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Does Idiosyncratic Risk Matter in Hedge Fund? 

Institutional Investor’s View 
 
 
 
 
 
 
 
 
 
 

ABSTRACT 
 

Recent research1 in the field of hedge-fund risk exposures and performance have 
produced ideas that challenge traditional theories.  The traditional CAPM theory states 
that only market risk should be incorporated into asset prices and command a risk 
premium.  However, this theory may not hold, especially in the hedge fund industry, if 
some investors can not hold the market portfolio. Therefore, idiosyncratic risk could also 
be considered to compensate rational investors for an inability to hold the market 
portfolio. In this study, we address an issue related to the risk management performed by 
institutional investors in hedge funds, as opposite to that performed by the funds 
themselves. The purpose of this paper is to explore information contents of the 
idiosyncratic risk of hedge funds to better quantify the relationship between hedge funds 
performance and their risk factors. We document that hedge funds with lower systematic 
risk exposures have both higher risk adjusted performance and higher probability to 
succeed. And this result is statistically and economically significant. This study 
contributes to the current debate on the hedge fund transparency needs of the institutional 
investors of hedge funds. Hedge funds do not disclose their positions and institutional 
investors may only use returns to infer the risks embedded in their hedge funds. However, 
we show that a good manager’s risk exposures cannot be inferred only from the monthly 
returns of the fund.  Return-based risk management is problematic if the hedge funds 
have talented managers and provide only monthly returns, and additional transparency 
may be required by the institutional investors of these funds. 
 
 
 
 

                                                 
1 See the Appendix for the summary of selected literatures. 
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I.  Introduction 
 
Hedge funds are said to be rewarding investments because they have favorable risk-return 

characteristics on a stand alone basis, and offer valuable diversification with respect to traditional 

stock and bond markets. On the other hand, hedge fund returns have a number of characteristics 

that make their quantitative analysis difficult: distributions are often asymmetric and have an 

increased tendency towards extreme outcomes (fat-tails), and dependence structures with respect 

to traditional markets are often complex. Moreover, quality and quantity of available data may be 

limited. 

The size of hedge fund industry is doubling almost every two years, contains more than 

9,000 active funds, and manages more than $ 1.3 trillion. Hedge funds, on average, charge 1% ~ 

2% management fees and 15% ~ 30% incentive fees, and have low barriers of entry. Thus, hedge 

funds are a very lucrative industry. Given this explosive growth, identifying talented managers 

has become an increasingly daunting task for the investor. 

This study tests the hypothesis that hedge funds which bear less systematic risk 

outperform.  The returns of any fund can be divided into two parts: systematic and idiosyncratic. 

Since the talent is unobservable, a fund wants its investors to have high confidence in its ability to 

generate returns. The investors’ t-statistic for excess returns is 
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−
                                                                                 (1) 

 
which justifies the motivation of the fund to maximize Sharpe ratios. This is also a justification 

of why the Sharpe ratios are often used as measures of performance by the hedge fund investors. 

In a simple setting in which funds maximize their Sharpe ratios, we show that while it is optimal 

for a manager to have some exposure to systematic risk, the proportion of the fund’s variance that 

is systematic is inversely related to the manager’s ability to generate performance. Simply put, if 

the manager is talented then the R-square of the regressions of the hedge fund returns on 

systematic factors should be small. 

Consistent with this hypothesis, we find that funds whose returns have lower R-squares 

with respect to systematic factors have higher Sharpe ratios. For example, comparing the funds in 

the highest R-square tercile with the funds in the lowest, we find that the latter has a Sharpe ratio 

that is 0.38 higher and this difference is statistically significant. Furthermore, this relationship is 

economically significant: a portfolio consisting of the low past R-square tercile of hedge funds 

has returns around 1% per year higher, and Sharpe ratios around 0.40 higher than the portfolio of 
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the high tercile of past R-square funds in the following year. This difference is robust to the size 

of the funds included in the analysis and to the frequency of rebalancing. 

Low R-squares are not achieved only when the fund does not bear systematic risk but 

also when the fund is dynamically changing risk exposures so when averaged, these exposures 

are small. We separate out the funds whose systematic exposures change through time and show 

that on average, their Sharpe ratios are lower.  

Therefore, we conclude that it is ability of managers to make investments uncorrelated 

with the systematic factors, rather than their ability to time these factors that is positively related 

to the fund’s success. Strategies with no systematic risk exposures arguably exist in finite supply 

and may not accommodate all flows into hedge funds. Hence, the negative relationship between 

performance and systematic risk exposures may change when hedge funds receive inflows. This 

is similar to the mechanism in which the growth of a mutual fund renders the relationship 

between the manager’s talent and his performance insignificant. 

Do investors recognize the fact that low R-square funds are more talented? We document 

that these funds are able to charge higher fees: the funds in the lowest tercile of R-square charge, 

on average, 20 basis point more in management fees and 226 basis points more in incentive fees 

than the funds in the highest R-square tercile. Additionally, low R-square as an explanatory 

variable for fees dominates measures of realized performance such as the mean excess returns of 

the fund of the fund’s Sharpe ratio. 

