 (24) 13 (8) 26 (21) 28 (28) 17 (6) 17 (17) 25 (25) 13 (13) 25 (25) 
Hedge 29(30) 18(15) 26(24) 31(31) 13 (19) 19(25) 27(33) 13 (13) 13 (13) 
(Long Bias) 
Short 12(15) 2(2) 34(34) 10(10) 0(10) 25(35) 22(22) 0(0) 22(33) 
Directional 41(45) 29(27) 41(38) 44 (44) 13 (16) 19 (19) 33 (40) 20(20) 20 (21) 
Overall 51(52) 33 (33) 42 (42) 45 (45) 27 (27) 36 (42) 38 (38) 19 (19) 25 (25) 
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Table 6.3 Comparison of Two period Pre-Fee Performance Persistence Results 
using Appraisal Ratios and Treynor Ratios 

This table shows the summary of percentage of cases exhibiting statistically significant persistence in 

performance of the 10 different hedge fund strategies from Jan 1982 to Dec 1998. I employ both the 
parametric and non-parametric methods using both Appraisal Ratio and Treynor Ratio. The results 
show the persistence at quarterly intervals on post-fee basis. Appraisal Ratio is defined as alpha divided 
by the standard errors of the residuals from the regression of the fund return on the average return of all 
the funds following that strategy in that period. Treynor Ratio is defined as the excess hedge fund return 
divided by the beta of the fund with respect to the average return of all the funds following that strategy. 
For contingency table, Winners and Losers are determined by comparing the appraisal ratios and 
Treynor ratios of individual fund managers to those of the median manager within each strategy in each 
period. WW and LL denote winners and losers in two consecutive periods, LW denotes losers in the 
first period & winners in the second period & WL denotes the reverse. The Cross-Product Ratio (CPR) 

and Chi-square statistic computed as per Section 6.3. All figures are in percentage. 

Hedge Fund Based on Appraisal Ratios Based on Treynor Ratios 
Strategy Parametric Non- Parametric Non- 

Parametric Parametric 
CPR Chi-sq. CPR Chi-sq. 

Fixed Income 39 4 26 33 4 26 
Arbitrage 
Event Driven 29 14 22 21 6 8 
Equity Hedge 18 10 22 39 18 26 
Restructuring 28 5 10 21 18 23 
Event Arbitrage 8 2 25 25 0 17 
Capital 32 10 17 49 15 20 
Structure Arb 
Non-Directional 55 25 36 46 27 30 
Alacro 28 9 23 32 0 16 
Long 24 13 26 16 8 21 
Hedge 29 18 26 30 18 20 
(Long Bias) 
Short 12 2 34 12 2 18 
Directional 41 29 41 30 23 24 
Overall 51 33 42 52 34 39 

Having examined the extent of persistence in a two-period framework, I 

proceed with multi-period analysis. 

6.4 Multi-Period Tests of Persistence 

In this section, I extend my investigation from the traditional two-period 

framework to a multi-period framework. Towards that end, I construct a series of wins 

and losses for each hedge fund and compare the observed frequency distribution with 

the theoretical frequency distribution of two and more consecutive wins and losses. 

For example, under the null hypothesis of no persistence, the theoretical probability of 
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observing WWW and LLL equals one-eighth while that of observing WWWW and 

LLLL equals one-sixteenth, and so on. I illustrate this by using annual returns in 

Figure 6.1 that shows the theoretical and observed frequency distributions of 

consecutive wins and losses of non-directional strategies, directional strategies and the 

overall sample based on alphas and appraisal ratios32. 

(Please turn over for the Figure) 

32 I repeat this with quarterly and half-yearly returns as well. I find that the best performance 

corresponds to 21,12 and 9 consecutive wins based on quarterly, half-yearly and yearly returns 

while the corresponding numbers for worst performance are 22,18 and 12 consecutive losses. This 

suggests that there are a few very good managers and a few very poor managers. 
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I now employ the two-sample Kolmogrov-Smirnov (K-S) test to check if the 

observed distribution of wins and losses is statistically different from the theoretical 

distribution. I report the results of the K-S test in Table 6.4 based on alphas and 

appraisal ratios in Panels A, B and C for quarterly, half-yearly and yearly post-fee 

returns respectively. I show in bold face (italic face) the cases where I find persistence 

significant at 5% (10%) level. 

(Please turn over for the Table) 
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Table 6.4 Kolmogrov-Smirnov Test for Multi period Persistence in Performance 

This table shows the results of the two-sided Kolmogrov-Smirnov test without making any distributional 

assumptions about the theoretical distribution of the series of wins and losses for the ten hedge fund 

strategies. Panel A (B and C) shows the results for the quarterly (half-yearly and yearly) net-of-fee 
returns of hedge funds from January 1982 to December 1998. Bold (Italic) face indicates that the actual 
distribution of wins/losses is significantly different from the theoretical distribution at 5% (10%) level 

signifying multi-period persistence in the performance. 

Hedge Fund Strategy Al phas Appraisal Ratios 
Wins Losses Wi ns Losses 

2-sided p-value 2-sided p-value 2-sided p-value 2-sided p-value 
K-S K-S Stat K-S Stat K-S Stat 
Stat 

Panel A: Based on Quarterly Data 
Fixed Income Arb 0.9806 0.2928 0.6124 0.8475 0.9806 0.2928 1.2780 0.0763 
Event Driven 0.5884 0.8793 1.3333 0.0571 1.6973 0.0063 1.6973 0.0063 
Equity Hedge 0.8575 0.4624 0.8575 0.4624 0.8575 0.4624 0.8575 0.4624 
Restructuring 0.2357 1.0000 0.4083 0.9963 0.4714 0.9794 0.4083 0.9963 
Event Arbitrage 0.5884 0.8793 0.5884 0.8793 0.9129 0.3790 0.4083 0.9963 
Capital Structure Arb 1.0955 0.1815 1.2374 0.0936 1.2057 0.1092 1.2374 0.0936 
Non-Directional 0.6860 0.7344 1.0000 0.2710 1.2344 0.0950 1.3887 0.0423 

Macro 0.2357 1.0000 0.7559 0.6172 1.2005 0.1120 1.8091 0.0029 
Long 0.2357 1.0000 0.6396 0.8079 1.0000 0.9674 0.6396 0.8079 
Hedge (Long Bias) 0.2041 1.0000 0.5477 0.9251 1.0000 0.2710 1.1356 0.1517 
Short 0.2500 1.0000 0.5000 0.9640 0.2500 1.0000 0.2357 1.0000 
Directional 0.2041 1.0000 0.7303 0.6604 1.0000 0.2710 1.5076 0.0212 

Overall 0.6860 0.7344 0.8333 0.5026 1.2344 0.0950 1.3568 0.0504 
Panel B: Based on Half-yearly Data 

Fixed Income Arb 0.2673 1.0000 0.5000 0.9640 0.5000 0.9640 0.5345 0.9375 
Event Driven 0.2357 1.0000 0.4472 0.9883 0.2236 1.0000 0.4714 0.9794 
Equity Hedge 0.2132 1.0000 0.9129 0.3790 0.2132 1.0000 1.0607 0.2109 
Restructuring 0.2357 1.0000 0.2500 1.0000 0.2357 1.0000 0.5345 0.9375 
Event Arbitrage 0.2673 1.0000 1.5435 0.0171 0.6396 0.8079 1.6667 0.0077 
Capital Structure Arb 0.5000 0.9640 0.6708 0.7591 0.5000 0.9640 0.6708 0.7591 
Non-Directional 0.2132 1.0000 1.2005 0.1120 0.2132 1.0000 1.3333 0.0571 

Macro 0.6124 0.8475 0.6124 0.8475 0.6124 0.8475 0.9806 0.2928 
Long 0.5774 0.8928 0.6708 0.7591 0.5774 0.8928 0.6708 0.7591 
Hedge (Long Bias) 0.5000 0.9640 0.4083 0.9963 0.5000 0.9640 0.2236 1.0000 
Short 0.2673 1.0000 0.6708 0.7591 0.2673 1.0000 0.6708 0.7591 
Directional 0.2041 1.0000 0.4083 0.9963 0.2041 1.0000 0.5884 0.8793 

Overall 0.2041 1.0000 1.0290 0.2408 0.2041 1.0000 1.1667 0.1315 
Panel C: Based on Yearly Data 

Fixed Income Arb 0.3162 1.0000 0.5774 0.8928 0.3162 1.0000 0.5774 0.8928 
Event Driven 0.4714 0.9794 0.2673 1.0000 0.5774 0.8928 0.2887 1.0000 
Equity Hedge 0.5345 0.9375 0.8165 0.5320 0.2887 1.0000 0.8165 0.5320 
Restructuring 0.5000 0.9640 0.3162 1.0000 0.5000 0.9640 0.3162 1.0000 
Event Arbitrage 0.5774 0.8928 0.4714 0.9794 0.5774 0.8928 0.4714 0.9794 
Capital Structure Arb 0.3536 1.0000 0.2887 1.0000 0.3536 1.0000 0.3162 1.0000 
Non-Directional 0.2357 1.0000 0.2041 1.0000 0.7500 0.6272 0.4083 0.9963 
Macro 0.2500 1.0000 0.2673 1.0000 0.2500 1.0000 0.6708 0.7591 
Long 0.3162 1.0000 0.2887 1.0000 0.3162 1.0000 0.2887 1.0000 
Hedge (Long Bias) 0.2887 1.0000 0.4472 0.9883 0.5345 0.9375 0.4472 0.9883 
Short 0.3162 1.0000 0.8018 0.5587 0.3162 1.0000 0.5345 0.9375 
Directional 0.7500 0.6272 0.4472 0.9883 0.7500 0.6272 0.2236 1.0000 

Overall 0.7071 0.6994 0.2041 1.0000 0.7500 0.6272 0.4083 0.9963 
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Table 6.4 highlights three interesting features. First, the extent of persistence 

decreases as the return measurement interval increases. For example, at 5% level of 

significance, there are four cases of persistence in losers and one case of persistence 

among winners based on quarterly appraisal ratios. When I increase the return interval 

to half-year, I find only one case of persistence in losers and none among winners 

while with yearly return interval, there is no evidence of persistence in either winners 

or losers. This feature can be partly explained by the loss of degrees of freedom or 

power of my tests as I have fewer observations with larger return intervals. Second, 

whenever some persistence is observed, it seems to be driven more by losers than by 

winners. This is similar to my earlier findings in the case of the two-period framework. 

Once again, directional and non-directional funds seem to exhibit similar degree of 

persistence. Finally, the level of persistence based on multi-period performance 

measure is considerably smaller than that observed under a two-period framework 

with no evidence of persistence at the yearly return horizon even at the 10% level. This 

is because, unlike the traditional two-period test, my multi-period test involves 

tracking the history of series of successes and failures of individual hedge funds 

throughout the sample period. This significantly reduces the likelihood of observing 

large number of consecutive wins or losses due to chance factor and therefore has 

more power to discriminate between the chance and the skill factors. 

Since for large samples the binomial distribution can be approximated by 

normal distribution, I conduct a Kolmogorov-Smirnov test comparing the distribution 

of consecutive wins and losses of hedge funds with a normal distribution. As before, I 

conduct this test based on alphas and appraisal ratios separately for quarterly, 

half-yearly and yearly post-fee returns. I report the results in Table 6.5. Persistence in 

this framework is captured by the observed distribution being significantly different 

from a normal distribution. 

(Please turn over for the Table) 
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Table 6.5 Kolmogrov-Smirnov Normality Test for Multi period Persistence 
This table shows the results of the one-sample Kolmogrov-Smirnov test to compare the observed frequency 
distribution of a series of wins & losses for the hedge fund strategies with a normal distribution. Panel A (B 
&C) shows the results for the quarterly (half-yearly & yearly) net-of-fee returns of hedge funds from 
January 1982 to December 1998. N indicates the total of wins & losses for all the funds following a strategy. 
Bold (Italic) face indicates that the observed distribution of wins/losses is significantly different from the 
normal distribution at 5% (10%) level signifying persistence. Asy. Sig., MC Sig. and Z-St stand for 
asymptotic, Monte-Carlo significance and Z-statistic respectively. 

Alp has A ppraisal Ratios 
Hedge Fund N Wins Losses Wins Losses 
Strategy K-S Asy. MC K-S Asy. MC K-S Asy. MC K-S Asy. MC 

Z-St Sig. Sig. Z-St Sig. Sig. Z-St Sig. Sig. Z-St Sig. Sig. 
Panel A: Based on Quarterly Data 

Fixed Income Arb 297 1.02 0.25 0.21 1.04 0.23 0.19 0.95 0.33 0.27 0.97 0.30 0.25 
Event Driven 1510 1.08 0.19 0.16 139 0.04 0.03 1.32 0.06 0.05 135 0.05 0.04 
Equity Hedge 4351 1.48 0.03 0.02 1.42 0.04 0.03 1.45 0.03 0.02 1.40 0.04 0.03 
Restructuring 837 0.74 0.64 0.56 1.05 0.22 0.18 0.75 0.63 0.55 1.03 0.24 0.20 
Event Arbitrage 773 1.21 0.11 0.09 1.18 0.13 0.10 1.04 0.23 0.19 0.99 0.29 0.24 
Capital Structure 1020 1.09 0.19 0.15 1.16 0.14 0.11 1.09 0.19 0.16 1.16 0.14 0.11 
Arbitrage 
Non-Directional 8788 1.39 0.04 0.03 1.43 0.03 0.03 1.53 0.02 0.02 1.54 0.02 0.02 
Macro 1216 0.84 0.48 0.41 1.12 0.16 0.13 1.32 0.06 0.05 1.56 0.02 0.01 
Long 627 0.85 0.47 0.39 0.91 0.39 0.32 0.83 0.50 0.43 0.89 0.41 0.35 
Hedge (Long Bias) 4804 1.02 0.25 0.21 1.26 0.09 0.06 1.35 0.05 0.04 1.44 0.03 0.02 
Short 296 0.87 0.43 0.35 0.74 0.65 0.56 0.82 0.51 0.43 0.85 0.46 0.39 
Directional 6943 1.03 0.24 0.20 1.24 0.09 0.07 1.38 0.05 0.04 1.61 0.01 0.01 
Overall 15731 1.40 0.04 0.03 1.43 0.03 0.03 1.54 0.02 0.02 1.60 0.01 0.01 

Panel B: Based on Half-yearly Data 
Fixed Income Arb 140 0.67 0.77 0.68 0.63 0.83 0.76 0.70 0.72 0.64 0.55 0.93 0.87 
Event Driven 755 0.79 0.57 0.50 0.80 0.55 0.48 0.84 0.49 0.42 0.77 0.59 0.52 
Equity Hedge 2112 1.09 0.18 0.15 1.31 0.06 0.05 1.10 0.18 0.14 1.36 0.05 0.04 
Restructuring 387 0.89 0.41 0.35 0.78 0.58 0.51 0.84 0.48 0.41 0.68 0.74 0.65 
Event Arbitrage 379 0.72 0.68 0.59 1.27 0.08 0.06 1.06 0.21 0.17 1.32 0.06 0.05 
Capital Structure 496 0.71 0.70 0.62 0.80 0.55 0.47 0.70 0.71 0.64 0.76 0.62 0.54 
Arbitrage 
Non-Directional 4269 1.04 0.23 0.19 1.36 0.05 0.04 1.02 0.25 0.21 1.42 0.04 0.03 
Macro 590 1.12 0.17 0.14 0.95 0.32 0.28 1.10 0.18 0.15 0.99 0.28 0.24 
Long 312 0.68 0.75 0.66 0.88 0.43 0.36 0.67 0.76 0.67 0.85 0.46 0.40 
Hedge (Long Bias) 2363 0.76 0.60 0.53 1.05 0.22 0.18 0.76 0.61 0.54 0.91 0.38 0.32 
Short 147 0.64 0.81 0.73 0.88 0.43 0.36 0.62 0.84 0.77 0.81 0.53 0.46 
Directional 3412 1.12 0.17 0.14 1.03 0.24 0.20 1.11 0.17 0.14 1.11 0.17 0.13 
Overall 7681 1.11 0.17 0.14 138 0.05 0.04 1.10 0.18 0.15 1.44 0.03 0.02 

Panel C: Based on Yearly Data 
Fixed Income Arb 49 0.56 0.91 0.84 0.56 0.91 0.85 0.56 0.91 0.84 0.56 0.91 0.85 
Event Driven 326 0.92 0.36 0.30 0.65 0.80 0.72 0.67 0.76 0.67 0.65 0.80 0.72 
Equity Hedge 879 0.79 0.56 0.47 1.17 0.13 0.10 0.69 0.72 0.63 1.18 0.12 0.10 
Restructuring 167 0.95 0.33 0.27 0.62 0.84 0.75 0.88 0.43 0.35 0.62 0.84 0.75 
Event Arbitrage 170 0.70 0.70 0.61 0.81 0.53 0.46 0.73 0.65 0.55 0.85 0.46 0.39 
Capital Structure 190 0.50 0.97 0.91 0.62 0.84 0.76 0.50 0.97 0.91 0.52 0.95 0.89 
Arbitrage 
Non-Directional 1781 0.97 0.31 0.25 1.16 0.14 0.11 0.87 0.44 0.37 1.20 0.11 0.09 
Macro 248 0.82 0.52 0.44 0.64 0.81 0.73 0.79 0.57 0.49 0.88 0.42 0.36 
Long 110 0.55 0.93 0.86 0.59 0.87 0.80 0.51 0.96 0.90 0.54 0.93 0.88 
Hedge (Long Bias) 1045 0.67 0.77 0.68 1.00 0.28 0.23 0.74 0.64 0.54 1.00 0.27 0.22 
Short 63 0.49 0.97 0.93 0.61 0.85 0.78 0.54 0.94 0.88 0.70 0.71 0.62 
Directional 1466 0.81 0.52 0.45 0.98 0.30 0.24 0.79 0.56 0.49 0.98 0.29 0.24 

Overall 3247 0.95 0.33 0.26 1.15 0.15 0.12 0.83 0.50 0.42 1.17 0.13 0.10 
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Overall the results exhibit somewhat higher level of persistence than that 

observed in Table 6.4. However, we continue to observe the same interesting features. 

First, the extent of persistence decreases as the return measurement interval increases. 