Other measures of a fund’s success also favor the low R-square funds: the funds in the 

lowest R-square tercile manage $ 9 million dollars more on average, live about 10 months longer 

and are 5% less likely to exit the sample than the funds in the highest R-square tercile. 

Our paper extends the literature on understanding the sources of returns in hedge funds 

by focusing on the analysis of individual funds. In this respect our work differs from the literature 

directed at hedge fund risk adjusted performance, which studies only portfolios of funds. Instead, 

our research is close to earlier studies on risk factors that explain individual hedge fund returns 

such as Fung and Hsieh (1997), Liang (1998) or Dor and Jagannathan (2002). Additionally, it 

builds on more comprehensive and dynamic models, similar to Agarwal and Naik (2004), and 

accounts for more sophisticated statistical properties of the returns of the hedge funds than 

Getmansky, Lo and Makarov (2004). 

Furthermore, this study performs a comprehensive out-of-sample analysis of the validity 

of risk models explaining individual hedge funds. As such, this analysis is also close to the 

literature that links mutual funds style stability to performance. From this point of view, we 

extend and apply to hedge funds what Chan, Chen and Lakonishok (2002) and Brown and 
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Harlow (2005) did for mutual funds. Our conclusion is somewhat different from the conclusions 

of both of these studies: Chan, Chen and Lakonishok (2002) asserts that managers stray from 

their “style course” following periods of bad performance; Brown and Harlow (2005) asserts that 

better performance is associated with “staying the course”. By contrast, our results on the 

relationship between performance and the extent to which funds are exposed to systematic factors 

show that hedge funds seem to be better off when they are orthogonal to any investment style, at 

any point in time. 

This paper is structured as follows: Section 2 presents the model and the main hypothesis; 

Section 3 describes the data; Section 4 is dedicated to testing that R-squares and Sharpe ratios of 

the funds are inversely related; Section 5 presents and test extensions of the claim that low R-

square funds are more successful; Section 6 concludes.  

 
 

II.  Model  
 
Assume that a hedge fund manager i chooses between two investments: a publicly available index 

F and a proprietary strategy Ai for which 
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We denote by iFW , and iAW , the weights allocated by the manager to his respective investment 

choices. The manager is able to borrow at the risk free rate (i.e., we do not require that 

1,, =+ iFiA WW ).  

The excess returns of the manager are given by )()( ,, fiFfiiAfi rFWrAWrR −+−=− , and his 

Sharpe ratio by 

 

222,, ][

][
),(

σβλ

µβα

ii

ii

i

fi
iAiF Rstd

rRE
wwS

+

+
=

−
=             (3) 

 
,where iAiFi ww ,, /=β  

If the manager maximizes his Sharpe ratio2, he solves 

                                                 
2 Hedge funds are often evaluated by their Sharpe ratios. Also a way to convince an external observer that 
the fund generates statistically significant excess returns is for the fund to have a high t-statistics of the 
excess returns. The t-statistic of the excess returns is equal to the Sharpe ratio of the fund times square root 
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The solution to the above optimization problem is given by 
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iAw , remains a free choice of the manager as we do not model explicitly how hedge fund 

managers decide to use leverage. The optimal Sharpe ratio of the fund is 
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An econometrician attempting to explain the systematic risk exposures of the fund by regressing 

fi rR − on the systematic factor returns F would obtain an 2R  of the OLS regression equal to 
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The first observation from the equation above is that iR )( 2 , like the Sharpe ratio, is independent 

of leverage; the second observation is that under the assumption that iα  > 0, iR )( 2  decreases 

with the information ratio 
i

i
λ

α of the proprietary strategy. As the optimal Sharpe ratio of the 

fund increases with the information ratio 
i

i
λ

α , we have the following: 

If a hedge fund is maximizing its Sharpe ratio, then the 2R of the regression of the hedge fund’s 

excess returns on systematic factors is inversely related to the fund’s Sharpe ratio. 

 

                                                                                                                                                 
of the length of the fund’s history. If we compare funds with histories of equal length then comparing the t-
stats of their expected excess returns is equivalent to comparing their Sharpe ratios. 
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The main objective of this paper is to test the hypothesis that the fund’s performance is inversely 

related to the R-squares. To obtain the R-squares, we first explain the excess returns of individual 

funds oft ttrR ≥− , ¸from some initial time 0t until the time T, which is either the present period 

or the time the fund exited the sample, whichever is lower. Employing a factor model with K 

factors amounts to fitting every fund to 
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R-square can be calculated from the above equation as  
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We estimate the overall R-squares using the entire history of the fund. By doing so, only average 

exposures to systematic factors observed throughout the entire life of the fund are taken into 

account.  

 

III.  Data 
 
We use a proprietary, comprehensive database consisting in a union of the Altvest, HFR and 

TASS databases. The proportion of funds coming from each database is described in Figure 1. 

For each of the databases the lists of funds that dropped from the databases were obtained3. Data 

of various complexity is collected for a total of 8,542 funds. While smaller subsets of the database 

contain more information, for 7,429 funds we have monthly returns net of fees, assets under 

management, whether the fund is a fund of funds, and the management and incentive fees the 

fund is charging. Missing records for the assets under management are filled assuming that 

between the dates at which information is provided the funds received uniform inflows 

(outflows).  

When a fund for which the data does not contain a name4 is added to the merged 

database, we follow a procedure which eliminates the duplicates: when the correlation between 

the common net returns for two funds is greater than 99.9% and the correlation between the 

common assets under management (after filling the missing records as described above) is greater 

                                                 
3 The graveyard data usually hide the names of the funds, due to non-disclosure agreements prohibiting 
making information on hedge funds that decided to stop reporting public. 
4 Altvest and HFR cease to report the names of the funds once the funds stop reporting to the database, so 
their graveyards do not include names. 
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that 99%, the two funds are assumed duplicates and one is eliminated. This procedure eliminates 

only no-name database duplicates, but if one manager runs several funds, and the names of these 

funds are provided, then all the funds are kept (this may result in funds with the same series of 

returns but different sizes being kept in the database). 

The number of funds in the database is presented in Table 1, while the industry coverage 

of the data used is apparent in Figures 2 and 3. For December 2003, our database covers around $ 

800 billion of assets under management. 

 

Several biases have been documented to plague hedge funds data; we list them below. 

 

Survivorship bias: Databases drop from the sample the funds that stop reporting. This may be 

caused either by the fund going out of business or to the fund closing to new investments and not 

having incentives to report any longer. Fung and Hsieh (2000) estimate the difference in 

performance between the portfolio of all surviving funds and the portfolio of all the funds to be 

3% annually. Similar estimations are found in Brown, Goetzmann, Ibbotson and Ross (1999). In 

order to correct for this bias we included in our database the funds who ceased reporting. Inherent 

problems of survivorship bias exist, however, in this study, as some tests can only be run if the 

fund has a minimal amount of data in the database - hence, if the fund survived at least that long. 

 

Self selection bias: The reporting is voluntary, so a bad fund has no reason to report, and a fund 

that is too good closes quickly and does not have any reason to “advertise”. 

 

Backfilling bias: The moment a fund decides to report to a database might not coincide with the 

date the fund started, and when the fund start reporting it is free to backfill its history. Typically, 

hedge funds smooth their back returns; in this study we use a procedure that removes the serial 

autocorrelation induced by smoothing, and hence correct for this bias. Potentially, this may bias 

the performance of hedge funds upward.   

Novikov (2004) proposes a methodology to correct for this bias which is unfortunately 

database dependent. For a database reporting fund indices as well, indices (which are not 

backfilled) may be replicated from data in which the initial histories (first month, two months, 

etc.) of the hedge funds were dropped. Then one can compute the number of months to be 

dropped which minimizes the difference between the indices reported by the database (not 

backfilled) and the indices replicated without using the initial histories.  
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In order to correct for this bias, we reproduce our analysis after we excluded 24 months of initial 

history of each fund, and we find our analysis robust. For a quick comparison, the median Sharpe 

ratio of a fund in our database, adjusted for serial autocorrelation of the returns a la Lo (2002) is 

0.80. To see the impact of the backfilling bias, we eliminated 24 months from the history of each 

fund.  

The new median Sharpe ratio (corrected for serial autocorrelation) becomes 0.73. This 

difference could be explained not only by the backfill bias but also by the fact that we capture 

only the last months of returns of some defunct funds. The small difference between the 

backfilled, and non-backfilled Sharpe ratios may partly be attributed to the fact that correcting for 

smooth returns lowers the performance of the backfilling funds. 

 

Late reporting bias: Databases usually wait for funds to report, and a fund can be as late as 8 

months in reporting. This causes a fund to appear as “defunct” while in reality it still exists and it 

is still willing to report. We correct for this bias using only data before December 2003, but 

collected in August 2004, when all the funds that are late came back to report again. This bias has 

not, to the best of my knowledge, been documented in the literature. 

 

 

The three databases merged do not contain homogeneous fund information; Table 2 documents 

the differences among them. To examine the extent to which data coming from different 

databases are structurally different, we perform a Kolmogorov-Smirnov test that net returns and 

assets under management from each database were drawn from the same distribution; results are 

presented in Table 2; the p-values of the statistic are high when differences between Altvest and 

HFR are the center of attention: we cannot reject the null that Altvest and HFR net returns and 

respectively assets under management were drawn from the same distribution. However, we can 

reject at better than 5% confidence the null hypothesis that HFR and TASS, respectively Altvest 

and TASS were drawn from the same distribution. The TASS database seems to pick smaller 

funds that also have lower performance, which indicates that performance tests ran on TASS tend 

to produce rather pessimistic results on hedge funds compared to studies based on different 

databases. These differences across databases may bias the results of studies based on a single 

source, and make generalization from one database to the whole industry of hedge funds 

problematic. 
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Risk factors 

 

Due to their dynamic nature, hedge fund portfolios are hard to explain by traditional buy and hold 

strategies, regardless of how sophisticated the latter might be. Failure of traditional risk factors to 

explain hedge fund returns lead to a search for nonlinear risk factors.  