Second, whenever persistence is observed, it is mainly attributable to losers 

continuing to be losers. However, I find evidence of a few good managers who 

consistently outperform their peers over long periods indicating the importance of 

manager selection exercise in the context of hedge funds. Third, both non-directional 

and directional funds exhibit similar degree of persistence. Finally, the level of 

persistence based on multi-period performance measure is considerably smaller than 

that observed under a two-period framework with virtually no evidence of persistence 

at the yearly return horizon. 

I repeat these multi-period tests using pre-fee returns and find virtually 
identical results. For the test reported in Table 6.4, in case of quarterly pre-fee returns, 

I find 7 cases of significance (at 5% level) as compared to 5 cases with post-fee 

returns. For half-yearly and yearly pre-fee (post-fee) returns, the number of 

significant cases is 4 (3) and 0 (0) respectively. The corresponding number of 

significant cases for the test reported in Table 6.5 is 19 (20), 6 (7) and 0 (0) for 

quarterly, half-yearly and yearly pre-fee (post-fee) returns respectively. In general, 

similar to the two-period tests, the extent of persistence is marginally higher with 

pre-fee returns compared to post-fee returns. 

6.5 Conclusion 

This chapter investigated the extent of pre- and post-fee performance 

persistence exhibited by hedge funds during January 1982 to December 1998 using 

the traditional two-period framework and contrasted the findings with those observed 

using a multi-period framework. It also examined whether the persistence observed 

was sensitive to whether returns were measured over quarters (short-horizon) or over 

years (long-horizon). This is particularly important in the case of hedge funds that 

specify significant lockup periods. Finally, it also investigated whether the way in 

which the performance fee is imputed affects the degree of persistence observed 

among hedge funds. 
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It found three interesting patterns using both pre-fee and post-fee returns. First, 

there exists considerable amount of persistence at quarterly horizon. The persistence 

in the performance of hedge funds reduces as one moves to yearly returns. This 

indicates that persistence among hedge fund managers is primarily short-term in 

nature. This is in sharp contrast to the findings in the mutual fund literature, which 

show that two years is about the horizon of persistence. However, it is important to 

bear in mind the fact that hedge funds stipulate significant lockup periods. This may 

make it difficult for investors to take advantage of the short-term persistence observed 

in the data33. Second, persistence does not seem to be related to the type of strategy 

followed by hedge funds, i. e., both directional and non-directional funds exhibited 

similar degree of persistence. Finally, the level of persistence observed in a 

multi-period framework is considerably smaller than that observed under the 

traditional two-period framework, with virtually no persistence at the yearly return 

level in the multi-period framework. 

The next chapter addresses the issue of non-normality of hedge fund returns 

and provides an empirical application of theoretically justified gain-loss framework 

for asset allocation involving hedge funds. 

33 My finding of short-term persistence may be attributable, to some extent, to stale valuations resulting 
from annual reporting of audited statements by hedge funds. 
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7 GAIN-LOSS ANALYSIS OF HEDGE FUNDS 

7.1 Introduction 

The supporters of hedge funds make their case by describing the 

diversification benefits offered by hedge funds using the traditional mean-variance 

framework -a framework that assumes that returns are normally distributed, a 

pre-condition not satisfied by hedge funds. This chapter addresses the issue of 

non-normality of hedge fund returns and examines the benefits of investing in hedge 

funds using a tool recently developed by Bernardo and Ledoit (2000) called 

"gain-loss" analysis. The main advantage of using gain-loss analysis over 

mean-variance analysis is that the gain-loss analysis does not require returns to be 

normally distributed. 

Bernardo and Ledoit (2000) define gain (loss) of a portfolio as the expectation, 

under a benchmark risk-adjusted probability measure, of the positive (negative) part of 

the portfolio's excess payoff. The benchmark risk-adjusted probability measure 

incorporates valuable information about investor preferences, wealth levels etc., 

which allows the gain-loss analysis to be personalized for a given investor. The 

objective is to construct a portfolio of assets having non-normal returns that is 

gain-loss efficient, i. e., a portfolio that has the maximum gain-loss ratio under the 

risk-adjusted probability measure. 

It is now well known that hedge funds (due to the use of options or option-like 
dynamic trading strategies) exhibit non-normal payoffs, low correlation with the 

traditional asset classes, high risk-adjusted returns and a source of return not explained 

by any traditional linear risk model. Fung and Hsieh (1999c) argue that asset 

allocation involving hedge funds should not be based on the Markowitz 

mean-variance optimization techniques. However, they do not provide any alternative 

to the mean-variance framework. This chapter plugs this gap in the literature by 

demonstrating how the gain-loss analysis can be used to construct a gain-loss efficient 

frontier and to select the tangency portfolio. It contrasts the optimal asset allocation 

89 



obtained using the gain-loss analysis with that obtained using the mean-variance 

analysis. Finally, it compares the out-of-sample performance of a gain-loss efficient 

tangency portfolio with that of a mean-variance efficient tangency portfolio. 

Gain-loss framework is not new to finance. Motivated by stochastic 

dominance arguments, Bawa (1975) introduced a generalization of Markowitz's 

(1952) mean-semi-variance framework called mean-lower partial moment of order p. 

For p =1, one obtains mean-loss preferences, which are equivalent to gain-loss 

preferences. Bawa and Lindenberg (1977) derive all the properties of mean-lower 

partial moment of order p preferences, of which gain-loss is a special case. In 

particular, they show that it is equivalent to mean-variance preferences if returns are 

normally distributed. Bawa and Lindenberg (1977) also show that there exists a 

well-defined gain-loss efficient frontier and in the presence of risk-free asset, the 

two-fund separation result holds where investors hold the risk-free asset and the 

gain-loss efficient tangency portfolio. They also prove a CAPM-like beta pricing 

equation where only systematic risk matters, except that it is not measured by 

conventional beta but by covariance of the return on an asset with the sign of excess 

return (instead of the excess return itself) on gain-loss efficient portfolio. Thus, 

gain-loss analysis offers a fully developed alternative to mean-variance analysis. 

Interestingly, the gain-loss analysis is also very close in spirit with the 

"prospect theory" proposed by Kahnemann and Tversky (1979) based on their 

experimental evidence. The main point of prospect theory is that gains relative to a 

break-even reference point are treated different from losses. More recently, Benartzi 

and Thaler (1995) argue that the key feature of prospect theory are captured by a 

piecewise linear utility function where investors value positive payoff relative to a 

reference point differently from negative payoff. Thus, this simplified version of 

prospect theory, which is supported by experimental evidence, is consistent (up to a 

change of probability measure) with gain-loss preferences. Needless to say, that the 

findings from a statistically rigorous comparison of gain-loss analysis (with its 

relation to behavioral finance) and mean-variance analysis (with its basis in traditional 

neo-classical hypotheses) have important implications for the paradigms used by 

finance practitioners and researchers alike. 
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Researchers have also used semi-variance (or downside risk) instead of 

variance as a metric of risk (see, e. g., Mao (1970), Markowitz (1970), Sortino and 

Price (1994), Damant and Satchell (1996)). But the semi-variance or downside risk 

provides only a limited response to the issue of evaluating non-normal returns as it 

does not take into account the entire distribution of returns and usually considers only 

the specific case of semi-variance or some form of squared deviation below a 

benchmark return 34. Leland (1999) shows a method for risk adjustment in the CAPM 

betas for correctly measuring the alphas of the option-like dynamic trading strategies. 

Unfortunately, unlike gain-loss analysis that makes no distributional assumptions, 

Leland's analysis requires benchmark returns to be lognormally distributed. 

There are some limitations in the standard no-arbitrage and 

equilibrium-model-based approaches for pricing securities. While the no-arbitrage 

approach has pricing implications that are not very precise when markets are 

dynamically incomplete, the equilibrium-model-based approach requires the investors 

to have a specific system of preferences and endowments (e. g. Lucas, 1978), which 

may not be known (cf. Roll's (1977) critique). Gain-loss approach to pricing new 

securities in incomplete markets allows us to address these limitations for pricing 

securities in incomplete markets. In this framework, a gain loss ratio of one reflects 

that the asset is fairly priced. Any asset with a gain loss ratio of more than one would 

be attractive while asset with a gain loss ratio of less than one would be unattractive 

for an investor. A gain loss ratio of infinity would correspond to an arbitrage 

opportunity. The gain loss ratio needs to be determined under a risk-adjusted 

probability measure as a risk-averse investor would be willing to pay more for assets 

that pay off in the bad states. For the sake of robustness, I use three different ways of 

incorporating information about investor preferences and wealth levels and examine 

whether these three different benchmark risk-adjusted probability measures lead to 

significantly different optimal asset allocations. 

34 Bawa (1975) notes that like the mean-variance framework, the mean-semi-variance framework also 

works only for an increasing absolute risk-averse utility function and hence is of limited use. 
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In this chapter, I use the gain-loss analysis framework to determine the optimal 

asset allocation involving passive and alternative (hedge funds) strategies35. I conduct 

an out-of-sample analysis to examine whether one would have obtained significantly 

higher returns (or end-of-period wealth) by investing in a gain-loss efficient portfolio 

as opposed to a mean-variance efficient portfolio. Since hedge funds have option-like 

payoffs and provide different returns in different states of equity markets, I compare 

the performance of the gain-loss efficient portfolio with that of the mean-variance 

efficient portfolio in five different states (quintiles) of market return. 

I examine data from January 1990 to October 1998, a period that covers 

market upturns and downturns over stable and turbulent periods. I use ten different 

HFR indices covering the popular and commonly used hedge fund strategies: six of 

the strategies are non-directional while four are directional. These ten indices are an 

equally weighted performance summary of 807 funds from the HFR database. For 

passive investment strategies, I use eight indices covering four different asset classes 

(equities, bonds, currencies and commodities). I construct gain-loss efficient and 

mean-variance efficient portfolios from the investment universe of these ten hedge 

fund strategies and eight passive indices, and compare and contrast their constitution 

and returns. 

When I examine the out-of-sample performance of a gain-loss efficient 

portfolio and a mean-variance efficient portfolio with same expected volatility, I find 

that unconditionally the returns on the gain-loss efficient portfolio do not dominate 

that on the mean-variance portfolio. But interestingly, when I divide the market 

returns into five quintiles and compare the returns on the two efficient portfolios, I find 

that in the highest quintile (lowest quintile), the gain-loss efficient portfolio 

significantly outperforms (underperforms) the mean-variance portfolio. In the middle 

three quintiles, neither portfolio dominates the other. This suggests that conditional on 

the fact that the equity market is performing well, the gain-loss efficient portfolios 

dominate the mean-variance portfolios. One reason why my results do not show 

overwhelming dominance of the gain-loss efficient portfolios may be due to the 

relatively low non-normality at the hedge fund index level compared to that existing at 

35 1 capture returns on different hedge fund strategies through a database of indices compiled by HFR. 
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the individual fund level. On the whole, the results suggest that when deviations from 

normality are "small", mean-variance can serve as a good approximation to the more 

robust and general gain-loss analysis. But when the deviations from non-normality are 

extremely large as would be the case for individual hedge funds, it warrants the need 
for gain-loss analysis. 

Rest of the chapter is organized as follows. Section 2 provides the motivation 
behind the use of gain-loss framework and the different methods of computing the 

benchmark risk-adjusted probability measures to account for investor preferences, 

wealth levels etc. Section 3 describes the investment opportunity set consisting of the 

ten hedge fund strategies and eight passive indices. Section 4 compares the 

out-of-sample performance (measured in terms of the returns and the end-of-period 

wealth) of the gain-loss efficient tangency portfolio and the mean-variance efficient 

tangency portfolio. Section 5 offers concluding remarks. 

7.2 Motivation for the use of Gain-Loss Framework 

The main idea behind using the gain-loss framework in the context of hedge 

funds is to explicitly address the issue of non-normality of hedge fund returns. As 

outlined earlier, the gain-loss framework has close association with Bawa's (1975) 

mean-lower partial moment approach and Kahnemann and Tversky's (1979) prospect 

theory. Further, the bounds on the gain-loss ratios of the various assets and their 

representation in terms of pricing kernels are closely related to the literature on the 

restrictions on the pricing kernel, e. g. Hansen and Jagannathan (1991), Bansal and 

Lehmann (1995), etc. Hence, another benefit of moving from the traditional 

mean-variance framework lies in the fact that the gain-loss framework imposes the 

restriction on pricing kernels in order to prevent the state prices from becoming very 

high or very low. In fact, Bernardo and Ledoit (2000) demonstrate the power of this 

restriction by determining the pricing bounds for non-traded options. 

In the gain-loss framework, the gain-loss ratio provides a measure of the 

attractiveness of an asset as it represents the expectation of reward in relation to 

expectation of risk involved in investing in an asset. The gain-loss ratio is defined as 
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the ratio of the expectation, under a benchmark risk-adjusted probability measure, of 

the positive part of the excess payoffs on a portfolio to the expectation of negative part 

of the excess payoffs of a portfolio. The benchmark risk-adjusted probability measure 

incorporates the information about the preferences and wealth level of the investor. 

Since there is no unique way of accounting for the benchmark risk-adjusted 

probability measure, I use three different procedures in this chapter. 

My first method of risk-adjustment uses the concept of the change of drift as a 

change of measure (see Appendix B). This involves the adjustment of the raw returns 

by a factor. For the sake of notational convenience, I call this method preference-free 

(PF). My second method of risk-adjustment accounting for the preferences and wealth 

level of the representative investor is based on Brown-Gibbons (1985) (henceforth 

BG). I estimate the constant relative risk aversion (CRRA) parameter of the investor 

using the market index to represent the level of wealth. Since the market proxy is not 

able to account for differences in returns arising from size and book-to-market ratios 

(Fama and French (1992)), my third method of risk-adjustment uses 

Hansen-Singleton's (1983) (henceforth HS) procedure. In this procedure, I include the 

Fama-French Size and Book-to-Market factors along with the market index in my set 

of basis assets36 and impose the restriction that the benchmark pricing kernel also 

prices the Fama-French factors correctly. For both the risk-adjustment methods based 

on BG and HS, I employ the Generalized Method of Moments (GMM) estimation 

method for computing the RRA parameter. For the sake of robustness, I use two 

different indexes to proxy the wealth level: the MSCI World index and the CRSP 

NYSE/AMEX/NASDAQ Value-Weighted index. I describe in Appendix C, the exact 

details of the procedure used for deriving the risk-adjusted probability measures 

employing the BG and the HS procedures. 

Having described the gain-loss framework and the motivation for its use in 

evaluating hedge funds, I now proceed with the efficient frontier analysis using the 

gain-loss and mean-variance frameworks. 

36 1 would like to thank Eugene Fama for providing the data on the Fama-French factors. 
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7.3 Description of the Investment Opportunity Set 

I allow the investor to select a portfolio from the ten commonly used hedge 

fund strategies and eight passive-only index strategies. As followed in the earlier 

chapters, I segregate the hedge fund strategies into two broad categories: 

non-directional and directional. The non-directional strategies I select are Fixed 

Income Arbitrage, Event Driven, Equity Hedge, Restructuring, Event Arbitrage, 

Capital Structure Arbitrage while the directional strategies I choose are Macro, Long, 

Hedge (Long Bias) and Short. 

Panel A of Table 7.1 provides the summary statistics of the ten hedge fund 

strategies for January 1990 to October 1998 (106 month) period. It is evident from the 

Panel A that all the hedge fund strategies are not normally distributed. Along with the 

traditional measure of skewness, I also report Min-Max skewness, which lies between 

-1 and +1 and which is more robust than the traditional measure in capturing 

asymmetry of returns 37 
. Using both the traditional and Min-Max measures of 

skewness, I find that all the hedge fund strategies except Short are negatively skewed. 

Further, the kurtosis for all the strategies is significantly greater than that of a standard 

normal distribution. This departure from normality in the hedge fund returns makes a 

case for the use of gain-loss framework in place of the traditional mean-variance 

framework. 

To capture the passive-only strategies, I select a broad range of asset classes to 

represent the investment opportunities available to a global investor. For the sake of 

parsimony, I restrict the passive-only strategies to eight indices belonging to four 

different asset classes, i. e. equities, bonds, currencies and commodities. These are 

S&P 500 Composite index, MSCI World (excluding USA), MSCI Emerging Markets, 

Salomon Brothers Government and Corporate Bond index, Salomon Brothers World 

Government Bond index, Lehman High Yield index, Federal Reserve Bank 

Trade-Weighted Dollar index and the London Gold Price index. Panel B of Table 7.1 

provides the summary statistics of these eight indices over January 1990 to October 

37 Min-Max skewness is computed as {(Maximum+Minimum-(2*Mean))/(Maximum-Minimum)}. Its 

value always lie between -1 and 1. 
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1998 period. We can see that in contrast to the hedge fund strategies, all the passive 

strategies except Lehman High Yield index exhibit close to normally distributed 

returns. 

Table 7.1 Summary Statistics 

This table shows the mean returns, standard deviations (SD), medians, skewness (Skew), Min-Max 

skewness (MM Skew), kurtosis (Kurt), minimum and maximum realizations and Sharpe Ratios (SR) 
for the ten different hedge fund strategies and the eight passive investment strategies during January 
1990 to October 1998.1 calculate the Sharpe Ratio considering a risk-free rate of 5% p. a. 

Panel A: Hedge fund strategies 

Hedge fund strategy Mean SD Median Skew MM Kurt Min. Max. SR 
Skew 

Non-Directional 
Fixed Income Arbitrage 0.80 1.49 0.86 -1.87 -0.30 11.17 -6.45 4.70 0.26 
Event Driven 1.28 1.97 1.48 -1.82 -0.46 10.03 -8.90 5.01 0.44 
Equity Hedge 1.62 2.32 1.67 -0.48 -0.25 4.37 -7.65 7.22 0.52 
Restructuring 1.31 1.95 1.36 -0.96 -0.26 9.29 -8.50 7.06 0.46 
Event Arbitrage 0.97 1.40 1.31 -3.11 -0.59 15.42 -6.46 2.90 0.39 
Capital Structure 0.86 1.03 1.13 -1.63 -0.47 6.05 -3.19 2.32 0.43 
Arbitrage 

Average 1.14 1.69 1.30 -1.65 -0.39 9.39 -6.86 4.87 0.42 
Directional 

Macro 1.61 2.73 1.43 0.09 -0.12 3.02 -6.40 7.88 0.44 
Long 1.20 4.60 1.69 -1.26 -0.34 7.47 -21.02 12.27 0.17 
Hedge (Long Bias) 1.54 3.85 2.22 -0.79 -0.30 4.73 -13.34 9.58 0.29 
Short 0.36 5.65 0.06 0.25 0.07 3.63 -16.24 19.40 -0.01 

Average 1.18 4.21 1.35 -0.43 -0.17 4.71 -14.25 12.28 0.22 

Panel B: Passive strategies 

Passive strategy index Mean SD Median Skew MM Kurt Min. Max. SR 
Skew 

Equity 
S&P 500 Composite 1.37 3.62 1.65 -0.11 -0.02 4.39 -10.52 12.85 0.26 
MSCI World Excluding 0.48 4.96 0.63 -0.11 0.01 3.52 -13.47 14.67 0.01 
US 
MSCI Emerging 0.18 6.76 0.94 -0.76 -0.19 5.80 -27.69 19.26 -0.03 
Markets 
Bond 
SB Government and 0.72 1.27 0.85 -0.06 0.12 3.14 -2.37 4.65 0.24 
Corporate Bond 
SB World Government 0.78 1.78 0.92 0.28 0.09 3.40 -3.63 6.11 0.21 
Bond 
Lehman High Yield -0.08 3.37 0.13 -4.11 -0.43 32.75 -25.47 10.16 -0.15 
Curren 
Federal Reserve Bank 0.03 2.49 -0.34 0.74 0.27 3.84 -4.69 8.31 -0.15 
Trade-Weighted Dollar 
Commodi 
UK Market Price Index -0.28 2.56 -0.32 0.35 0.20 4.43 -6.38 8.89 -0.27 
for Gold 
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Table 7.2 shows the correlation among the ten hedge fund strategies and the 

eight passive strategy indices. We can see that most of the hedge fund strategies 

exhibit a low correlation (less than 0.5) with standard asset classes. 

Table 7.2 Correlation coefficients among the ten Hedge Fund strategies and the 
eight Passive strategies 

This table shows the correlation coefficients between the different hedge fund strategies and the eight 
passive investment strategies during January 1990 to October 1998. The ten hedge fund strategies are 
Fixed Income Arbitrage, Event Driven, Equity Hedge, Restructuring, Event Arbitrage, Capital 
Structure Arbitrage and Hedge (Long Bias). The eight passive investment strategies are S&P 500 
Composite index (S&P), MSCI World index Excluding US (MXUS), MSCI Emerging Markets index 
(MEM), Salomon Brothers Government and Corporate Bond index (SBG), Salomon Brothers World 
Government Bond index (SBW), Lehman High Yield Composite index (LHY), Federal Reserve Bank 
Trade-Weighted Dollar index (FRBI) and UK Market Price index for Gold (GP). The figures in the 

parentheses indicate p-values. All the correlation coefficients greater than 0.5 in magnitude are 
expressed in bold face. Asterisk (') indicates that the correlation coefficients are significant at 5% level 
(one-tailed) while hash (#) shows that they are significant at 10% level (one-tailed). 

Hedge Fund 
Strategy 

S&P MXUS MEM SBG SBW LHY FRBI GP 

Fixed Income -0.10 0.03 0.21* -0.28 -0.37 0.08 0.29 -0.13 
Arbitrage (0.14) (0.37) (0.02) (0.00) (0.00) (0.20) (0.00) (0.09) 

Event Driven 0.61* 0.40` 0.47* 0.15# -0.14# 0.41* 0.29* -0.07 
(0.00) (0.00) (0.00) (0.06) (0.08) (0.00) (0.00) (0.23) 

Equity Hedge 0.58* 0.39* 0.40* 0.17* -0.03 0.33* 0.19* -0.09 
(0.00) (0.00) (0.00) (0.04) (0.38) (0.00) (0.02) (0.18) 

Restructuring 0.37* 0.27* 0.46* 0.02 -0.26* 0.51* 0.33* -0.04 
(0.00) (0.00) (0.00) (0.42) (0.00) (0.00) (0.00) (0.34) 

Event Arbitrage 0.48* 0.32* 0.32* 0.16* 0.01 0.28* 0.17* -0.09 
(0.00) (0.00) (0.00) (0.05) (0.48) (0.00) (0.05) (0.17) 

Capital Structure 0.39* 0.28* 0.27* 0.21* 0.00 0.32* 0.14" 0.01 
Arbitrage (0.00) (0.00) (0.00) (0.01) (0.49) (0.00) (0.07) (0.47) 

Macro 0.42* 0.37* 0.47* 0.40* -0.01 0.35* 0.34* 0.16* 
(0.00) (0.00) (0.00) (0.00) (0.47) (0.00) (0.00) (0.05) 

Long 0.49* 0.51* 0.80* 0.07 -0.08 0.36* 0.24' 0.07 
(0.00) (0.00) (0.00) (0.24) (0.21) (0.00) (0.01) (0.23) 

Hedge (Long Bias) 0.72* 0.47* 0.55* 0.16* -0.04 0.46* 0.24* -0.11 
(0.00) (0.00) (0.00) (0.05) (0.36) (0.00) (0.01) (0.14) 

Short -0.69* -0.46* -0.51* -0.09 0.01 -0.35* -0.18* 0.13# 
(0.00) (0.00) (0.00) (0.19) (0.45) (0.00) (0.03) (0.09) 

Table 7.3 shows the gain-loss ratios of the ten hedge fund strategies and the 

eight passive strategies. For the sake of completeness, I also report gain-loss ratios 

without making any risk-adjustment, i. e., using the raw returns only and indicate it as 

RR. The table shows the gain-loss ratios returns under the three benchmark 
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risk-adjusted probability measures discussed in Section 7.2. As outlined earlier, my 
first method of risk-adjustment is preference-free (PF), involving only the change of 
drift as a change of measure. My second method of risk-adjustment is based on BG's 

formulation using two different market indices to proxy the wealth level, namely the 

MSCI World index (I call this BG1) and the CRSP NYSE/AMEX/NASDAQ 

Value-Weighted index (I call this BG2). My third and final method of risk-adjustment 
is based on HS procedure where in the set of basis assets, I include the Fama-French 

Size and Book-to-Market factors along with the MSCI World index (I call this HS1) 

and the CRSP NYSE/AMEX/NASDAQ Value-Weighted index (I call this HS2). 

(Please turn over for the Table) 
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Table 7.3 Gain-Loss Ratios of Alternative and Passive Investment Strategies 

This table shows the Gain-Loss ratios for the ten different hedge fund strategies and the eight passive 
investment strategies based on monthly returns during January 1990 to October 1998. I calculate the 
Gain-Loss ratio of all the strategies for six different cases using: (1) Raw Returns (RR), (2) 
Preference-Free risk-adjusted returns (PF), (3) Brown-Gibbons' risk-adjusted returns using MSCI World 

as the market index (BG1), (4) Brown-Gibbons' risk-adjusted returns using CRSP 
NYSE/AMEX/NASDAQ Value-Weighted index as the market index (BG2), (5) Hansen-Singleton's 
risk-adjusted returns using MSCI World as the market index (HSI) and (6) Hansen-Singleton's 
risk-adjusted returns using CRSP NYSE/AMEX/NASDAQ Value-Weighted index as the market index 
(HS2). 

Panel A: Hedge fund strategies 

Hedge fund strategy RR PF BG1 HS1 BG2 HS2 
Non-Directional 
Fixed Income Arbitrage 2.02 2.16 1.95 1.95 2.33 2.34 
Event Driven 
Equity Hedge 
Restructuring 
Event Arbitrage 
Capital Structure Arbitrage 
Directional 

3.17 2.40 2.96 2.97 2.11 2.01 
3.63 2.53 3.64 3.64 2.43 2.32 
3.61 2.59 3.38 3.39 2.95 2.85 
2.83 2.48 2.59 2.60 1.95 1.87 
2.59 2.59 2.38 2.38 2.34 2.30 

Macro 3.13 2.36 3.07 3.07 2.38 2.30 
Long 1.56 1.49 1.52 1.52 1.19 1.14 
Hedge (Long Bias) 2.03 1.82 1.97 1.98 1.36 1.30 
Short 0.97 1.00 1.00 1.00 1.41 1.48 

Panel B: Passive strategies 
Passive strategy index RR PF BG1 HS1 BG2 HS2 
E ui 
S&P 500 Composite 1.96 1.77 1.92 1.93 1.16 1.09 
MSCI World Excluding US 1.02 1.06 1.00 1.00 0.77 0.74 
MSCI Emerging Markets 0.90 0.94 0.91 0.91 0.71 0.69 
Bond 
SB Government and Corporate Bond 1.72 2.14 1.76 1.76 1.36 1.33 
SB World Government Bond 1.62 1.72 1.65 1.65 1.43 1.41 
Lehman High Yield 0.53 0.74 0.50 0.50 0.45 0.44 
Currency 
Federal Reserve Bank 0.66 0.92 0.65 0.65 0.65 0.65 
Trade-Weighted Dollar 
Commodity 
Gold Price 0.47 0.74 0.48 0.48 0.53 0.54 

Table 7.3 shows two interesting results. First, among the hedge fund strategies, 

the non-directional strategies usually exhibit higher gain-loss ratios compared to their 

directional counterparts. This is true for the gain-loss ratios computed from raw hedge 

fund returns as well as from the returns under the different probability measures. 

Among the passive strategies, S&P 500 Composite index and equity asset class, in 
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general, dominate over the other passive strategies in terms of the gain-loss ratios. To 

some extent, this can be attributed to the bull market during my sample period. 
Second, I find similar values of gain loss ratios using single asset (BG1 & BG2) and 

three assets (HS I& HS2). Interestingly, the gain-loss ratios do not seem to be 

sensitive to whether I use the BG procedure or the HS procedure. Interestingly, the RR 

procedure, which does not involve any adjustment at all, seems to yield gain-loss 

ratios that are very close to those obtained using BG1 and HS1 methods while the 

gain-loss ratios obtained by PF method are closer to those obtained with BG2 and HS2 

procedures. 

Having described the data and salient features of the data, in the next section, I 

examine the out-of-sample performance of the tangency portfolios obtained under the 

two frameworks. 

7.4 Comparison of the Out-of-Sample Performances of the Tangency 

Portfolios obtained using the Gain-Loss and Mean-Variance Frameworks 

The mean-variance framework involves maximizing the Sharpe Ratio, a 

measure of the reward to the risk ratio in the mean-variance world. This implies that 

generating the mean-variance efficient frontier involves maximizing the expected 

returns for a given level of standard deviation. In contrast, in the gain-loss framework, 

E* x 
I maximize the gain-loss ratio 

E. [x ], where x denotes the excess payoffs of the 

portfolio, x+ = max(x, 0) ,z= max(-x, 0) and E' [. ] denotes the expectation under 

the benchmark risk-adjusted probability measure. Hence, for generating the gain-loss 

efficient frontier, I maximize the value of E' [x+] for a given value of E* [x ]. 

Unlike the Sharpe Ratio, gain-loss ratio of a portfolio cannot be optimized directly as 

it is not continuous and its first and second derivatives do not exist. Hence, the 

optimization involving gain-loss ratio is computationally more complex. It should be 

noted that the gain-loss efficient frontier involves optimization of the excess 

risk-adjusted returns. Thus, mean variance and gain loss frameworks provide different 

optimal tangency portfolios using the entire sample period. 
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In order to examine which of the two outperforms the other, I compare the 

out-of-sample performance of the tangency portfolios obtained using the gain-loss and 

mean-variance frameworks. I divide my sample into two periods. I use the first 4 

years, from January 1990 to December 1993, to estimate the distributions and to 

compute the gain-loss ratios. Assuming these return realizations to be good proxies for 

the true distributions, I conduct the optimization exercise and construct the tangency 

portfolios in the two frameworks. I note down the returns on the two portfolios over 

the next month. I then extend the estimation period by one month and re-compute the 

distributions, re-conduct the optimization and re-construct the tangency portfolio 38.1 

note down the return on the two portfolios over the next month. This way I include 

more information each time and improve the quality of my proxy of true distribution. I 

compare the returns on the gain-loss efficient portfolio with that on the mean-variance 

efficient portfolio during 58 months extending from January 1994 to October 1998. 

Table 7.4 provides the average allocations obtained using the 58 sets of 

allocations for the various hedge fund and passive strategies. 

(Please turn over for the Table) 

38 To be precise, for the estimation of return distribution, I use Jan 90 to Jan 94 period in the second 

round, Jan 90 to Feb 94 period in the third round and so on until Jan 90 to Sept 98 in the 58`h round. 
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Table 7.4 provides a number of interesting results. Using a combination of the 

hedge fund and passive investment strategies, the proportion of hedge fund strategies 

in the minimum variance/loss portfolio is higher in case of gain-loss framework when 

compared to the mean-variance framework. Further, I obtain similar allocations using 

the BG and HS risk-adjustment methods irrespective of the type of market proxy used. 

As it is clear that the allocations from the two frameworks are different, I 

compute the average out-of-sample performance of the tangency portfolios in the 58 

months immediately following the initial window of 48 months from January 1990 to 

December 1993. I use two measures of performance of the tangency portfolio. My first 

measure is the average difference in the returns from the gain-loss efficient tangency 

portfolio and the mean-variance efficient tangency portfolio. My second measure is 

the average difference in the end-of-period wealth accumulated by investing in the two 

tangency portfolios. I compute the end-of-period wealth by cumulating the wealth at 

the end of each month starting with an initial investment of $100 in the tangency 

portfolio. 

In order to compare the out-of-sample performance of the gain-loss and 

mean-variance tangency portfolios, I divide the out-of-sample period of 58 months 

from January 1994 to October 1998 into five states of the equity market corresponding 

to the five quintiles during this period39. This way I compare the performance of the 

two tangency portfolios conditionally. This is especially important in the case of 

hedge funds, as they are known to have returns exhibiting option-like features. Fung 

and Hsieh (1997b) show that they provide large positive returns during the period 

when the equity markets provide small positive or negative returns. 

Table 7.5 provides the results for the average differences in the returns and 

wealth levels when I use a combination of hedge fund and passive strategies in the 

investment opportunity set and divide the equity market returns into five quintiles. 

39 As the period of 58 months cannot be equally distributed in five quintiles, I consider 12,11,12,11 and 
12 months in the five states ranging from the lowest (state 1) to the highest (state 5) S&P 500 returns 
during the second sub-period used for out-of-sample comparison. 
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Table 7.5 Average differences in the raw returns and wealth accumulated by 
investing in the Gain-Loss and the Mean-Variance Tangency 
Portfolios in different states of the equity market 

This table shows the average of the differences in the raw returns generated and end-of-period wealth 
accumulated by investing in the tangency portfolios in the gain-loss and mean-variance frameworks. 
The first column in the table provides the standard deviation of the raw returns of the tangency 

portfolio. Ar (A W) denotes the average of the raw returns (end-of-period wealth) of the Gain-Loss 
tangency portfolio minus the average of the raw returns of the Mean-Variance tangency portfolio. I 

compute AW in dollars by computing the difference in the end-of-period wealth for a starting wealth 
level of $100 in the Gain-Loss and Mean-Variance tangency portfolios. The five states of the market 
correspond to the five quintiles of the 58 months from January 1994 to October 1998. As the period of 
58 months from January 1994 to October 1998 cannot be equally distributed in five quintiles, I consider 
12,11,12,11 and 12 months in the five states ranging from the lowest (state 1) to the highest (state 5) 
S&P 500 returns. The figures in bold face for the difference in the returns (A r) indicate that the values 
are statistically significant at 5% level both asymptotically as well as after using Monte Carlo 

simulations employing the Wilcoxon signed-rank test. 

State 1- Lowest State 2 State 3 State 4 State 5- Highest 
SD Or OW Or OW Or MW 4r AW Or OW 

12.00% -2.19 -13.12 0.25 5.30 -1.13 -13.57 0.12 1.37 1.54 6.36 
11.00% -2.01 -12.16 0.23 4.81 -1.03 -12.30 0.11 1.25 1.41 5.70 
10.00% -1.82 -11.18 0.21 4.33 -0.94 -11.05 0.10 1.12 1.28 5.07 
9.00% -1.64 -10.17 0.19 3.86 -0.85 -9.84 0.09 1.00 1.15 4.47 
8.00% -1.46 -9.14 0.17 3.40 -0.75 -8.65 0.08 0.88 1.02 3.88 
7.00% -1.28 -8.09 0.14 2.95 -0.66 -7.48 0.07 0.77 0.90 3.32 
6.00% -1.09 -7.01 0.12 2.50 -0.56 -6.34 0.06 0.65 0.77 2.79 
5.00% -0.91 -5.90 0.10 2.06 -0.47 -5.23 0.05 0.54 0.64 2.27 
4.00% -0.73 -4.77 0.08 1.64 -0.38 -4.13 0.04 0.43 0.51 1.78 
3.00% -0.55 -3.62 0.06 1.21 -0.28 -3.07 0.03 0.32 0.38 1.30 
2.00% -0.36 -2.44 0.04 0.80 -0.19 -2.02 0.02 0.21 0.26 0.85 
1.00% -0.18 -1.23 0.02 0.40 -0.09 -1.00 0.01 0.10 0.13 0.42 
0.00% 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

* This value indicates that for a standard deviation of 12%, the cumulative wealth obtained by investing 
in the Mean-Variance tangency portfolio outperforms the cumulative wealth generated by investing 
in the Gain-Loss tangency portfolio by $13.12 for the starting wealth level of $100. 
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I compute the differences in the returns and end-of-period wealth for the 

gain-loss and mean-variance tangency portfolios using the RR, PF, BG (1 & 2) and HS 

(1 & 2) procedures and find qualitatively similar results. For the sake of brevity, I 

report the results obtained using the raw returns40. We can see from Table 7.5 that the 

difference in the returns and wealth levels generated by the tangency portfolio 

monotonically increase as we move from the state of low S&P 500 returns (State 1) to 

a state of high S&P 500 returns (State 5). I find that in the highest quintile - State 5 

(lowest quintile - State 1), the gain-loss efficient portfolio significantly outperforms 

(underperforms) the mean-variance portfolio. In the middle three quintiles, neither 

portfolio dominates the other. 

I determine the statistical significance of the difference between the return on 

the gain-loss efficient tangency portfolio and the mean-variance efficient tangency 

portfolio by conducting a Wilcoxon signed-rank test for the pair wise differences in 

the returns of the tangency portfolios41. For robustness, I compute both the asymptotic 

significance as well as the significance based on Monte Carlo simulations and find that 

the return differences are statistically significant in the extreme quintiles, i. e. states 1 

and 5. 