 

Two main categories of nonlinear factors surfaced:   

 

The first category, pioneered by Glosten and Jagannathan (1994), is motivated by the observation 

that, unlike mutual funds, hedge funds employ derivative strategies, hence they may take 

asymmetrical positions relative to a factor’s performance. Risk factors resembling option payoffs 

are hence added to the factor models designed for hedge funds.  

 

The second category stems from an extension of the previous: if hedge funds employ derivatives, 

they are also cashing out or loosing on the premium that these derivatives command; such views 

were confirmed by detailed analysis of particular hedge fund strategies such as merger arbitrage 

(see Mitchell and Pulvino (2001)), whose returns resemble those of a strategy that sells “merger 

insurance”, or more precisely, out of the money puts.  

 

A refined factor model considers, as explanatory risk factors, several market indices, both 

from US and abroad, as well as global; payoffs on a market index I of the form Max ( 0,kRi − ) 

or Min ( 0,kRi − ). 

The ideal factor model would include a minimal superset of the risk factors used in the 

previous research, but not to the extent to which we have factors that are collinear. Thus, this 

study uses to the 34 factors presented in Table 3.  Although some of these factors are redundant, 

the procedure we use for fitting the model is insensitive to this problem. 
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IV.  Idiosyncratic Risk and Risk-Adjusted Performance 

 

Are Sharpe ratios negatively related to 2R s? 

 

In this section we discuss that hedge funds performance, as expressed by the fund’s Sharpe ratio, 

is inversely related to the extent to which systematic risk exposures explain the fund’s returns. 

The R-squares may be computed by estimating Equation (8) for the whole history of each 

individual hedge fund. However, Asness, Krail and Liew (2002) argue that hedge fund returns are 

autocorrelated; Getmansky, Lo and Makarov (2004) present some of the causes contributing to 

the serial correlation observed in hedge fund returns: 

 

1. Hedge funds hold illiquid securities and use stale prices to compute returns; 

2. Funds move their leverage ratios through time; 

3. Managers smooth returns intentionally, for example by backfilling. 

 

Getmansky, Lo and Makarov (2004) and Novikov (2004) estimate models in which the returns of 

the funds are autocorrelated. Following Getmansky, Lo and Makarov (2004), we estimate a 

model in which the observed returns of a fund follow: 
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If the true returns are given by (8), then the observed returns follow: 
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This is the factor model we estimate. In order to estimate the overall 2R used in the Hypotheses, 

we take t1 = (inception of the fund) and T = min [(Dec 2003), (exit time from the database)].  

Not every hedge fund is exposed to each of our 27 risk factors. To capture the factors relevant for 

each fund we shall use the stepwise regression to estimate the model (11). Other methodologies 

include principal components, or imposing a parsimonious model such as the CAPM or the 

Carhart (1997) 4-factors model.  
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The distribution of the 2R  estimates from the entire history of each fund using stepwise 

regressions is presented in Table 4, along with the distribution of the tracking errors and with the 

summary statistics of 2R  if the estimation is applied instead to mutual funds.   

The quality of fit is about three times worse for hedge funds than for mutual funds - 

hedge fund explanatory regressions have a median adjusted 2R  of 42.10%, contrasting the 

66.86% for mutual funds - consistent with the findings of Fung and Hsieh (1997a) who show that 

hedge funds follow dynamic strategies, and with the findings of Griffin and Xu (2005), who show 

that the hedge fund turnover is larger than that of mutual funds. 

Consistent with Getmansky, Lo and Makarov (2004), hedge funds seem to smooth 

returns. Consistent with Agarwal and Naik (2004), who show that hedge fund indices are exposed 

to systematic risk, we find that individual hedge funds bear systematic risk as well. The median 

adjusted 2R  of 42.10% implies that hedge fund investors pay for quite a lot of “beta”.   

On average, a fund is exposed to 5 different systematic factors from our set of 27; the 

minimum number of factors a fund is exposed to is 0, the maximum is 10. 

As a preliminary test, funds are sorted in terciles according to their 2R , and the average 

size, fees charged, age, probability to remain in the sample and Sharpe ratios are computed for 

each of the 2R  terciles.  Under the null hypothesis of no relationship between the Sharpe ratios 

and 2R , the averages across 2R terciles should not differ. The results are in the second column of 

Table 5.  

 

 

V. Idiosyncratic Risk and Other Hedge Funds Characteristics 

 

The previous section argues that low R-squares are inversely related to one measure of a fund’s 

success: the Sharpe ratio. If low R-squares funds out-perform, do investors recognize this? If they 

do, we expect the low R-squares funds to be able to charge higher fees than the high R-square 

funds, have more assets under management, be more likely to remain in the sample (i.e., survive) 

and be older. In other words, several fund characteristics may influence the 2R : the fund’s age, 

size, the degree to which the fund smooths its returns, the number of strategies in which the fund 

plays and the fees charged by the fund. 
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In this section we investigate the relationship between R-squares and these other measures of a 

fund’s success: fees, assets under management, age and the likelihood to survive. 