The overall results suggest that the gain-loss efficient portfolios dominate the 

mean-variance efficient portfolios when the equity market is doing well. Hence, 

conditional on good state of the equity market, the gain-loss framework provides a 

better alternative to the traditional mean-variance framework. 

40 The results with PF, BG (1&2) and HS (1&2) are qualitatively similar. 
41 It may be noted that the t-test for testing the pair wise differences in the returns cannot be used in this 

case as the differences in the returns are not normally distributed. The sign test computes the 

differences between the two variables and classifies the differences as either positive, negative, or 

tied. If the two variables are similarly distributed, the number of positive and negative differences 

will not differ significantly. The Wilcoxon signed-rank test considers information about both the 

sign of the differences and the magnitude of the differences between pairs. As the Wilcoxon 

signed-rank test incorporates more information about the data, it is more powerful than the sign test. 

For a discussion of the Wilcoxon signed-rank test, refer Mendenhall, Reinmuth and Beaver (1993). 
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7.5 Conclusion 

In this chapter, I employ the gain-loss analysis framework to determine the 

optimal asset allocation involving passive and alternative (hedge funds) strategies. I 

conduct an out-of-sample analysis to examine whether one would obtain significantly 
higher returns (or end-of-period wealth) by investing in a gain-loss efficient portfolio 

as opposed to a mean-variance efficient portfolio. Since hedge funds have option-like 

payoffs and provide different returns in different states of equity markets, I compare 

the performance of the gain-loss efficient portfolio with that of the mean-variance 

efficient portfolio in five different states (quintiles) of market return. 

When I examine the out-of-sample performance of a gain-loss efficient 

portfolio and a mean-variance efficient portfolio with same expected volatility, I find 

that unconditionally the returns on the gain-loss efficient portfolio do not dominate 

that on the mean-variance portfolio. But interestingly, when I divide the market 

returns into five quintiles and compare the returns on the two efficient portfolios, I find 

that in the highest quintile (lowest quintile), the gain-loss efficient portfolio 

significantly outperforms (underperforms) the mean-variance portfolio. In the middle 

three quintiles, neither portfolio dominates the other. This suggests that conditional on 

the fact that the equity market is performing well, the gain-loss efficient portfolios 

outperform their mean-variance counterparts. 

One of the reasons for the lack of overwhelming evidence of gain-loss efficient 

portfolios highly outperforming the mean-variance efficient portfolios may be 

attributable to the existence of low non-normality of hedge fund returns at the index 

level. On the whole, the results suggest that when deviations from normality are 

"small", mean-variance analysis provides a good approximation to the more robust 

and general gain-loss analysis. But when the deviations from non-normality are 

extremely large as may be the case for the individual hedge funds, it warrants the need 

for gain-loss analysis. 
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The following chapter provides a contingent-claim-based approach to 

characterize the risks and explain the returns of hedge fund strategies using a 

combination of passive buy-and-hold and option-based strategies on standard asset 

classes. 
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8 CHARACTERIZATION OF RISKS IN HEDGE FUNDS USING PASSIVE 

BUY-AND-HOLD AND OPTION-BASED STRATEGIES 

8.1 Introduction 

In this chapter, I shed light on the black box called hedge funds by attempting 

to replicate the payoffs on hedge funds using passive option buying/writing strategies 

and index buy-and-hold strategies. In particular, I model the returns of two popular 

hedge fund strategies, Event Driven and Relative Value Arbitrage, employing a 

contingent-claim-based approach first proposed by Glosten and Jagannathan (1994). 

Although, in practice, these two hedge fund strategies may follow a myriad of 

complex dynamic trading strategies, I find that a few simple option-based strategies 

capture a large proportion of the variation in their returns over time. My general 

approach can be extended to other hedge fund strategies and can be useful in designing 

appropriate benchmarks for evaluating the performance of hedge funds. This chapter 

makes two important contributions to the existing empirical literature on hedge funds. 

First, it provides a simple method to capture the linear and non-linear systematic risks 

involved in investing in hedge funds. Second, it provides useful information about 

their dominant risk exposures to compare them with their stated objectives and style 

classification. 

My objective is to examine whether there exist some simple option 

writing/buying strategies and buy-and-hold strategies that a passive investor could 

engage in and replicate reasonably well the returns of Event Driven and Relative 

Value Arbitrage funds. My work is motivated by the same idea that led Sharpe (1992) 

to conduct the style analysis of mutual funds. However, the linear factor model 

suggested by Sharpe is unable to capture the non-linearities of hedge fund returns. In 

addition, Sharpe's returns-based style analysis is too restrictive in case of hedge funds. 

Hence, I relax the two constraints in Sharpe's linear factor model. First, I do not 

impose the constraint on the factor loadings of the passive buy-and-hold and 

option-based indices to be non-negative. This accounts for the fact that hedge funds 

take both long and short positions in different asset classes. Second, I do not require 
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the factor loadings to add to one42. Relaxing this constraint accounts for the fact that 

hedge funds may use leverage. Essentially, I augment Sharpe's linear factor model 

using buy-and-hold returns on standard asset classes with options on these asset 

classes to model the non-linear component of hedge fund returns. 

The lack of public disclosure by hedge funds poses a fundamental challenge in 

the validation of my approach to characterize the different risks in hedge funds. 

Although I find that I am able to construct portfolios (consisting of option-based and 

buy-and-hold strategies) that replicate reasonably well the variation in the returns 

earned by hedge funds over time, it would be nice to have an independent 

confirmation that they indeed capture the true risks involved in the different hedge 

fund strategies. Most hedge funds are very secretive about their trading strategies 

making the task of validating my approach with portfolio information impossible. 

Therefore, I choose "Event Driven" and "Relative Value Arbitrage" strategies in order 

to compare and contrast my findings with those of other researchers who have used 

replication methodology to examine the risk-return tradeoffs in these strategies. In 

particular, I conduct my investigation using data on individual funds following these 

two hedge fund strategies as well as equally weighted indices of these strategies. 

"Event Driven" strategy has been examined by Mitchell and Pulvino (2000) using 

4750 merger and acquisition events and "Relative Value Arbitrage" strategy that 

incorporates the "pairs trading" strategy has been studied by Gatev, Goetzmann and 

Rouwenhorst (1999) (henceforth GGR). 

To the best of my knowledge, Fung and Hsieh (2001) is the only other work 

that employs option strategies to model the returns of commodity trading advisors 

(CTAs). They explore the nature of trading strategies followed by CTAs and attempt 

to replicate them. My approach has two main advantages over their approach. First, it 

can be universally applied to all hedge fund strategies. Second, my approach provides 

a simple and intuitive way of capturing the important risk exposures of hedge funds. In 

fact, Fung and Hsieh's (2001) result on the CTA returns being similar to that of a 

42 Brown, Goetzmann and Park (2000) use a similar model specification to study the role of hedge funds 

in Asian crisis. This specification is standard in the literature on hedge funds with Fung and Hsieh 

(1997a) and Brown, Goetzmann and Ibbotson (1999) having used it earlier. 
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straddle can be considered as one of the various combinations of option-based 

strategies in my generalized procedure. 

My approach builds on the important insights provided by the pioneering work 

of Fung and Hsieh (1997a) about the payoff on a hedge fund arising from primarily 

two factors: Trading Strategy factors (Option-like payoffs) and Location factors 

(payoffs from Buy-and-Hold policy)43. I capture the returns from Trading Strategy 

factors by returns on passive strategies that involve buying or writing Put or Call 

options on standard asset classes. To ensure that a passive investor can follow these 

strategies, I keep them easy to understand and straightforward to implement. In 

particular, I only consider trading in one-month-to-maturity European options on 

standard asset classes with differing degree of moneyness. The option-based strategy 

involves buying one-month-to-maturity European option on an index, e. g. Russell 

3000 index at the beginning of the month. At the end of the month, depending on the 

level of Russell 3000 index, the option is either in-the-money or out-of-the-money. If 

the option is in-the-money, the passive investor exercises the option otherwise the 

option expires worthless and the investor loses the cost of the option. I test the 

robustness of my results using the data on the S&P 500 index traded on the Chicago 

Board Options Exchange (hereafter CBOE) (available from Futures Industry Institute 

(FII)) in place of the theoretical prices of Russell 3000 options. 

I capture the returns from Location factors (Buy-and-Hold strategy) by 

different equity, bond, currency and commodity index returns, and by returns to 

Fama-French's (1996) Size (henceforth SMB) and Book-to-Market (henceforth 

HML) factors and Carhart's (1997) Momentum factor. The Fama-French and 

Momentum factors are well known for their ability to explain returns earned by 

different assets over time. 

" In addition, hedge funds can scale up their returns by employing leverage explicitly or implicitly. 

Explicit leverage implies the use of gearing in the balance sheet of hedge funds while implicit 

leverage is driven by the use of derivatives, short-selling techniques and repurchase agreements by 

hedge funds. 
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My empirical investigation is in the spirit of Glosten and Jagannathan (1994). 

Merton (1981) and Dybvig and Ross (1985) had noted that portfolios managed with 

superior information would exhibit option-like features. Dybvig and Ross (1985) also 

show how linear risk models fail to properly rank fund managers when they change 

their asset weights through time. However, Glosten-Jagannathan's (1994) work was 

the first attempt to develop the necessary theoretical framework and to use the 

contingent-claim-based approach to evaluate the excess returns of managed 

portfolios44. Although Glosten-Jagannathan's (1994) work and my work share some 

similar features, I have three additional reasons for including payoffs on option-based 

trading strategies, reasons that do not arise in case of mutual funds examined by them. 

First, unlike mutual fund managers, hedge fund manager's compensation 

involves an explicit element of sharing of the profits. This is equivalent to the investor 

having written a call option45. Due to this incentive fee element of manager's 

compensation, even if the pre-fee returns don't exhibit option-like element, the 

post-fee returns will. 

Second, unlike a large majority of mutual fund managers that do not use 

derivatives, hedge fund managers frequently trade in derivatives either explicitly or 

implicitly through dynamic trading46. Moreover, these dynamic trading strategies 

contribute to a very significant part of their returns, as is evident from the failure of 

traditional linear factor models like Sharpe (1992) in explaining their returns47. 

44 Also, see Schneeweis and Spurgin (2000) for the use of options on S&P500 to compare the 

performance of two active mutual fund managers that employ hedged equity strategies. 

`s If the incentive fee is 20% of profits, then the investor is short one-fifth of a call option. This call 

option is written on the portfolio of assets held by the manager and the exercise price depends on 

hurdle rate and high watermark provisions with the expiration date being the end of the period used 

to calculate the fee. 

46 Ackermann, McEnally and Ravenscraft (1999) document that the Investment Company Act of 1940 

requires mutual funds to state their likely use of derivatives in their prospectuses. Although most of 

the mutual funds do explicitly state this fact in their prospectuses, they rarely use derivatives. For 

example, Koski and Pontiff (1999) find that only 20% of the mutual funds in their sample of 675 

equity mutual funds invest in derivatives. 

47 Fung and Hsieh (1997a) report that Sharpe's (1992) eight-asset-class-factor model provides them 

with an adjusted RZ of only 7%. Fung and Hsieh (2000a) find that Sharpe's model performs equally 
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Finally, hedge funds are well known for their "opportunistic" nature of trading 

and a significant part of their returns is due to their taking state-contingent bets. 

Returns from option strategies help capture, at least in part, these state-contingent bets. 

All these reasons necessitate the inclusion of returns from option-based 
48 strategies while replicating the payoffs obtained from investing in hedge funds. 

I find that, in general, the returns on Event Driven and Relative Value 

Arbitrage strategies display more significant loading on Trading Strategy factors 

compared to Location factors. This indicates the importance of including option-based 

strategies in capturing the non-linear systematic risks of hedge funds. Second, the 

R-square values from my model are substantially higher than those obtained using 

Sharpe's (1992) style analysis indicating the importance of including the Trading 

Strategy factors in addition to the Location factors49. Finally, the risk exposures I 

obtain are similar to those observed by other researchers (Mitchell and Pulvino (2000), 

and Gatev et al (1999)) using detailed replication of strategies. This suggests that my 

method is able to accurately characterize the important risk exposures of Event Driven 

and Relative Value Arbitrage funds. 

Rest of the chapter is organized as follows. Section 2 provides the sample 

description. Section 3 describes the passive option-based strategies and buy-and-hold 

strategies that an investor can employ to replicate the payoffs of hedge funds. Section 

4 provides the detailed intertemporal analysis of the important risk exposures of Event 

poorly for "trend-following" CTA strategies with the adjusted R-squares ranging from -3.2% to 

7.5% (see their Table 2). 

48 Bansal and Viswanathan's (1993) show that the pricing kernel from a linear model is inappropriate 

for pricing securities whose payoffs are non-linear functions of asset class factors. Bansal, Hsieh 

and Viswanathan (1993) derive the non-linear pricing kernel using non-parametric methods to price 

such securities. I try to capture these non-linearities by including option-based strategies as 

additional factors in explaining the hedge fund returns. 

49 Fung and Hsieh (2000a) also find that the explanatory power goes up from less than 7.5% to about 

48% when they include primitive trend following strategies to explain variation of returns over time 

of trend-following commodity trading advisors. 
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Driven and Relative Value Arbitrage strategies at the index level and individual hedge 

fund level and the validation of my model. Finally, section 5 offers concluding 

remarks. 

8.2 Sample Description 

For my analysis, I employ monthly net-of-fee returns of individual Event 

Driven and Relative Value Arbitrage funds reported in the HFR database over January 

1988 to August 1999 period. For robustness, I also employ monthly net-of-fee returns 

on Event Driven and Relative Value Arbitrage equally weighted index data reported 

by HFR over January 1990 to December 1999. My sample period cover both market 

upturns and downturns, as well as relatively calm and turbulent periods. To capture 

potentially interesting intertemporal variation in risk exposures, I conduct my analysis 

over 24-month rolling windows starting from February 1988 and ending in July 

199950. In particular, I use data on 54 individual funds following Event Driven 

strategy and 25 funds following Relative Value Arbitrage strategy51. 

Event Driven strategy involves investments in opportunities created by 

significant transactional events, such as spin-offs, mergers and acquisitions, 

bankruptcy reorganizations, recapitalizations and share buybacks. The portfolio of 

some Event-Driven managers may shift in majority weighting between Merger 

Arbitrage and Distressed Securities, while others may take a broader scope. 

Instruments include both long and short common and preferred stocks, as well as debt 

securities and options. Some managers may use leverage. Fund managers may hedge 

against market risk by purchasing S&P put options or put option spreads. Relative 

Value Arbitrage strategy attempts to take advantage of relative pricing discrepancies 

between instruments including equities, debt, options and futures. Managers may use 

mathematical, fundamental or technical analysis to determine misvaluations. 

Securities may be mispriced relative to the underlying security, related securities, 

groups of securities, or the overall market. Many funds use leverage and seek 

50 I drop the first month (January 88) and the last month (August 99) to get an integer number of rolling 

windows. 
51 Each fund is classified by HFR in a single category only identified by the unique code of the fund. 
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opportunities globally. Arbitrage strategies included divided arbitrage, pairs trading, 

options arbitrage and yield curve trading. 

Although my approach considers the style classifications as provided by HFR, 

the beauty of my approach is that it is not only independent of these classifications but 

also allows me to investigate if these strategies are accurately classified. I report the 

summary statistics for the individual hedge funds following the Event Driven and 

Relative Value Arbitrage strategies in Table 8.1. I also report the moments of Russell 

3000 index52, MSCI World (excluding USA), MSCI Emerging Markets, Salomon 

Brothers Government and Corporate Bond index, Salomon Brothers World 

Government Bond index, Lehman High Yield index, Federal Reserve Bank (FRB) 

Competitiveness-Weighted Dollar index 53 and the Goldman Sachs Commodity 

index54. Panel B of Table 8.1 provides the summary statistics of these eight indices 

and "Size" (SMB) factor, "Value-Growth" (HML) factor and "Momentum" factor 

over the same period. 

(Please turn over for the Table) 

52 The popular press generally compares the performance of hedge funds with that of the S&P 500 

Composite index. However, considering the fact that most hedge funds invest in a wide range of 

equities including small cap, medium cap and large cap companies, Russell 3000 index (that 

represents over 95% of investable US equity market) captures their investment style better. 

53 FRB recently replaced its Trade-Weighted Dollar index with a Competitiveness-Weighted Dollar 

index, as the latter is a better indicator of the exchange rate. The new index is a weighted average of 

the foreign exchange value of the dollar against currencies of major U. S. trading partners. The index 

weights, which change over time, are derived from U. S. export shares as well as from U. S. and 

foreign import shares. This broad index covers 36 countries and 26 currencies. 
sa I chose the Goldman Sachs Commodity index (GSCI) instead of a Gold index used by Fung & Hsieh 

(1997a) as the former indicates better the exposure of hedge funds in commodities especially 

considering the fact that hedge funds may not be investing solely in gold among commodities. GSCI 

is designed to measure investment performance in the commodity futures market. Its components 

are weighted according to the quantity of production in the world economy giving greater weight to 

those commodities that have a greater impact. 
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Table 8.1 Summary Statistics 

This table shows the mean returns, standard deviations (SD), medians, skewness (Skew), Min-Max 
skewness (MM Skew), kurtosis, minimum and maximum realizations (Min. and Max. ) & Sharpe Ratios 
(SR) for the individual Hedge Funds following Event Driven and Relative Value Arbitrage Strategies 
and the eleven Passive investment strategies (Location Factors) during January 1988 to August 1999. In 
Panel A, N represents the number of funds following a particular strategy. I calculate the Sharpe Ratio 
considering a risk-free rate of 5% p. a. Min-Max skewness is computed as {(Maximum + Minimum - 
(2*Mean)) / (Maximum - Minimum)) 

Panel A: Hedge Fund Strategies 

Hedge fund N Mean SD Median Skew MM Kurtosis Min. Max. SR 
strategy Skew 

Event Driven 54 1.52 3.63 1.60 -0.67 -0.17 7.43 -11.00 10.97 0.37 
Relative Value 25 1.46 2.81 1.43 -0.16 -0.05 5.41 -6.32 8.69 0.57 

Arbitrage 

Panel B: Passive Strategies 

Passive strategy 
index 

Mean SD Median Skew MM 
Skew 

Kurtosis Min. Max. SR 

Equity 
Russell3000 1.21 3.60 1.43 -0.23 -0.06 4.20 -11.71 12.68 0.22 
MSCI World 0.48 4.96 0.63 0.24 0.01 3.48 -13.47 14.67 0.01 
Excluding US 

MSCI Emerging 0.18 6.76 0.94 1.24 -0.19 5.01 -27.69 19.26 -0.03 
Markets 

Fama-French SMB -0.21 2.68 -0.24 0.25 0.19 3.47 -6.36 8.83 -0.23 
factor 

Fama-French HML 0.19 2.48 -0.04 0.48 0.15 2.88 -4.50 6.55 -0.09 
factor 

Momentum factor 0.95 3.48 1.22 -0.76 -0.11 5.29 -11.47 10.95 0.15 
Bond 

SB Government and 0.72 1.27 0.85 -0.01 0.12 2.92 -2.37 4.65 0.24 
Corporate Bond 

SB World 0.78 1.78 0.92 0.25 0.09 3.23 -3.63 6.11 0.21 
Government Bond 
Lehman High Yield -0.08 3.37 0.13 -4.56 -0.43 41.42 -25.47 10.16 -0.15 

Currency 
FRB 0.51 1.04 0.50 0.15 0.16 3.08 -1.84 3.77 0.09 

Competitiveness-We 
ighted Dollar 
Commodity 

Goldman Sachs 0.28 4.59 0.06 0.46 0.28 4.58 -9.96 18.52 -0.03 
Commodity 

We can see that in contrast to the moments of individual hedge funds following 

Event Driven and Relative Value Arbitrage strategies, all Location factors except 
MSCI Emerging Markets and Lehman High Yield index exhibit close to normally 
distributed returns. 
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Having described the salient features of the data, in the next section, I describe 

the passive buy-and-hold and option-based strategies that an investor can use to 

replicate the payoffs from Event Driven and Relative Value Arbitrage funds. 

8.3 Description of Passive Buy-and-Hold and Option-based Strategies 

I now examine the extent to which a passive investor can use traditional 

buy-and-hold strategies (Location factors) and option-based strategies (Trading 

Strategy factors) to replicate the payoffs of Event Driven and Relative Value Arbitrage 

funds. Towards that end, I regress the net-of-fee monthly excess return (in excess of 

the risk free rate of interest) earned by a hedge fund on the excess return earned by 

Trading Strategy factors and that earned by Location factors. To conserve degrees of 

freedom and to mitigate potential multicollinearity problems, I use a stepwise 

regression approach55. In this procedure, the variables are entered or removed from the 

model depending on the significance of the F-value. I use this procedure to ascertain 

the factors that, ex-post, explain the returns earned by hedge funds during my sample 

period. I compute the statistical significance of the factors by using Newey-West 

(1987) standard errors to adjust for any autocorrelation in the monthly returns56 

The Trading Strategies I allow for are passive in nature and require the investor 

to, say for example, buy a one-month-to-maturity European put (or call) option on an 

index portfolio like the Russell 3000 index. Since we do not know the precise strategy 

followed by the hedge funds, I consider buying or writing options with three different 

strike prices57. In particular, I consider an at-the-money option trading strategy (where 

ss Multivariate stepwise regression has been used by other researchers including recent work by Liang 

(1999) and Fung and Hsieh (2000b). Please note that stepwise regression procedure can be used 

with different selection criteria. I consciously do not use maximizing the in-sample R2 as my 

selection criteria. However, it is important to note that as the stepwise regression algorithm searches 

for the significant variables in the entire variable space, it inherently maximizes the R2 and uses 

information about all the variables. 
"I also perform the standard robustness checks for outliers and heteroskedasticity in my data. 

57 In reality, hedge funds may be engaging in more exotic derivatives and complex trading strategies. 

However, I consider a "naive" passive investor, who can only employ simple option-based trading 
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present value of exercise price equals the current index value), an out-of-the-money 

option trading strategy (where the exercise price is half a standard deviation away 

from that of the at-the-money option) and a deep-out-of-the-money option trading 

strategy (where the exercise price is one standard deviation away from that of the 

at-the-money option) 58. I denote at-the-money Call (Put) option by Ca (Pa), 

out-of-the-money Call (Put) option by Co (Po) and deep out-of-the-money Call (Put) 

option by Cd (Pd). 

Figure 8.1 illustrates the payoff at maturity from buying a put or a call option 

on an index with different degrees of moneyness. 

Figure S. I Payoffs fron: buying Call and Put Options on an asset 

Admissible Trading Strategies 

The figures in percentages have been rounded to whole numbers for illustration purpose. 

The payoff at maturity from writing an option is simply the mirror image of the 

payoff shown. I use Black and Scholes' (1973) formula to estimate the cost of 

following such a passive trading strategy. I test the robustness of my results using the 

strategies to capture the investment style of these hedge funds. Further, a combination of my simple 

option buyingwTiting strategies may be able to provide payoffs similar to those from more exotic 

instruments. 

I use the historical volatility for determining the exercise price of out-of-the-money options. See 

Canine and Figlcw"ski (1993) and Dumas, Fleming and Whaley (1998) for the relative advantages of 

using different volatility measures in option valuation. 
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daily data on S&P 500 index options traded on the CBOE in place of the theoretical 

prices of Russell 3000 index options59. If the option expires in the money, I compute 

the return on initial investment of the cost of buying the one-month-to-maturity 

European call option. If the option expires out of the money, I assign a return of 

-100% for that month. I subtract the risk free rate of interest from these raw returns to 

obtain excess returns on these option-based trading strategies. I allow my investor to 

use passive option trading strategies on the Russell 3000 index, the MSCI Emerging 

Markets index, the Salomon Brothers (SB) World Government Bond index, the 

Lehman High Yield Composite index and the Federal Reserve Bank 

Competitiveness-Weighted Dollar index. 

The Location factors, I use, consist of indices representing equities (Russell 

3000 index, MSCI World excluding USA index and MSCI Emerging Markets index), 

bonds (SB Government and Corporate Bond index, SB World Government Bond 

index and Lehman High Yield index), Federal Reserve Bank 

Competitiveness-Weighted Dollar index and the Goldman Sachs Commodity index. I 

also include three zero investment strategies representing Fama-French's (1996) 

"Size" factor (Small minus Big - SMB), "Book-to-Market" factor (High minus Low - 

HML) and Carhart's (1997) "Momentum" factor (Winners minus Losers)60. In total, I 

use a maximum of eleven Location factors. Using these Location and Trading Strategy 

factors, I estimate the constituents of the replicating portfolio. 

In particular, I estimate the following regression61 

Rý = a' + ýk=117k Fk-t +t (1) 

s' My results remain qualitatively similar with the exchange traded S&P 500 options. Due to 

non-availability of data on exchange traded options data for other asset indices used in this study, I 

use Black and Scholes (1973) prices for options on those indices. 

60 Edwards and Liew (1999a) find that hedge funds fail to deliver significant positive alphas when the 

size, book-to-market and momentum factors are added to the standard capital asset pricing model. I 

thank Mark Carhart for providing me data on the Momentum factor. 
61 This is essentially similar to Sharpe (1992) linear factor model after including the intercept and 

relaxing the constraints that style weights need to be non-negative and should add to one. If the 

R-square from such a regression is high, the intercept can be considered as the value added by hedge 

funds. 
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where, 

R, '= net-of-fees excess return (in excess of the risk free rate of interest) on an 

individual hedge fund i for month t, 

a' = intercept for hedge fund i over the regression period, 

bk = average factor loading of an individual hedge fund i on k" factor during 

the regression period, 

F, ý= excess return (in excess of the risk free rate of interest) on k`h factor for 

month t, (k-1......... K) where the factor could be a Trading Strategy factor (an 

option-based strategy) or a Location factor (buy-and-hold position in an index), and 

u' = error term. 

8.4 Intertemporal Estimation of the Risk Exposures of Event Driven and 

Relative Value Arbitrage Strategies and Validation of the model 

Any regression-based approach involves a classic tradeoff. On one hand, we 

would prefer more observations to increase statistical confidence, while on the other 

hand, the risk exposures may not stay constant over a long period. Since theory 

provides little guidance, I choose the length of the regression window as 24 months62. 

This provides me with sufficient degrees of freedom to estimate the risk exposures and 

RER of hedge funds based on average risk exposures during the 24-month period. I 

examine the intertemporal variation in the risk exposures of hedge funds by dividing 

the entire sample period of 140 months (from January 1988 to August 1999) using 

24-month rolling windows63 

62 Brealey and Kaplanis (2000) find that the out-of-sample forecasting accuracy of the hedge fund 

return generating process is maximized at around 24 months. Ackermann, McEnally and 

Ravenscraft (1999) also consider 24-month window for their study on hedge funds. 
63 Although I analyze all the hedge funds at the individual and index level using rolling windows, for the 

purpose of illustrating the intertemporal variation in the risk exposures over distinct sub-periods and 

expositional convenience, I report the results for five non-overlapping periods throughout this 

chapter. 
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I conduct my analysis for the two HFR Indices over five equal 24-month 

non-overlapping sub-periods starting from January 1990 and ending in December 

1999. Similarly, for the individual hedge funds following these two strategies, I 

consider five equal 24-month non-overlapping sub-periods starting from September 

1989 and ending in August 1999. The reason for the slight difference in the start and 

end date for the indices and individual hedge funds, is the non-availability of the data 

for an exactly identical period. I estimate the factor loadings on the asset class factors 

that best replicate the payoffs on hedge funds. I now examine the risk exposures of all 

hedge funds following these two strategies over the five sub-periods. 

8.4.1 Results using HFR Event Driven and Relative Value Arbitrage Indices 

Since hedge funds do not provide information on their portfolio holdings, I 

need to rely on validating my model by comparing my results with those of other 

researchers, who employ alternative specifications. Therefore, I compare my results 

with those of Mitchell and Pulvino (2000) and GGR, who analyze the risk-return 

characteristics of the two hedge fund strategies, Event Driven and Relative Value 

Arbitrage respectively, using detailed replication methodology. For this purpose, I 

first employ the HFR index level data for these two strategies to determine their 

important risk exposures and RER. Then, I confirm my results at the index level 

through detailed analysis at the individual fund level. I divide my sample period from 

January 1990 and December 1999 into five equal non-overlapping periods of 24 

months each and run the stepwise regressions for the HFR Event Driven and Relative 

Value Arbitrage indices64. I report my results in Table 8.2. 

I consider the five non-overlapping periods of 24 months as Jan 90 to Dec 91, Jan 92 to Dec 93, and 

so on. For robustness of my results, I considered alternative 24-month sub-periods shifted by six 

months, e. g., Jul 90 to Jun 91, Jul 91 to Jun 92, and so on but the results remain qualitatively similar. 
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Mitchell and Pulvino (2000) compile a large sample of merger/acquisition 

events and find that event or merger arbitrage strategies exhibit a payoff similar to 

writing an uncovered put option on the market index. The results for the Event Driven 

strategy65 in Panel A of Table 8.2 are very similar to those of Mitchell and Pulvino 

(2000). Like them, I find that a put option on Russell 3000 index is an important factor 

in explaining the returns of the Event Driven strategy. In particular, my stepwise 

regression procedure selects writing naked put options on Russell 3000 index (with 

different degrees of moneyness) as the most important factors in three out of the five 

24-month sub-periods. In addition, the order of entry for these put options is one or 

two indicating that they are the first or second most important factors in the model. In 

all the three cases, the slope coefficient for these put options are negative suggesting 

that returns on Event Driven strategy are similar to those obtained by selling 

uncovered index put options. 

Like Mitchell and Pulvino (2000), I also find significant coefficients on 

Fama-French SMB factor. This is not surprising as the Event Driven strategy 

generally entails stock transactions, e. g., in case of takeovers, such a strategy would 

involve taking a long position in a small-sized target and short position in large-sized 

acquirer. This results in a natural exposure to the SMB factor. The exposure to 

uncovered index put options seems to suggest that these strategies suffer during the 

market downturns but provide limited upside during the market upturns. This result is 

intuitive as Event Driven strategies involve risk of deal failure, i. e. the risk of the 

merger and acquisition not being successful. As the acquirer is less likely to pay a 

higher price for the shares of the target firm in down market compared to that in the up 

market, the probability of deal failure is higher in market downturns compared to the 

upturns. Overall, I notice that the adjusted R-squares range from 52% to 84% (average 

being 68%) during the five sub-periods suggesting that the replicating portfolios are 

able to capture a significant proportion of the variation in the hedge fund returns over 

time. Equally importantly, I find that the Trading Strategy factors alone provide about 

63 Event Driven strategy seeks to benefit from the opportunities created by significant transactional 

events, such as spin-offs, mergers and acquisitions, bankruptcy reorganizations, recapitalizations 

and share buybacks. This broad strategy incorporates the risk arbitrage strategy examined by 

Mitchell and Pulvino (2000). 
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71% of the average total R-square (not reported in the Table). This result is consistent 

with Fung and Hsieh's (1997a) argument about a large proportion of the hedge fund 

returns arising from dynamic trading strategies. 

Panel B of Table 8.2 shows the results of the Relative Value Arbitrage66 index. 

Like GGR, I also find significant exposures to the Size factor along with a long 

exposure to the market index67. The size factor is significant in two of the five 

sub-periods. Interestingly, at the index level, I do not find a significant exposure to the 

HML factor. However, my results at the individual hedge fund level in Panel B of 

Table 8.4 (shown later) are more in line with the results of GGR as both SMB and 

HML are two of the five most important factors in two of the five sub-periods. I find 

adjusted R-squares ranging from 30% to 97% (average being 69%) over the five 

sub-periods suggesting that I am successful in capturing a large proportion of the 

dominant risks of Relative Value Arbitrage funds. 

Having calibrated my results at the index level, I now conduct similar 
investigation at individual hedge fund level to examine the robustness of my results. 

8.4.2 Results using individual Event Driven and Relative Value Arbitrage 

Funds 

I now conduct my analysis at the individual hedge fund level for the Event 

Driven and Relative Value Arbitrage funds. To ensure that my model captures some 

part of the risk exposure of a hedge fund, I require the fund to have at least one 

significant factor loading on any factor in my model. This criterion provides us with 
54 and 25 hedge funds following Event Driven and Relative Value Arbitrage 

strategies. 

66 Relative Value Arbitrage strategy attempts to take advantage of relative pricing discrepancies 

between instruments including equities, debt, options and futures. This broad strategy includes 

divided arbitrage, pairs trading, options arbitrage and yield curve trading. 
67 During some periods, the exposure to market index is indirect through writing of put options 

primarily. For the idiosyncratic risk of relative value strategies, see Richards (1999). 
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I report my results for the important risk exposures for all the funds following 

these two strategies during the five equal non-overlapping 24-month sub-periods 

starting from September 1989 and ending in August 1999 (e. g., September 1989 to 

August 1991, September 1991 to August 1993, and so on). In order to compare and 

contrast my results at the index level with those at the individual hedge fund level, I 

chose these sub-periods as close to the five sub-periods for my analysis at the index 

level as allowed by the data at the individual hedge fund level. To begin with, I report 

the distribution of the number of Location and Trading Strategy factors that show 

significant loadings for these two strategies for the five sub-periods. Then I describe 

the five most important risk factors explaining the returns on hedge funds following 

each of these strategies. 

Table 8.3 reports the number of factors that come out significant in regressions 

conducted for the five sub-periods for all the funds following Event Driven and 

Relative Value Arbitrage strategies. 

(Please turn over for the Table) 
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We can see from Table 8.3 that for all the funds following Event Driven and 

Relative Value Arbitrage strategies, a large percentage of the funds show significant 

loading on up to three Location factors. Similarly, a large percentage of the funds also 

show significant loading on up to three Trading Strategy factors for each sub-period. 

When I pool the two types of factors together, I find that a large majority of funds 

show significant loadings on up to five factors. Overall, Table 8.3 gives us an idea of 

the number of significant factor risks borne by individual hedge funds. Thus, it seems 

that the portfolio that best replicates hedge fund payoffs consists of at the most five 

constituents. 

Table 8.4 reports the results of the composition of the replicating portfolios for 

the 54 and 25 funds following Event Driven and Relative Value Arbitrage strategies. 

(Please turn over for the Table) 
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At the first sight, we can see that the adjusted R-square values I obtain using 

my specification are considerably higher than the ones obtained by Fung and Hsieh 

(1997a, 2001) using Sharpe's (1992) asset class factor model. Interestingly, I find that 

simple option-based Trading Strategies play a major role in explaining the variation of 

return on these hedge funds over time. In case of the hedge funds following Event 

Driven and Relative Value Arbitrage strategies, the proportion of observed adjusted 

R2 attributable to trading strategies is, on average, 58% and 65% of total adjusted R2 

across the five sub-periods, respectively (not reported in the Table). These high 

percentages confirm the importance of including trading strategies while determining 

the replicating portfolio for hedge funds. 

For the sake of brevity, I report the five factors that come out significant across 

a large number of funds following Event Driven and Relative Value Arbitrage 

strategies. We saw in Table 8.3 that a large percentage of all the hedge funds show 

significant exposure to five or less factors, hence the five most significant factors 

explain most of the variation in hedge fund returns. To describe the results, I provide 

the details of the risk exposures and composition of the replicating portfolio for funds 

following these two strategies. These strategies are similar to the Event Arbitrage and 
Pairs Trading strategies analyzed by Mitchell and Pulvino (2000) and GGR using 
detailed replication methodology. Hence, their choice enables me to compare and 

contrast my findings from regression analysis with theirs. 

8.4.2.1 Characterizing Risk Exposures of Event Driven funds 

I start by describing the five important factor exposures (in decreasing order of 

the number of funds that display significant loading on these factors) for the Event 

Driven strategy. I find that a majority of funds (26 out of 51) show significant loading 

on the Fama-French's Size (SMB) factor indicating an exposure to equities. This 

result is consistent with my results at the index level. The mean (median) factor 

loading on the SMB factor is 0.44 (0.44). The average (median) order of entry68of the 

Size factor is 2.50 (2.00) suggesting that although this factor affect the largest number 

68 For expositional convenience, I do not report the order of entry for the various factors in the tables. 
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of funds following the Event Driven strategy, it only enters like the second or the third 

factor in the stepwise regression. 

The next factor that affects a large number of funds is a Trading Strategy 

factor, a passive strategy involving an at-the-money put option on Russell 3000 index 

(RUSPa). Note that the mean (median) factor loading is -0.61 (-0.61). The negative 

sign indicates that investing in Event Driven funds exposes investors to risks similar to 

that involved in writing an at-the-money put option on the Russell 3000 index. 