 

The independent variables are described below. 

 

Size is the size of the fund. As the analysis of this section is purely cross-sectional, it is difficult 

to define the size of a fund (it varies through time). We transform the assets under management in 

December 2003 dollars, and as a proxy for size, we use the 25th percentile of the assets under 

management for the history of the fund. The relationship between this proxy for size and the 

extent to which a fund can be explained by systematic factors does not change if instead we use 

the 10th percentile of the 2003 assets under management or the median, but the significance 

decreases if we use the maximum assets under management or the mean. As habitually, we use 

the natural logarithm of size. Its square is included as well. 

 

Age is the age of a fund, measured in months, from the time when the fund starts reporting until 

the minimum between December 2003 and the time the fund ceased reporting. 

 

Alive is a dummy meant to separate funds that ceased to report from funds that were still in 

existence in December 2003. 

 

Rho is the degree to which returns are serially autocorrelated.  It is the smoothing coefficient 

from equation (11). 

 

Complexity. There are structural differences in the fund managers’ talent, determined by the 

complexity of the hedge funds they run; managers following certain investment strategies may 

have different Sharpe ratios, may grow to different sizes, or are more or less prone to smooth 

their returns. In order to address this problem we have to control for the investment strategy of the 

fund. Unfortunately most of the database used in this study does not contain information 

regarding the strategy of the hedge fund.  

 

To resolve this weakness, we estimate each fund’s investment strategy as follows. A Sharpe 

(1992) style regression is performed, having the fund’s returns as dependent variable and the 

returns of 15 HFR strategy indices as independent variables. In this regression, some of the 

strategy indices have significant t-statistic.  We retain the number of significant t-stats (at 5%) 



 14

from each style regression, and define that number as the complexity of the fund. If no t-statistics 

were significant, then the complexity of the fund is taken to be equal to 16 (highest possible 

value). Funds of funds are also similar to funds we call complex; we do include a control for 

funds of funds. This rough classification results in a distribution of the assets under management 

across strategies as shown in Figure 4. 

 

FOF is fund of funds dummy. 

 

mfee is the management fees charged by the fund in percents. 

 

ifee is the incentive fee. Note that the returns used throughout this study are net of fees. 

 

S is the Sharpe ratio of the fund i, adjusted for serial correlation. 

 

With a few exceptions the variables above are relatively uncorrelated: the highest positive 

correlation is 30% (between Complexity and Age). The next positive correlation is 13% (between 

Alive and rho). The most negative correlation is -40% (between FOF and ifee). The next negative 

is -10% (between Life and mfee). 

 

Consequently, we first estimate the model: 
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The table 5 also presents averages of other fund characteristics across different 2R terciles.  

 

We run a similar analysis using the tracking error as a dependent variable. Although the tracking 

error is not formally related to our Hypotheses, we are interested if the idiosyncratic component 

of the funds’ returns is hedged (that is the tracking errors are small) or not by estimating the 

following model: 
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The results are in the Panel A of Table 7.  

 

Note that 2R orthogonalized on fund characteristics (that is, )( 22 RER − ) is now an 

exogenous variable. We have chosen to make this assumption because there is a large body of 

hedge fund literature studying the relationship between Sharpe ratios and fund characteristics5 

and we had to control for the latter.  

Although the tracking error does not directly enter our tests, it is descriptive of whether 

the idiosyncratic investments of a fund are hedged, and for comparison purposes we included in 

the results reported. 

 

Results 

R-squares and Fees:   

Do higher fees correspond to lower overall 2R ? 

From Table 5, we observe that as we move from the low to high 2R  terciles, the average of both 

incentive and management fees decrease.  There is a difference of 20.29 basis points between the 

average management fees charged by the funds with low 2R and the average management fees 

charged by the funds with high 2R .  The corresponding difference is 226.39 basis points for the 

incentive fees and both difference are statistically significant.  Furthermore, Table 6 shows a 

negative and statistically significant relationship between 2R and the fees charged.   

One result from Table 6 is that fees are not very strongly related to the tracking error. In 

fact only the management fee seems to be strongly related to the tracking error, and this is true 

only for the funds smaller than $ 15 million.  

If the structure of the fees is what incentives the manager to take more or less risk, then 

mutual funds, who charge only management fees, should have a different risk taking behavior 

from hedge funds, whose manager extract rents from investors through mostly through the 

incentive fees. Under this assumption, that fees drive the risk taking, the weak link we find 

between the incentive fees and the tracking errors is consistent with Brown, Goetzmann and Park 

                                                 
5 The relationship between size and performance has been studied by Getmansky (2004), Gregoriou and 
Rouah (2002),  Koh, Koh and Teo (2003) among others.  The relationship between performance and age of 
the fund has been studied by Howell (2001), Amenc, Curtis and Martellini (2003) and De Souza and 
Gokcan (2003) among others.  The relationship between performance and fees has been studied by Kazemi, 
Martin and Schneeweis (2002), Koh, Koh and Teo (2003), De Souza and Gokcan (2003) and Amenc, 
Curtis and Martellini (2003). Other fund factors (e.g. manager tenure, redemption specifications, 
managerial investment in the fund) are also related to performance but we lack data on these variables. 
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(2001) who show that hedge funds are less likely to engage in tournament behavior than their 

mutual funds counterparts. Furthermore, the fact that management fees are positively related to 

tracking errors is then consistent with Brown, Harlow and Starks (1996), who show that mutual 

funds (who charge management fees) engage in tournaments behavior. 

An interesting question is what do investors pay fees for.  Are the hedge funds 

compensated for performance, Sharpe ratios, or in fact investors recognize the importance of the 

idiosyncratic investment ideas in the hedge fund world and compensate the managers with these 

ideas?  

In order to answer this question, we test whether 2R  has power in explaining the fees 

above and beyond the power of Sharpe ratios or that of excess returns. The results are presented 

in Table 8. 

We observe that the 2R of the fund completely subsumes the power of both returns and 

Sharpe ratios in explaining the fees charged by the fund.  This effect is even stronger in the case 

of incentive fees, where the 2R  is clearly the most significant explanatory variable. 

This evidence suggests that hedge fund fees are set so that managers get compensated 

more for idiosyncratic investment ideas, rather than for their ability to generate performance 

subsequently. Additionally, this evidence suggests that 2R  is a better descriptor of the manager’s 

talent, as differentiated from luck or any other apparent manifestations of talent6. 

 

R-squares and Assets Under Management:  

Are assets under management inversely related to overall 2R ? 

From Table 5, we observe that funds in the low 2R  tercile are $ 9.21 million larger on average 

than the funds in the high 2R  tercile.  To gauge the magnitude of the difference, recall that the 

median size of the hedge funds is around $ 38 million. This is evidence in favor of the hypothesis. 

However the difference is not statistically significant (although economically large). 

There is a concave, statistically significant relationship between 2R  and size of the fund, 

as captured by aum25, as apparent from Table 6. Thus we reject the null of no relationship 

between 2R  and size of the funds.  When we examine the concave relationship between 2R  and 

size, we observe that it becomes negative only past a certain fund size. The coefficient of aum25 

                                                 
6 For example, Berk and Green (2004) imply that the proposition “talented mangers outperform” is a myth 
(because talented get to manage larger funds and their talent cannot materialize in performance regardless 
of scale). Hence, measuring manager’s talent by performance may be wrong. Our results suggests that 

investors reward more a low 2R  manager than a outperforming one. 
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is 0.0107 for all funds, while the coefficient of 2)25(aum is -0.0014.  This means that the 2R  

decreases with fund size as the fund manages more than LN (0.0107/0.0014) = $2.033772 

million. 

 

R-squares and Age: 

Do Older funds have lower overall 2R ? 

Table 5 shows that funds with a lower 2R  have been reporting to our database 9 months more, on 

average, than the funds with a higher 2R . This difference is statistically significant and 

economically important as it represents 17% of the median age of a fund in our database (which 

is 53 months), and constitutes evidence in favor of Hypothesis. 

The coefficient of Age in the 2R  regressions from Table 6 is negative and statistically 

significant, so we can reject the null of no relationship between age and 2R . The same 

relationship carries to larger funds although the coefficient of Age is less significant. 

 

R-squares and Survival: 

Do Funds with a lower probability to exit the sample have lower overall 2R ? 

From Table 5, funds with lower 2R  have 5.19% more probability to remain in the sample 

than funds with high 2R .  Table 6, as well as Panel B in Table 7 further shows a negative, 

statistically significant relationship between probability to remain in the sample and the 2R .  We 

can reject the null of no relationship. 

 

 

VI.  Conclusion 

 

In recent years, as researchers have come to grips with the meaning of such events as the 1998 

LTCM crisis, new lines of thought have been developed in the hedge-fund research literature 

concerning the concepts of performance and risk.  These new ideas challenge traditional 

concepts, calling into question the relevance and efficacy of the conventional wisdom concerning 

hedge-fund evaluation. 

This study contributes to the current debate on the hedge fund transparency needs of the 

institutional investors of hedge funds. Hedge funds do not, in general, disclose their positions and 

hedge fund investors may only use returns to infer the risks embedded in their hedge funds. In 
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this study, we address an issue related to the risk management performed by institutional 

investors in hedge funds, as opposite to that performed by the funds themselves. 

It is almost a truism of the hedge fund universe that a talented manager is one with 

investment idea that are “out of the box” and whose strategies are uncorrelated with publicly 

available indices. Intuitively, a less talented manager has to rely more on investing correlated to 

public indices in order to produce returns. In turn, this manager’s R-squares will be high, and a 

simple model shows that their performance will be low. 