Interestingly, all the 17 funds show loading of the same sign (not reported). The mean 

(median) order of entry is 1.06 (1.00) indicating that although it comes second in the 

number of funds showing exposure to it, writing an at-the-money put on the Russell 

3000 index is the most important factor in terms of entry in the regression. This can be 

seen from the fact that in 16 out of the 17 cases (not reported in the table), it was 

selected as the first factor in the stepwise regression procedure. 

The third factor in the decreasing sequence of number of funds showing 

significant exposure to a factor is again a Trading Strategy factor; deep 

out-of-the-money put option on Russell 3000 index. 10 out of the 51 funds show 

significant mean (median) loading of -0.50 (434) on this factor and the mean 

(median) order of entry is 1.20 (1.00) indicating that it enters as the first factor in a 

large number of cases. Recall from the results for the last sub-period in Panel A of 

Table 8.2 that I had found this result at the HFR Event Driven index level too69. Now I 

also find this at an individual fund level. Furthermore, both these results are consistent 

with the findings of Mitchell and Pulvino (2000). 

The fourth factor is at-the-money put option on MSCI Emerging Markets 

index with 9 out of the 51 funds showing significant loading on this factor. The mean 

(median) factor loading is -0.36 (-0.37). The mean (median) order of entry of 2.11 

(2.00) indicates that this factor like SMB only enters the regression as the second or 

69 As the index level data is available from Jan 1990 to Dec 1999 and the individual fund data is 

available from Jan 1988 to Aug 1999, the five sub-periods for the index and individual fund level 

analysis are not exactly identical. However, I choose the best available option of a difference of only 
4 months between the two sub-periods. 
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the third factor. Finally, the last factor in the five most important factors is an 

out-of-the-money call option on the SB World Government Bond index, where 6 out 

of 51 funds show a significant loading on it. It shows a mean (median) order of entry 

of about 1.67 (2.00) indicating that it enters either as the second or the third factor in 

the regression. Overall, put options on the Russell 3000 index with different degrees of 

moneyness come out as the most important factors in significant number of cases. This 

confirms the results at the index level that investing in Event Driven funds exposes 

investors to risk that is similar to writing put options on the index. 

Finally, the two rows after the fifth most important factor report the mean and 

median adjusted RZ values. For Event Driven strategy, the mean (median) adjusted R2 

across the 51 funds (No. ) equals 62% (67%). 

This summarizes the salient findings from estimating the important risk 

exposures of the Event Driven strategy. Panel B of Table 8.4 reports the results for the 

funds following Relative Value Arbitrage strategy. For the sake of brevity, I highlight 

below the results for the most recent sub-period from September 1997 to August 1999 

for this strategy as well. 

8.4.2.2 Characterizing Risk Exposures of Relative Value Arbitrage funds 

Continuing further, I now describe the five important factor exposures (in 

decreasing order of the number of funds that display significant loading on these 

factors) for the "Relative Value Arbitrage" strategy. I find that a majority of funds 

show significant loading on the Fama-French's Size (SMB) factor (9 out of 20) and 

Value-Growth (HML) factor (5 out of 20) indicating an exposure to equities. This 

result of the Fama-French factors being the two most important factors in explaining 

the returns of Relative Value Arbitrage funds is consistent with the findings of GGR 

using replication methodology for pairs trading. 

The next three factors in the decreasing sequence of number of funds showing 

significant exposure to a factor are call option on the Lehman High Yield index, deep 

out-of-the-money call option on Russell 3000 index and at-the-money put option on 
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MSCI Emerging Markets index respectively. Overall, four out of the five most 
important factor exposures are based on equities. This is consistent with the fact that 

this strategy entails primarily investing in stocks, e. g., Pairs Trading involves 

investing in stocks that move together. Recall from the results for the last sub-period in 

Panel B of Table 9.2 that I had found this result at the HFR Relative Value Arbitrage 

index level. Now I also find this at an individual fund level. This presents strong 

evidence that my results are robust and consistent with those of GGR. 

Finally, the two rows after the fifth most important factor report the mean and 

median adjusted R2 values. For Relative Value Arbitrage strategy, the mean (median) 

adjusted RZ across the 20 funds (No. ) equals 65% (74%). 

8.4.3 Additional empirical insights into non-linear hedge fund risk exposures 

We have already seen that the inclusion of various Trading Strategy factors 

significantly improves the explanatory power of my model. I further illustrate the 

non-linear association of hedge fund returns to the different asset classes by 

employing a locally weighted polynomial regression technique (LOWESS) originally 

proposed by Cleveland (1979) and further developed by Cleveland and Devlin (1988). 

This modelling method combines the simplicity of linear least squares regression with 

the flexibility of non-linear regression to graphically demonstrate the non-linear 

association between dependent and independent variables. 

To exemplify my point, as an example, I chose one of the five non-overlapping 

sub-periods, Jan 90 to Dec 91, for the Event Driven strategy. I show that the ordinary 
least squares (OLS) regression is unable to capture the non-linear relationship between 

the returns for these strategies and the Russell 3000 index. Figure 8.2 demonstrates the 

effectiveness of LOWESS fit in capturing the non-linearity and relatively poor fit 

between hedge fund returns and the index using OLS. I also plot the payoffs from 

buying/writing Russell 3000 put options using my earlier results from Panels A and B 

of Table 8.2 in Figure 8.2. 
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Figure 8.2 Non-Linear Risk Exposures of Event Driven Strategy 

Event Driven Index: Exposure to Russell 3000 Index (Period: Jan '90 to Dec'91) 

E 
är 

-15 

a> 
"c 
C 
c 
a, 
W 

LOWESS 

Writing an at-the 
money Put `. 

/" 
-s 

-8 1 

Russell 3000 Index Returns 

We notice a prominent similarity in the LOWESS fit and the risk exposures 

predicted by my model. The returns of Event Driven strategy during Jan 90 to Dec 91 

resemble writing an at-the-money put option on Russell 3000 index. Further, when I 

estimate OLS regression between Event Driven strategy and the Russell 3000 index 

during this sub-period, I obtain adjusted R-square value of 50%. However, when I 

replace the buy-and-hold returns on the Russell 3000 index with the returns on Russell 

3000 put options, the adjusted R-square value increases to 76%. The graphical 

smoothening LOWESS technique provides a fit that is strikingly similar to the payoff 

from writing at-the-money put options on Russell 3000 index. This provides 

supplementary support to my argument of employing option-based strategies to 

characterize the risks of hedge fund strategies. 

8.5 Conclusion 

This chapter determines the composition of a passive portfolio that best 

replicates the payoff on hedge funds using a combination of passive buy-and-hold and 

D 
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option-based strategies. I employ a new approach to examine the important risk 

exposures of hedge funds following Event Driven and Relative Value Arbitrage 

strategies. I validate the findings from my model using both individual hedge fund 

level and index level data for two strategies studied by other researchers using 

different methodologies. My findings from the analysis at an individual hedge fund 

level further confirm my results at the index level for the Event Driven and Relative 

Value Arbitrage hedge funds. 

I have three main findings. First, I observe that my model consisting of 

Trading Strategy factors and Location factors is able to explain a significant 

proportion of the variation in Event Driven and Relative Value Arbitrage fund returns 

over time. This is evident from the higher R-square values from my model compared 

to those obtained using Sharpe's (1992) style analysis with the buy-and-hold returns 

on standard asset classes. Second, my approach of including option-based strategies 

allows me to capture the inherent non-linear systematic risks of hedge funds due to 

their use of derivatives and dynamic trading strategies. Finally, the risk exposures I 

obtain are similar to those observed by other researchers (Mitchell and Pulvino (2000), 

and Gatev et al (1999)) using detailed replication of strategies. This offers independent 

confirmation that my approach is able to accurately characterize the important risk 

exposures of Event Driven and Relative Value Arbitrage funds. 

Estimation of risk exposures of hedge funds is an important area of research. 

Investing in hedge fund involves significant costs for the investor and selecting the 

right manager is crucial in case of hedge funds. Hence, a model that accounts for the 

linear and non-linear risk exposures of hedge funds is necessary for understanding the 

nature of risks involved in investing in them. My study contributes by providing a 

simple yet powerful approach that can prove to be useful in designing a benchmark for 

hedge funds and evaluating their risk-adjusted performance. 

The following chapter examines the relationship between characteristic 
features of hedge funds and their performance after adjusting for the strategy effects. 
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9 CHARACTERISTIC FEATURES AND PERFORMANCE OF HEDGE 

FUNDS 

9.1 Introduction 

Hedge funds typically have various characteristic features such as hurdle rates, 
incentive fees with high watermark provision that are intended to help in a better 

alignment of the interests of the managers and the investors. Furthermore, a majority 

of them use leverage to exploit arbitrage opportunities and are domiciled outside the 

US in order to enjoy tax benefits and fewer regulations. Hence, it is not unreasonable 

to believe that these features should have a direct impact on the performance of hedge 

funds. 

This chapter employs a new database of individual manager returns compiled 
by a London-based investment advisory firm, Fauchier Partners Limited, to conduct a 

comprehensive analysis of the relationship between the characteristic features and the 

performance of hedge funds. This chapter examines whether one can differentiate 

between the funds that will perform well and the funds that will perform poorly in the 

future on the basis of their characteristic features. In a recent paper by Ackermann, 

McEnally and Ravenscraft (1999), henceforth AMR, they find that incentive fee is 

positively related to risk-adjusted performance. They obtain statistically insignificant 

results pertaining to the other features like management fee, age and domicile status. 

This chapter contributes and extends significantly AMR's work in several ways. 

First, I use a different sample that differs from AMR's sample with respect to 

the sample period and the extent of strategy coverage of the funds. I examine data for 

the most recent period from April 1995 to March 1998 that covers market upturns and 

downturns over stable and turbulent periods. I confirm the reliability of the data by 

cross checking the figures from several databases including those of TASS 

Management and Altvest. I include a larger number of hedge fund strategies than as 

compared to just five strategies used by AMR. As the different hedge fund strategies 

have different levels of risk associated with them, inclusion of only a limited number 
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of strategies is likely to affect AMR's inferences about the relationship between the 

features and the risk-adjusted performance of hedge funds. 

Second, my methodology differs considerably as I conduct a dynamic 

cross-sectional analysis of the relationship between performance and characteristics of 

hedge funds. I employ a pooled time-series cross-sectional regression approach 

similar in spirit to Fama and MacBeth (1973), and Fama and French (1992). Unlike 

AMR, this provides me with a better understanding of the changing levels of the 

various characteristics with time and their impact on the performance of the various 

hedge fund strategies. Hence, my results are more robust and capture better the 

dynamics of the relationship between performance and fund features. 

Third, I study this relationship for a larger number of features that includes 

some unique features of hedge funds, not found in traditional mutual funds, like high 

watermark provision and hurdle rate. These have a direct influence on the 

performance of hedge funds; for instance, the incentive fee helps in aligning the 

interests of the managers with those of the investors. Specifically, I consider a number 

of other important features like use of leverage, redemption and entrance periods, 

volatility of returns, presence of global focus, acceptability of managed accounts, 

exchange listing and notice period, not considered in the AMR study. 

I find that six variables namely age, leverage, estimated assets or size, 

minimum investment, onshore or tax status and global focus turn out to be significant 

determinants of the performance of hedge funds at the 5% level considering 

equally-weighted time-series means of the slope coefficients in the pooled 

regressions. 

Age turns out to be positively related to the performance70. This implies that 

older funds, by virtue of an established reputation and clientele along with their longer 

70 This is in sharp contrast to Liang (1999) who finds a negative relationship between age and 

performance. One of the reasons for this difference in the result may be due to the fact that he does 

not control for the `strategy' effect. It is important to do so as different hedge fund strategies have 

different levels of risk. 
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experience, may be able to outperform the relatively younger funds. I find that 

leverage is positively related to the performance. This implies that highly levered 

funds provide higher returns that may be due to the tendency of such funds to take a 
higher amount of risks. 

Interestingly, I observe a negative relationship between size and performance. 

This result may be attributable to decreasing returns with increasing size of the fund 

including inability of large funds to take advantage of small-scale opportunities, 

difficulty faced by directional managers in getting out of trades, difficulty in 

maintaining the quality of personnel with increasing size, etc. In contrast, Liang 

(1999) finds a positive association between the fund size and average returns arguing 

that the average fund size in his sample is not big enough and the positive coefficient 

reflects that large funds enjoy economies of scale. But, Liang (1999) does not control 
for fixed effects like hedge-fund-strategy and leaves out a number of important 

features in his multivariate analysis that may lead to spurious conclusions. 

I notice that minimum investment is positively related to the performance. As 

the more reputed funds and the funds which have done well in the past, tend to have 

higher barriers to entry in terms of a high minimum investment requirement, the 

positive relationship between this variable and performance is intuitive. Presence of 

global focus is negatively related to the performance that may be due to the fact that 

most of the funds with a global focus tend to invest in the emerging markets, which 
have not provided good returns during the sample period considered in this study. The 

positive relationship between the onshore status and performance indicates that most 

of the onshore funds seem to perform better than the offshore ones and may be 

offering the offshore funds to their investors at a later stage. AMR also find that US 

hedge funds perform better than the offshore funds on a risk-adjusted basis and 

attribute this result to the additional liabilities faced by the US managers. 

I note that the some of the provisions like high watermark and hurdle rate, 

specific to hedge funds, do not seem to be a significant determinant of the performance 

of the hedge funds. This does not come as a big surprise as we know that most of the 
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managers have an option to "leave the sinking boat" and switch to another fund or start 

another fund71. 

9.2 Characteristic features of hedge funds 

In this section, I discuss the different features and their likely relationship with 

performance. 

9.2.1 Leverage 

Leverage is one of the most important characteristics that distinguish the hedge 

funds with the mutual funds. Since I do not have information on the level of leverage, 

I categorize the hedge funds into two categories: funds that use leverage and funds 

which don't. Since leverage potentially increases the risk, one would believe that 

levered funds would provide higher returns than the funds that do not use leverage. It 

needs to be pointed out that the leverage on its own should not be considered as a 

negative aspect of the fund as it depends on the total capital base and the strategy 

employed by the hedge fund. For example, Fixed Income Arbitrage fund usually have 

much higher leverage as compared to the others, which may be justified on the basis of 

the nature of the trading strategy used by such funds. The issue of leverage is also 

associated with another important feature of domicile status that I discuss next. If it is 

tax-qualified fund that does not pay taxes on its investment returns like the offshore 

funds and it employs leverage by borrowing funds to enhance its investment returns, it 

may be taxed on the gains from such enhancement. Since most of the tax-exempt 

offshore funds do not like getting involved in tax filings, they avoid leverage either 

through investments which they make directly or investments made through hedge 

The other indicator variables do not seem to affect performance of hedge funds. These include the 

feature of accepting managed accounts from investors which does not determine the performance of 
hedge funds, i. e., the funds which accept managed accounts do not perform better or worse than 

those which do not accept managed accounts. Dummy variables for entrance and redemption 

periods also do not affect the performance, i. e., longer or shorter entry or exit from the funds does 

not seem to make a difference. Similarly, the fact that the fund is exchange listed or not, or is open 

for new investment or not, do not determine the performance significantly. 
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fund limited partnerships which employ leverage. In this context, I should mention 
that I have been extremely cautious in avoiding any "double-counting" in my database 

by including either the offshore or the limited partnership (onshore) funds under the 

same management in my sample. 72 

9.2.2 Domicile Status 

From the point of view of taxes, domicile status is an important feature. I 

classify hedge funds into offshore and onshore funds based on the domicile of the 
fund73. One expects that there will be significant differences in the performance of 

offshore and onshore funds as the offshore funds enjoy tax benefits and face fewer 

regulations. 

9.2.3 High Watermark and Hurdle Rate provisions 

High watermark provision feature is unique to the hedge funds. The purpose of 
this feature is to reduce the option-like payoff inherent in a fund manager's contract. 

Hurdle rate feature states that the manager cannot collect the incentive fees unless 

he/she achieves a minimum rate of return. I control for these features by using a 

separate dummy for each of these two features. The basic purpose of these features is 

to align the interests of the manager with that of the investor. I determine whether this 

purpose is accomplished or not by investigating the performance of the hedge funds 

with and without the high watermark and hurdle rate provisions. 

9.2.4 Management and Incentive Fees 

72 In case of both the onshore and offshore fund with the same management, I choose the one with the 
longer time-series data. 

73 London-based manager may very well be managing a fund in Bermuda, in which case the fund's 
domicile is in Bermuda while that of the manager is in UK, making it an offshore fund. 
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Hedge funds charge significant performance-linked incentive fee in addition to 

a management fee74. Hence, the total fee charged by hedge funds is larger compared to 

the traditional active managers and one expects that on this account they may provide 

higher returns. 

9.2.5 Redemption and Investment Intervals 

Redemption and investment intervals may also affect the performance of the 

funds. If this duration is longer, it provides the manager with more flexibility to invest 

from long-term point of view and in relatively illiquid assets like distressed and 

private securities. I classify the hedge funds in my sample into different categories like 

annually, semi-annually, quarterly, monthly, fortnightly, weekly and daily for both the 

redemption and investment intervals. A priori, one would imagine that funds with 

longer investment and redemption intervals would exhibit higher returns. 

9.2.6 Size of the fund 

One hypothesis seems to suggest that returns decrease with increasing size of 

the fund. This can occur due to the inability of large funds to take advantage of 

small-scale opportunities, difficulty faced by directional managers in getting out of 

trades, difficulty in maintaining the quality of personnel with increasing size, etc. I test 

if this hypothesis is true by using a natural logarithm of the estimated assets of the 

funds as a proxy for the size in my multivariate analysis. I also include the square of 

the natural logarithm of the estimated assets of the funds to examine if there exists a 

non-linear relationship between performance and size. 

74 A nice interpretation of the incentive fees is that it can be considered as a call option on the profits of 

the hedge fund. If the manager's bet is successful, option is in the money and the manager collects a 

share of the profit in terms of a large incentive fee. On the other hand, if his/her bet turns out to be 

unsuccessful, there is a loss of his investment together with an option premium, which in this case is 

the loss of a proportion of management fee as the assets under management decline. 
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9.2.7 Age of the fund 

I believe that the age of the funds is likely to affect the performance of the 

funds. However, it is not clear whether the performance of hedge funds improves or 

declines with age. One hypothesis seems to suggest that the performance of hedge 

funds deteriorates with age. This decline in the performance with time can be due to 

number of reasons. Some of the reasons include the difficulty of investing large capital 

in niche markets, inability to manage large-scale operation with the same efficiency, 

turnover of good managers that often leave successful old funds to start their own new 

funds and the limitation of a particular hedge fund strategy, especially arbitrage-based, 

to provide good returns over a long period of time. However, an alternative hypothesis 

suggests that more mature and successful fund may continue to generate profits as it 

may be able to hire better and more skilled personnel by capitalizing on its reputation 

and past success. Thus, it is interesting to examine how the performance of hedge 

funds changes with their age. For my analysis, I consider the age of the funds in years 

starting from their date of inception and at the beginning of my regression period to 

avoid any forward-looking bias in the age variable. 

I report the summary statistics of the different hedge fund features in Table 9.1. 

Table 9.1 Summary Statistics of different hedge fund features 

This table shows the minimum, maximum, mean, median and standard deviations of the various fund 
features like fund assets, management fee, incentive fee, minimum investment, redemption period, 
entrance period, notice period and minimum size of the managed accounts for the 173 fund managers 
using ten different strategies during April 1995 to March1998. 

Variable Funds Min. Max. Mean Median Std. Dev. 
Fund Assets (in million USD) 151 5.2 6500 279.2 82.9 756.3 

Management Fee (in %) 173 0.0 3.0 1.2 1.0 0.5 
Incentive Fee (in %) 173 0.0 33.0 18.3 20.0 5.6 

Minimum Investment (in 173 0.002 5.0 0.76 0.50 0.88 
million USD) 

Redemption Period (in days) 173 1 360 107.5 90 114.6 
Entrance Period (in days) 172 1 180 45.6 30 33.7 

Notice Period (in days) 167 1 180 36.6 30 25.5 
Min. Size of Managed Accounts 92 0 100 13.5 10 17.8 

(in million USD) 
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As some of the hedge funds do not report all the statistics, the total number of 

funds for each of the statistics is not always equal to 17375. The average fund asset size 

of $279.2 million (median $82.9 million) in my sample is bigger than those in other 

studies (Fung & Hsieh (1997a), Brown, Goetzmann & Ibbotson (1999) and Liang 

(1999)). Management fee charged by the hedge funds in my sample ranges between 

0% and 3%, the average being 1.2%, a figure close to the industry average reported in 

other studies. On the other hand, the incentive fee can be as high as 33%, though the 

mean again is around 18%. The minimum investment for these funds ranges from 

$2,000 to $5,000,000. From the Table 9.1, one can observe that the redemption, 

entrance and notice periods can be just one day which means that the investor can 

withdraw from a fund by giving just a day's notice or enter it by giving the same notice 

period. Also, s/he can redeem the fund in a single day's time. The maximum value of 

these periods can though be as high as 180 or 360 days as shown in Table 9.1. 

9.3 Relationship between performance and features 

In this section, I examine the relationship between the various features and 

performance to find those features that are significant determinants of performance of 

hedge funds. Unlike a recent paper by AMR, I restrain myself from conducting this 

analysis based on average values across all the funds as of end date as I intend to 

capture the dynamic nature of the relationship between the various features and 

performance. Hence, I perform a pooled time-series cross-sectional regression using 

established methodology adopted by Fama and MacBeth (1973) and Fama and French 

(1992). 

75 I have 92 funds with information on minimum size, 151 funds having data for asset size, 167 funds 

having information on notice period and 172 funds with data on notice period. I have information on 
the remaining features for all the 173 funds. 
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Specifically, I perform the following pooled time-series cross-sectional 

regression: 

R; 
1= a+ß�I (MA)1, +P2, age,, +ß3, I (entrance),, +ß41I (exchange),, + 

/35, I (global),, +/6, I (hurd),, + /J71incentive 
_ 

fee;, + /8, I (leverage)s, + 

i A, In(est_asset),, +ß,,, [ln(est_asset),, ] +, ß�r In(min invt),, + 

ß12rmgmt 
_ 

fee;, +ß13, notice, +ß14I (onshore),, +, 315,1(open + ,r 
27 

ß161I(redemption),, +ß17, I (watermark)., +)3181volatilityi, +Z/3;, I (d (S)),, +E; r 
i=19 

where, 

R; 1 is the return of the hedge fund in month t, 
I( ); ' denotes indicator or dummy variables in the above regression, 
MA;, is an indicator variable that takes a value of 0 if the fund i does not accept 

managed account and 1 if it does, 

age;, is the age of the hedge fund i in number of years, 

entrance; 1 is the investment interval for the fund i which takes values from 1 to 

5 for daily, weekly, fortnightly, monthly and quarterly investment periods, 

exchange;, is a dummy variable which equals 1 if the fund i is exchange listed, 

global; is a dummy variable that takes a value of 1 if the fund i has a global 
focus, 

hurdl is a dummy variable that takes a value of 1 if the fund i uses hurdle rate, 

incentiveJee,, is the incentive fee charged by the hedge fund i in percentage, 
leverage; t is a dummy variable which is equal to 1 if the fund i uses leverage, 

ln(est asset)it is the natural logarithm of the estimated assets of the fund i, 

ln(min_invt);, is the natural logarithm of the minimum investment required to 

subscribe to fund i, 

mgmt eel, is the management fee charged by the hedge fund i in percentage, 

notice;, is the notice period in number of days for fund i, 

onshore;, is a dummy variable indicating the domicile status of the fund i 

where 1 means onshore and 0 is for offshore, 
open;, is a dummy variable which equals 1 if the fund i is open for investment, 
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redemption; 1 is the redemption interval for the fund i which takes values from 1 

to 7 for daily, weekly, fortnightly, monthly, quarterly, semi-annually and annually 

redemption periods, 

tivatermarkt is a dummy variable that takes a value of 1 if the fund i uses high 

watermark provision, 

volatility, 1 is the volatility of the fund i during the sample period of 36 months, 

and 
I(d(S)),, are the dummy variables for the various hedge fund styles ranging 

from Event Arbitrage to Short funds. 

I control for the fixed effect related to the different hedge fund strategies by 

including dummy variables for the ten strategies in the pooled regression. The reason 
for controlling for strategy is that one would expect that the various features would be 

related to the performance after accounting for the strategy used by them, e. g. macro 

managers are much more capable of handling large sums than niche managers, hence 

in the case of macro managers, one may expect to see positive relationship between 

size and performance. As there is no theoretical justification for including the 

interaction terms of the dummy variables controlling for different strategies and 

different characteristic features like age, management and incentive fee, etc., I 

consider the general model specification without the interaction terms. For each of the 

36 months in my sample period, I regress the returns on the 173 funds on the variables 

hypothesized to explain the performance of hedge funds. Using the Fama-MacBeth 

and Fama-French standard tests for determining the explanatory variables that 

significantly determine the performance of hedge funds, I compute the time series 

means of the monthly regression slopes where the t-statistics are determined by 

dividing the mean by its time series standard error. I include the square of the natural 

logarithm of the estimated assets of the funds to examine if there exists a non-linear 

relationship between performance and size. 

The results from the pooled time-series cross-sectional regressions are given in 

Table 9.2. I control for the varying levels of risk inherent in different hedge fund 

strategies by including the volatility of the fund as an explanatory variable. This is 

especially important in the case of hedge funds as most of them employ leverage 

resulting in higher volatility, likely to affect the returns of the funds. 
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Table 9.2 Relationship between performance and different hedge fund features 

This table shows the equally-weighted averages of the slope coefficients of the various explanatory 
variables in the pooled time-series cross-sectional regressions of the performance against the various 
fund features. The indicator explanatory variables included in the regressions are entrance period, 
exchange listing, global focus, hurdle rate, leverage, onshore status, open to investment status, 
redemption period, high watermark provision while the quantitative explanatory variables included in 
the regressions are age in years, incentive fee in percentage, natural logarithm of estimated assets, 
square of the natural logarithm of estimated assets, natural logarithm of minimum investment, 

management fee in percentage, notice period in days, and volatility. The ten indicator variables 
corresponding to the ten hedge fund strategies are Event Arbitrage (EA), Event Driven (ED), Capital 
Structure Arbitrage (CSA), Equity Hedge (EH), Hedge (Long Bias) (HLB), Restructuring (RESTR), 
Macro (MACRO), Fixed Income Arbitrage (FIA), Short (SHORT) and Long (LONG). Asterisk 
indicates significance at the 5% level. 

Variables Coeff. t-stat Variables Coeff. t-stat 
Constant 34.49 2.65 Onshore Status 0.71 2.12 

Accepts Managed Accounts -0.10 -0.74 Open to Investment 0.13 0.57 
Age 0.06' 2.56 Redemption Period -0.07 -0.44 

Entrance Period -0.30 -1.63 High Watermark -0.13 -0.56 
Exchange Listing 0.07 0.24 Volatility -0.18 -1.86 

Global Focus -0.54' -2.60 EA -0.76 -1.06 
Hurdle Rate -0.17 -0.54 ED -0.64 -1.09 
Incentive Fee -0.02 -0.83 CSA -1.92' -3.25 

Leverage 0.88' 2.37 EH -1.10 -1.58 
In(estimated_asset) -4.15' -2.71 RESTR -1.08' -2.29 

[In(estimated_asset)12 0.12' 2.62 MACRO -0.25 -0.31 
ln(minimum_investment) 0.40' 3.22 LONG 0.45 0.45 

Management Fee 0.26 1.18 FIA -0.53 -0.91 
Notice Period 0.00 -0.76 SHORT -2.34' -2.62 

R 0.44 
Adjusted RZ 0.15 

I find that six variables - age, leverage, estimated assets or size, minimum 
investment, onshore or tax status and global focus are significant determinants of the 

performance of hedge funds at the 5% level considering the equally-weighted 

time-series means of the slope coefficients76. I also find the square of the natural 

logarithm of the estimated assets of the funds significant implying that there is a 

non-linear relationship between performance and size. 

Age turns out to be positively related to the performance. A positive slope 

coefficient of 0.06 on age implies that the increase in the age of the fund from the 

76 1 also find some of the dummy variables like Equity Hedge, Macro, Short and Capital Structure 

Arbitrage funds significant in the pooled regressions. This can be interpreted as significant 
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inception date by one year leads to increase in the performance by 0.06% per month77. 

The intuition behind the result lies in the fact that older funds, by virtue of an 

established reputation and clientele coupled with longer experience, may be able to 

outperform the relatively younger funds. I also observe that leverage is positively 

related to the performance. A slope coefficient of 0.88 signifies that the funds using 

leverage tend to have average returns higher by 0.88% per month when compared to 

the funds not using leverage after adjusting for the volatility or risk which is included 

as a separate explanatory variable in the pooled regressions. This result can be 

attributed to the fact that levered funds may be in a better position to exploit arbitrage 

opportunities to gain higher returns as compared to the funds that do not use leverage. 

Interestingly, I notice a negative relationship between size and performance. 

This may be due to decreasing returns with increasing size of the fund including 

inability of large funds to take advantage of small-scale opportunities, difficulty faced 

by directional managers in getting out of trades, difficulty in maintaining the quality of 

personnel with increasing size, etc. In contrast, Liang (1999) finds a positive 

association between the fund size and average returns arguing that the average fund 

size in his sample is not big enough and the positive coefficient reflects that large 

funds enjoy economies of scale. Liang's (1999) results may be due to not controlling 

for fixed effects like hedge-fund-strategy and leaving out a number of important 

features in his multivariate analysis that may lead to spurious conclusions. I find that 

minimum investment also turns out to be a significant determinant of performance and 

is positively related to the performance. As the more reputed funds and the better 

performing funds tend to have higher barriers to entry in terms of a high minimum 

investment requirement, the positive relationship between minimum investment and 

performance is intuitive. Presence of global focus turns out to be negatively related to 

the performance that may be due to the fact that funds with a global focus tend to 

invest in the emerging markets, which have not provided good returns during the 

sample period considered in this study. The positive relationship between the onshore 

outperformance or underperformance of these strategies relative to the Hedge (Long Bias) - the 

reference strategy in these regressions. 

n This is in sharp contrast to Liang (1999), who finds a negative relationship between age and 

performance. His result may be driven due to the lack of controlling for the strategy of the funds. 
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status and performance indicates that most of the onshore funds seem to perform better 

than the offshore ones and may be offering the offshore funds to their investors at a 
later stage. I find a reasonably significant explanatory power in this model reflected in 

the R2 value of 44% and adjusted R2 value of 15%. 

I note that the some of the provisions like high watermark and hurdle rate, 

specific to hedge funds, do not seem to be a significant determinant of the performance 

of the hedge funds. This does not come as a big surprise as we know that most of the 

managers have an option to "leave the sinking boat" and switch to another fund or start 

another fund78. 

9.4 Conclusion 

In this chapter, I examine the relationship between performance and the 

various characteristic hedge fund features. My results show that six variables, namely 

age, leverage, estimated assets or size, minimum investment, onshore or tax status and 

global focus turn out to be significant determinants of the performance of hedge funds. 

One can observe that different strategies exhibit different levels of risk and hence one 

should control for the `strategy' effect in order to study how the various features affect 

the performance of hedge funds. I include volatility as an additional explanatory 

variable in order to adjust for the risk. I employ pooled time-series cross-sectional 

analysis to capture the dynamics of the relationship between features and 

performance. These results significantly improve our understanding of the effect of 

the features on the performance of hedge funds. My empirical results help in 

identifying the hedge fund features that are significant determinants of their 

performance. 

78 The other indicator variables do not seem to affect performance of hedge funds significantly. These 

include the feature of accepting managed accounts from investors that does not determine the 

performance of hedge funds. The funds that accept managed accounts do not perform better or 

worse than those that do not accept managed accounts. Dummy variables for entrance and 

redemption periods also do not affect the performance, i. e. longer or shorter entry or exit from the 

funds does not seem to make a difference. Similarly, the fact that the fund is exchange listed or not, 

or is open for new investment or not, do not affect the performance significantly. 
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The next chapter offers the concluding remarks of this dissertation 

summarizing the main findings and outlining some areas for future research in hedge 

funds. 
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10 CONCLUSION 

With the recent financial innovation and increasing globalization of financial 

markets, it seems that the new breed of hedge fund managers employing "alternative 

investment strategies" is slowly overshadowing the era of traditional investment 

vehicles. Moreover, recent economic and financial events have placed hedge funds in 

the spotlight. Unfortunately, due to the lack of reliable information about hedge funds, 

very little is known about their historical risk and return characteristics. This 

dissertation provides a comprehensive analysis of various issues related to the 

"black-box" of hedge funds by evaluating their performance and analyzing their 

risk-return characteristics to assess their potential role in institutional portfolios. 

The opening chapter of this dissertation provides the main objectives of this 

study on hedge funds and highlights its implications for the investment community. 

Chapter 2 describes the concept of hedging with an overview and definition of hedge 

funds. Chapter 3 reviews the existing literature on hedge funds. Chapter 4 analyzes the 

risk-return characteristics of hedge fund strategies, conducts mean-variance analysis 

for asset allocation involving hedge funds and applies multi-factor model for 

estimating their abnormal returns. My results make a case for allocating a non-trivial 

part of the overall portfolio to hedge funds. I find that, in general, the non-directional 

strategies exhibit higher Sharpe ratios and lower downside risk as compared to the 

directional strategies. I observe that the inclusion of hedge funds provides better 

opportunities for diversification. In particular, a mix of investment in hedge funds 

(mainly non-directional) and passive indexing offers a significantly better risk-return 

tradeoff compared to that achievable by passive-only investing. Using a multi-factor 

model covering a wide range of asset classes, I notice that the hedge funds outperform 

the benchmark by 0.5% to 1.3% per month, a range much higher than that provided by 

the traditional active managers. However, these abnormal returns are associated with 

an active risk ranging from 0.9% to 4.2% per month. 

Chapter 5 conducts a generalized style analysis of hedge funds to infer their 

statistically significant risk exposures. The conventional returns-based style analysis 

used by Sharpe (1992) cannot be applied to hedge funds. This is because Sharpe 
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constrains the style weights to be non-negative and forces them to add up to a hundred 

percent. This makes perfect sense in case of mutual funds. However, most hedge fund 

strategies take short positions in different asset classes and hold the collateral in the 

form of cash (money market instruments). Therefore, I generalize the conventional 

style analysis in two ways: first, I allow the style weights of assets in which one can 

take a short position to be positive or negative, and second, I relax the constraint of the 

style weights adding up to a hundred percent. 

In addition, the conventional style analysis does not distinguish significant 

style weights from the insignificant ones. This can pose a problem while inferring 

significant risk exposures of different hedge fund strategies. Therefore, I follow the 

two-step procedure proposed by Lobosco and DiBartolomeo (1997) and compute the 

confidence intervals associated with the style weights. I find that no two strategies 

show exposure to identical set of asset classes suggesting that although two strategies 

may appear similar, there are important differences and these may provide 

diversification benefits in a Fund of Funds situation. Moreover, none of the strategies 

exhibit significant style exposure towards MSCI World excluding US Index, Salomon 

Brothers World Government Bond Index and the UK Gold Price Index. 

Overall, I observe that the risk exposures are broadly consistent with the 

investment objectives of the different hedge fund strategies. For example, among the 

directional strategies, Macro exhibits substantial positive currency exposure while 

Short exhibits significant negative US equity exposure. In contrast, among the 

non-directional strategies, Event Driven shows significant positive exposures to US 

equities, Emerging Market equities and high yield bonds. Finally, I note that 

constraining the style weights to add up to a hundred percent for all strategies, or a 

zero percent for non-directional strategies worsens our understanding of the true risk 

exposures of different hedge fund strategies. 

Chapter 6 examines both short-teen and long-term persistence using high 

frequency data over longer time period by investigating their pre-fee and post-fee 

returns over quarterly, half-yearly and yearly intervals. Our understanding of the 

nature of persistence among hedge funds is largely due to Brown et al (1999) who 

employ annual returns of offshore hedge funds. They find virtually no persistence in 
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their sample. In contrast, this chapter employs a different database covering offshore 

as well as onshore hedge funds, and examines persistence using high frequency data 

over longer time period. It is possible that hedge fund managers exhibit differential 

degree of persistence at different return horizons, an issue investigated to some extent 

in mutual funds literature. Therefore, I examine both short-term and long-term 

persistence in the performance of hedge funds by investigating their pre-fee and 

post-fee returns over quarterly, half-yearly and yearly intervals. 