Consistent with the common wisdom confirmed by our simple model, we find evidence 

in support of this hypothesis. Our finding, that the lack of covariance with public indices is 

related to abnormal performance, is economically significant: we show that a portfolio of low R-

square funds outperforms a portfolio of high R-square funds.  In addition, we show that a 

portfolio of low R-square funds outperforms the average portfolio of hedge funds, and that this 

relationship is robust to the size of the funds considered or to the frequency of rebalancing the 

portfolio. 

Not only do we find that funds whose strategies are more idiosyncratic have higher 

Sharpe ratios, but also that these funds are recognized and compensated by investors.  For 

example, these funds have more assets under management.  

Additionally, we show not only that low R-square funds are able to charge higher fees, 

but also that R-square dominates excess returns or Sharpe ratios as an explanatory variable of the 

fund fees.  This relationship is stronger for incentive fees.  Simply put, we show that investors 

pay for investment ideas with little systematic risk on top of what they pay for fund performance. 

We show that if a manager is good, then his risk exposures cannot be inferred only from 

the monthly returns of the fund.  Thus, this study has implications for the risk management 

performed by institutional investors holding hedge funds and attempting to understand the risks 

associated with them.  

If institutional investors attempt to understand the systematic exposures of their funds 

using factor models, and succeed, then our results show that the fund manager either lacks talent, 

or that he is over-invested.  Returns based risk management is therefore problematic if the hedge 

funds to be explained have talented managers and provide only monthly returns, and additional 

transparency may be required by the institutional investors of these funds. 
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Table 1: Summary Statistics for the Hegde Funds Industry

Database started keeping track of the funds that ceased to report on after 1994.
Second panel presents cross-sectional summary statistics of the funds.

Year Funds Born Funds Died Total Funds
1989 83 2 363
1990 159 1 520
1991 214 0 733
1992 278 1 1011
1993 404 0 1414
1994 508 61 1922
1995 506 186 2367
1996 683 182 2864
1997 722 316 3404
1998 666 497 3754
1999 667 458 3924
2000 611 381 4077
2001 803 316 4499
2002 877 174 5060
2003 767 516 5653

Mean Median Std
25th Percentile of size ($ mil) 53.3589 11.945 388.083
Age 66.0582 53 50.2813
Still in sample (Alive) 72.84% N/A N/A
FOF 23.33% N/A N/A
Management Fee 1.3665 1.25 0.7657
Incentive Fee 16.5776 20 6.8582
Mean Excess Return (annual) 7.32% 6.21% 14.69%
Sharpe Ratio (annual) 0.8018 0.6657 1.5797
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Figure 1: Distribution of data across databases merged.
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Figure 3: Estimated Quarterly Flows into the hedge fund industry.
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Appendix: Selected Research Regarding Hedge Fund Performance and Risk  
 

Bibliography 
 

Title 
 

Topic 
 

Major Results 

 
Ackermann C.; McEnally R.; 
Ravenscraft D. Journal of Finance 
(1999) 

 
The Performance of Hedge Funds: 
Risk, Return, and Incentives 

 
Hedge funds display several 
interesting characteristics including: 
flexible investment strategies, strong 
managerial incentives, substantial 
managerial investment, sophisticated 
investors, and limited government 
oversight. 

 
Hedge funds are more volatile than 
both mutual funds and market 
indices. Incentive fees explain some 
of the higher performance, but not 
the increased total risk.  

 
Agarwal, Vikas; Naik, Narayan Y. 
Review of Financial Studies (2002) 

 
Risks and Portfolio Decisions 
involving Hedge Funds 

 
The paper characterizes the 
systematic risk exposures of hedge 
funds using buy-and-hold and 
option-based strategies. A large 
number of equity-oriented hedge 
fund strategies exhibit payoffs 
resembling a short position in a put 
option on the market index, 
andtherefore bear significant left-tail 
risk 

 
The mean-variance framework 
underestimates the tail risk. Hedge 
funds’ recent performance appears 
significantly better than their long-
run performance. 

 
Agarwal, Vikas; Naik, Narayan Y. 
Journal of Alternative Investments, 
Volume 2, Number 4, pp. 6 - 23 

 
On Taking the "Alternative" Route: 
The Risks, Rewards, and 
Performance Persistence of Hedge 
Funds 
 

 
A combination of alternative 
investments and passive indexing 
provides a significantly better risk-
return tradeoff than passively 
investing in the different asset 
classes. 

 
A reasonable degree of persistence is 
found for hedge fund managers. 
(more to the losers continuing to be 
losers instead of winners continuing 
to be winners) 

 
Amenc, Noel; Martellini, Lionel 
Edhec Publications 
 

 
The Alpha and Omega of Hedge 
Fund Performance Measurement 

Hedge funds appear to have 
significantly positive alphas when 
normal returns are measured by an 
explicit factor model, even when 
multiple factors serving as proxies 
for credit or liquidity risks are 

 
Hedge funds on average do not have 
significantly positive alphas once the 
entire distribution is considered or 
implicit factors are included.  