Unlike the existing literature, which restricts attention to performance over 

two consecutive periods, I also study persistence by examining the series of wins and 
losses for two, three and more consecutive time periods. This allows a direct 

examination of extent of multi-period persistence, which is essential before locking up 
investment over significantly long periods of time. Under the null hypothesis of no 

manager skill (which implies no persistence), the probability of winning and losing in 

each period equals a half and is independent of the return horizon. I test this null 
hypothesis for different hedge funds individually and collectively over two, three and 

more consecutive periods. Since the likelihood of observing a series of wins or losses 

due to chance is much less than observing two consecutive wins or losses in a 

two-period framework, the multi-period framework is able to discriminate better 

between persistence due to chance and persistence due to manager skill. I compare and 

contrast my findings from the multi-period analysis with those obtained from the 

traditional two-period analysis on a pre-fee and post-fee basis. 

Using net-of-fee returns, I observe that the extent of persistence is highest at 

the quarterly horizon and decreases as I move to yearly horizon. This continues to 

remain true with pre-fee returns as well suggesting that my finding of intra-year 

persistence is not driven by the imputation of performance fee. It is important to note 

that even if there exists some persistence at the quarterly level, it would be difficult for 

investors to take advantage of it due to significantly long lockup periods. It is also 

important to bear in mind the fact that most hedge funds only put out audited returns 

on an annual basis - so some of the apparent intra-year persistence may be caused by 

stale valuations. In any case, persistence at the quarterly but not at the annual horizon 

among the hedge funds stands in sharp contrast to the results in Hendricks et at (1993) 

who find that in mutual funds, persistence is highest at the two-year horizon. I observe 
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that the level of persistence in the multi-period framework is considerably smaller 

than that in the two-period framework. Finally, I find that persistence, whenever 

present, was unrelated to the type of strategy (directional or non-directional) followed 

by the fund. 

Performance persistence over long periods is an important area of future 

research. Since entry and exit into active management involves non-trivial costs and 

since learning about manager skill takes time, selecting the right manager becomes a 

very important issue. This is especially so in case of hedge funds as they specify 

significant lock-up periods. As avenues of future research, it would be interesting to 

examine whether performance persistence is related to characteristic features of hedge 

funds such as size, lockup period, incentive fees, etc.. It would also be interesting to 

see whether multi-period analysis of mutual funds exhibits significantly different 

patterns compared to the ones observed with hedge funds. 

Chapter 7 presents the gain-loss analysis of hedge funds and compares the 

findings with those obtained in the traditional mean-variance framework. Based on the 

work of Fung and Hsieh (1997a, 2001), we know that hedge funds (due to the use of 

options or option-like dynamic trading strategies) exhibit non-normal payoffs, low 

correlation with the traditional asset classes and a source of return not explained by 

any traditional linear risk model. Fung and Hsieh (1999c) argue that asset allocation 

involving hedge funds should not be based on the Markowitz mean-variance 

optimization techniques. However, they do not provide any alternative to the 

mean-variance framework. This chapter plugs this gap in the literature by 

demonstrating how the gain-loss analysis can be used to construct a gain-loss efficient 

frontier and to select the tangency portfolio. It contrasts the optimal asset allocation 

obtained using the gain-loss analysis with that obtained using the mean-variance 

analysis. Finally, it compares the out-of-sample performance of a gain-loss efficient 

tangency portfolio with that of a mean-variance efficient tangency portfolio. 

In this chapter, I use the gain-loss analysis framework to determine the optimal 

asset allocation involving passive and alternative (hedge funds) strategies. I conduct 

an out-of-sample analysis to examine whether one would have obtained significantly 

higher returns (or end-of-period wealth) by investing in a gain-loss efficient portfolio 
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as opposed to a mean-variance efficient portfolio. Since hedge funds have option-like 

payoffs and provide different returns in different states of equity markets, I compare 

the performance of the gain-loss efficient portfolio with that of the mean-variance 

efficient portfolio in five different states (quintiles) of market return. 

When I examine the out-of-sample performance of a gain-loss efficient 

portfolio and a mean-variance efficient portfolio with the same expected volatility, I 

observe that unconditionally, the returns on the gain-loss efficient portfolio do not 

dominate that on the mean-variance portfolio. But interestingly, when I divide the 

market returns into five quintiles and compare the returns on the two efficient 

portfolios, I note that in the highest quintile (lowest quintile), the gain-loss efficient 

portfolio significantly outperforms (underperforms) the mean-variance portfolio. In 

the middle three quintiles, neither portfolio dominates the other. This suggests that 

conditional on the fact that the equity market performs well, the gain-loss efficient 

portfolios dominate the mean-variance portfolios. One reason why my results do not 

show overwhelming dominance of the gain-loss efficient portfolios may have been 

due to the low non-normality at the hedge fund index level. On the whole, the results 

suggest that when deviations from normality are "small", mean-variance can serve as 

a good approximation to the more robust and general gain-loss analysis. But when the 

deviations from non-normality are extremely large as may be the case for individual 

hedge funds, it warrants the need for gain-loss analysis. 

An area for future research may be to employ individual hedge fund returns as 

well as to simulate returns from highly non-normal distributions to assess the extent of 

non-normality required to warrant the use of gain-loss analysis. Usually one of the 

arguments provided in favor of investing in hedge funds is on the grounds of 

diversification. However, it has been found that the correlation between the various 

assets is higher during extreme states of the market, i. e., periods of very high or very 

low equity returns, compared to the asset correlation in the normal states. Hence, 

portfolio optimization based on the average asset correlation over the entire sample 

period without differentiating between the extreme and normal states may not provide 

a true picture of the optimal portfolio choices. I believe that accounting for the 

changing asset correlation in different states of the equity markets may be able to 
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provide further insight into the implications of using the gain-loss framework for 

portfolio optimization and performance evaluation in the context of hedge funds. 

In Chapter 8, I use a contingent-claim-based approach to characterize hedge 

fund risks by using a combination of passive buy-and-hold and option-based 

strategies. I model the returns of two popular hedge fund strategies, Event Driven and 

Relative Value Arbitrage to validate the findings from my model by comparing and 

contrasting them with those of other researchers who have used replication 

methodology to examine the risk-return tradeoffs in these strategies. Although, in 

practice, these two hedge fund strategies may follow a myriad of complex dynamic 

trading strategies, I find that a few simple option-based strategies capture a large 

proportion of the variation in their returns over time. My general approach can be 

extended to other hedge fund strategies and can be useful in designing appropriate 

benchmarks for evaluating the risk-adjusted performance of hedge funds. This chapter 

makes two important contributions to the existing empirical literature on hedge funds. 

First, it provides a simple method to capture the linear and non-linear systematic risks 

involved in investing in hedge funds. Second, it provides useful information about 

their dominant risk exposures to compare them with their stated objectives and style 

classification. 

My objective is to examine whether there exist some simple option 

writing/buying strategies and buy-and-hold strategies that a passive investor could 

engage in and replicate reasonably well the returns of Event Driven and Relative 

Value Arbitrage funds. My work is motivated by the same idea that led Sharpe (1992) 

to conduct the style analysis of mutual funds. However, the linear factor model 

suggested by Sharpe is unable to capture the non-linearities of hedge fund returns. In 

addition, Sharpe's returns-based style analysis is too restrictive in case of hedge funds. 

Hence, I relax the two constraints in Sharpe's linear factor model. First, I do not 

impose the constraint on the factor loadings of the passive buy-and-hold and 

option-based indices to be non-negative. This accounts for the fact that hedge funds 

take both long and short positions in different asset classes. Second, I do not require 

the factor loadings to add to one. By relaxing this constraint, I allow for the fact that 

hedge funds may employ leverage. Essentially, I augment Sharpe's linear factor 
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model using buy-and-hold returns on standard asset classes with options on these asset 

classes to model the non-linear component of hedge fund returns. 

I observe that, in general, the returns on Event Driven and Relative Value 

Arbitrage strategies display more significant loading on Trading Strategy factors 

compared to Location factors. This indicates the importance of including option-based 

strategies in capturing the non-linear systematic risks of hedge funds. Second, the 

R-square values from my model are substantially higher than those obtained using 

Sharpe's (1992) style analysis indicating the importance of including the Trading 

Strategy factors in addition to the Location factors. Finally, the risk exposures I obtain 

are similar to those observed by other researchers (Mitchell and Pulvino (2000), and 

Gatev et al (1999)) using detailed replication of strategies. This suggests that my 

method is able to accurately characterize the important risk exposures of Event Driven 

and Relative Value Arbitrage funds. As an area for future research, my approach can 

be employed to study the convergence in the trading styles and risk exposures of 

hedge funds that can potentially pose threat to financial stability. 

Finally, in Chapter 9, I conduct a comprehensive analysis of the relationship 

between the characteristic features and the performance of hedge funds. I examine 

whether one can differentiate between the funds that would perform well and the funds 

that would perform poorly in the future on the basis of their characteristic features. I 

conduct a dynamic cross-sectional analysis of the relationship between performance 

and characteristics of hedge funds. For this purpose, I employ a pooled time-series 

cross-sectional regression approach similar in spirit to Fama and MacBeth (1973) and 

Fama and French (1992). Unlike Ackermann, McEnally and Ravenscraft (1999), this 

methodology provides us with a better understanding of the changing levels of the 

various characteristics with time and their impact on the performance of the various 

hedge fund strategies. Hence, my results are more robust and capture better the 

dynamics of the relationship between performance and fund features. 

I study the relationship between performance and a large number of features 

that include some unique features of hedge funds, not found in traditional mutual 

funds, like high watermark provision and hurdle rate. These have a direct influence on 

the performance of hedge funds. Specifically, I consider a number of other important 
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features like use of leverage, redemption and entrance periods, volatility of returns, 

presence of global focus, acceptability of managed accounts, exchange listing and 

notice period not considered in the Ackermann, McEnally and Ravenscraft (1999) 

study. 

I find that six variables namely age, leverage, estimated assets or size, 

minimum investment, onshore or tax status and global focus turn out to be significant 

determinants of the performance of hedge funds at the 5% level. Age turns out to be 

positively related to the performance. This implies that older funds, by virtue of an 

established reputation and clientele along with their longer experience, may be able to 

outperform the relatively younger funds. I observe that leverage is positively related to 

the performance. This suggests that highly levered funds provide higher returns that 

may be due to the tendency of such funds to take a higher amount of risks. 

Interestingly, I note a negative relationship between size and performance. This result 

may be attributable to decreasing returns with increasing size of the fund including 

inability of large funds to take advantage of small-scale opportunities, difficulty faced 

by directional managers in getting out of trades, difficulty in maintaining the quality of 

personnel with increasing size, etc. 

I find that minimum investment is positively related to the performance. As 

reputed funds and the funds that have done well in the past, tend to have higher 

barriers to entry in terms of a high minimum investment requirement, the positive 

relationship between this variable and performance is intuitive. Presence of global 

focus is negatively related to the performance that may be due to the fact that most of 

the funds with a global focus tend to invest in the emerging markets, which have not 

provided good returns during the sample period considered in this study. The positive 

relationship between the onshore status and performance indicates that most of the 

onshore funds seem to perform better than the offshore ones and may be offering the 

offshore funds to their investors at a later stage. Ackermann, McEnally and 

Ravenscraft (1999) also find that US hedge funds perform better than the offshore 

funds on a risk-adjusted basis and attribute their result to the additional liabilities faced 

by the US managers. Finally, I observe that the some of the provisions like high 

watermark and hurdle rate, specific to hedge funds, do not seem to be a significant 

determinant of the performance of the hedge funds. This does not come as a big 
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surprise as we know that most of the managers have an option to "leave the sinking 
boat" and switch to another fund or start another fund. As an avenue for future 

research, it may be interesting to examine the relationship between an appropriate 

measure of risk-adjusted performance and characteristic features of hedge funds. 

One of the key findings of my study is to highlight the importance of 
"manager risk" when one is considering investing in hedge funds. However, it is 

important to keep in mind that there are some limitations of my approach. For 

example, considering that my results are based on quantitative analysis of a relatively 

short history of hedge funds, it is not clear if these results would hold true in the long 

run. In addition, with the increasing amount of capital flowing in hedge funds and 

rapid growth in the number of hedge fund managers, it would be increasingly difficult 

to generate superior performance consistently considering the limited profitable 

trading opportunities in the market. Finally, the results are subject to some of the 

natural biases like self-selection bias that exist in all hedge fund databases due to the 

characteristic nature of the hedge fund industry. However, the various limitations of 

this study and the directions for future research in this area suggest that there is ample 

scope for conducting rigorous research on hedge funds for educating the investors, 

regulators and the investment community, in general. 
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APPENDICES 

Appendix A Classification of hedge funds 

Non-directional Strategies: These strategies do not depend on the direction of any 

specific market movement and are commonly referred to as `market neutral' 

strategies. These are usually designed to exploit short term market inefficiencies and 

pricing discrepancies between related securities while hedging out as much of the 

market exposure as possible. Due to the reduced liquidity inherent in many such 

situations, they frequently run smaller pools of capital than their counterparts 

following directional strategies. Included in this group are the following strategies: 

Fixed Income Arbitrage -A strategy having long and short bond positions via cash or 
derivatives markets in government, corporate and/or asset-backed securities. The risk 

of these strategies varies depending on duration, credit exposure and the degree of 

leverage employed. 

Event Driven -A strategy that hopes to benefit from mispricing arising in different 

events such as merger arbitrage, restructurings etc. Manager takes a position in an 

undervalued security that is anticipated to rise in value because of events such as 

mergers, reorganizations, or takeovers. The main risk in such strategies is 

non-realization of the event. 

Eauity Hedge -A strategy of investing in equity or equity-like instruments where the 

net exposure (gross long minus gross short) is generally low. The manager may invest 

globally, or have a more defined geographic, industry or capitalization focus. The risk 

primarily pertains to the specific risk of the long and short positions. 

Restructuring -A strategy of buying and occasionally shorting securities of companies 

under Chapter 11 and/or ones which are undergoing some form of reorganization. The 

securities range from senior secured debt to common stock. The liquidation of 

financially distressed company is the main source of risk in these strategies. 

Event Arbitrage -A strategy of purchasing securities of a company being acquired, 

and shorting that of the acquiring company. The risk associated with such strategies is 

more of a "deal" risk rather than market risk. 
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Capital Structure Arbitrage -A strategy of buying and selling different securities of 

the same issuer (e. g. convertibles/common stock) seeking to obtain low volatility 

returns by arbitraging the relative mispricing of these securities. 

Directional Strategies: These strategies hope to benefit from broad market 

movements. Some popular directional strategies are: 

Macro -A strategy that seeks to capitalize on country, regional and/or economic 

change affecting securities, commodities, interest rates and currency rates. Asset 

allocation can be aggressive, and leverage and derivatives may be utilized. The 

method and degree of hedging can vary significantly. 

Long -A strategy that employs a "growth" or "value" approach to investing in 

equities with no shorting or hedging to minimize inherent market risk. These funds 

mainly invest in the emerging markets where there may be restrictions on short sales. 

Hedge (Long Bias) -A strategy similar to equity hedge with significant net long 

exposure. 

Short -A strategy that focuses on selling short over-valued securities, with the hope of 

repurchasing them in the future at a lower price. 
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Appendix B Change of Probability Measure: Change of Drift Approach 

X is a (p, o) Brownian motion on (S2, F, P), then if Wt is a Brownian motion under 

probability measure, P, we can write the following 

dX = p(X, t)Xdt+Q(X, t)Xdi, (1) 

If IV, * is the equivalent Brownian motion under a risk-adjusted probability measure, 

P% then equation (1) can be written as 

dX =rXdt+QXdW, (2) 

Now, we define, 

d IV, - -(ýu 
(u-r)d+dJV. 

Q 
(3) 

Substituting equation (3) in equation (1), we get, 

dX =PXdt+aX -(u-r Idt+dwV; 
Ql 

dX = pKdt + QXd lV; -. uXdt + rXdt 

dX = rXdt +QXdWV; 

which is the same as equation (2). 
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Appendix C Change of Probability Measure: Brown & Gibbons and Hansen & 

Singleton Approach 

Brown and Gibbons (1985) specify a constant relative risk aversion (CRRA) utility 

function for the representative investor 

U(C, ) 
ß 

(4) 

where, C, is the consumption at time t. 

With CRRA preferences, the relative risk aversion (RRA) parameter fl, is given by 

u'(c, )c, 
u(c) 

(5) 

The basic stochastic Euler equation of intertemporal asset pricing models can be 

written as follows: 

E1U 
(C') ('+&) I Zý-ý =1 L1+r 

From equations (4), (5) and (6), it follows that 

1 C, ' 
El 

+r C, 
_, 

(1+Ru) 1 Z, 
_i =1 

(6) 

(7) 

I use two different proxies for the market index, namely the MSCI World index and 

the CRSP NYSE/AMEXINASDAQ Value-Weighted index. 

Since under CRRA utility, consumption is a constant proportion of wealth, C, = KW,, 

I can write equation (7) as follows: 
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l+rýl-ý'ý_ýý1+R, ý, 
ý-ýý1+R;, ýIZ, 

_, =1 (8) 

As the above equation holds for all assets i at all times, I substitute i?;, first byRm1 and 

then by Rfi and substitute them in equation (8) to get the following equation 

E[(1+Rte, )-a-(1+Rft)(1IZ, 
_, 

I=0 
(9) 

I+R 
If I define x, =+R, ' then the above equation can be written as follows 

1 

E[(x, -1). I Z, 
-, 

]=0 (10) 

Finally, applying the law of iterated expectations to equation (10), 1 get equation (7) in 

Brown and Gibbons (1985) for estimating the RRA parameter, ß, 

E[(z, -1)i 
]=0 (11) 

I compute the value of .3 using GMM and then using equation (8), 1 compute K. 

Finally, I use the left-hand side term of equation (8) to determine the risk-adjusted 

returns. 

Following Hansen and Singleton (1983), I include the Fama-French factors along with 

the market index in equation (11) for computing fl. Thus, equation (11) in case of 

Hansen and Singleton (1983) can be written as follows: 

E ýXBýý -1)i ' 1=0 (12) 
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+= 1+Rff1 
= 

1+Rff2$ 
where, x" =1+R' Xff ,1+R and Xff 2,1 +R 

correspond to the three 

assets namely MSCI World index, Fama-French Size (ffl) and Book-to-Market (ff2) 

factors in the HSI case and CRSP NYSE/AMEX/NASDAQ Value-Weighted index 

along with ffl and ff2 in the HS2 case. 

Subsequently, I follow a similar estimation exercise with three assets instead of a 

single asset in case of Brown and Gibbons. 
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