 

 

accounted for. 
 
Andrew W Lo 
Financial Analysts Journal, Volume 
57, Number 6, pp. 16 

 
Risk Management for Hedge Funds: 
Introduction and Overview 
 

 
Review several unique aspects of 
risk management for hedge 
fundssurvivorship bias, dynamic risk 
analytics, liquidity, and 
nonlinearities  

 
Proposed a research agenda for 
developing a new set of risk 
analytics specifically designed for 
hedge-fund investments. 

 
Anson, Mark J.P. 
Journal of Alternative Investments, 
Volume 5, Number 1, pp. 81-85 

 
Symmetrical Performance Measures 
and Asymmetrical Trading 
Strategies: A Cautionary Example 

 
The Sharpe ratio may not be a 
reliable performance measure, 
especially if the manager uses 
asymmetrical trading strategies. 

 
Short volatility positions can 
increase the performance of a hedge 
fund manager, but expose the hedge 
fund to large downside risk should a 
volatility event occur. 

 
Favre, Laurent ; Signer, Andreas 
Journal of Alternative Investments, 
Volume 5, Number 1, pp. 31-42 

 
The Difficulties of Measuring the 
Benefits of Hedge Funds 

 
The added value of hedge funds is 
almost always indicated in a mean-
standard deviation environment and 
should in our view be reconsidered. 

 
The estimated risk exposure can be 
quantified by the introduction of 
value-at-risk analysis corrected 
according to higher moments of 
distribution.  

 
Fung, William; Hsieh, David A. 
The Review of Financial Studies, 
Volume 10, pp. 275-302 

 
Empirical Characteristics of 
Dynamic Trading Strategies: The 
Case of Hedge Funds 
 

 
Hedge funds follow strategies that 
are dramatically different from 
mutual funds, and support the claim 
that these strategies are highly 
dynamic. 

 
Five dominant investment styles in 
hedge funds, which when added to 
Sharpes (1992) asset class factor 
model can provide an integrated 
framework for style analysis of both 
buy-and-hold and dynamic trading 
strategies. 

 
Getmansky, Mila; Lo, Andrew W.; 
Makarov, Igor 
Journal of Financial Economics, 
Volume 74, Number 3, pp. 529-609 

 
An Econometric Model of Serial 
Correlation and Illiquidity in Hedge 
Fund Returns 

 
The returns to hedge funds and other 
alternative investments are highly 
serially correlated. This paper 
explores several sources of such 
serial correlation and show that the 
most likely explanation is illiquidity 
exposure. 

 
For portfolios of illiquid securities, 
reported returns will tend to be 
smoother than true economic returns, 
which will understate volatility and 
increase risk-adjusted performance 
measures such as the Sharpe ratio. 

    



 

 

Gregoriou, Greg; Gueyie, Jean-
Pierre 
Journal of Wealth Management, 
Volume 6, Number 3, pp. 77 - 84 

 
Risk-Adjusted Performance of Funds 
of Hedge Funds Using a Modified 
Sharpe Ratio 

 
The traditional Sharpe ratio could 
pose problems due to the non-normal 
returns of this alternative asset class. 

 
A modified value at risk (VaR) and 
modified Sharpe ratio solves the 
problem and can provide a superior 
tool for correctly measuring risk-
adjusted performance. 

    
 
Gulko, Les 
Journal of Alternative Investments, 
Volume 5, Number 4, pp. 88-95 

 
Performance Metrics for Hedge 
Funds 

 
First, hedge funds are not stand-
alone investments.  Second, return 
alone is not a sufficient statistic for 
evaluating hedge funds.  Third, 
hedge funds are so heterogeneous 
that one-to-one comparisons are 
usually meaningless and existing 
benchmarks are not reliable. 

 
The author evaluate hedge funds in 
combination with a market portfolio, 
called the test portfolio, internalizes 
the hedge fund’s return, volatility, 
and correlations, and also introduces 
a risk-adjusted return that allows for 
one-to-one comparisons across all 
hedge funds embedded in test 
portfolios. 

 
Kat, Harry M.; Brooks, Chris 
Journal of Alternative Investments, 
Volume 5, Number 2, pp. 26-44 
 

 
The Statistical Properties of Hedge 
Fund Index Returns and Their 
Implications for Investors 
 

 
The monthly return distributions of 
many hedge fund indices exhibit 
highly unusual skewness and 
kurtosis properties as well as first-
order serial correlation. 

 
Sharpe ratios will substantially 
overestimate the true risk/return 
performance of hedge funds. Mean-
variance portfolio analysis 
overestimates the benefits of 
including hedge funds in an 
investment portfolio and therefore 
overallocate to hedge funds. 

 
Kritzman, Mark; Rich, Don 
Financial Analysts Journal, Volume 
58, Number 3, pp. 91-100 
 

 
The Mismeasurement of Risk 

 
Investors typically measure risk as 
the probability of a given loss or the 
amount that can be lost with a given 
probability at the end of their 
investment horizons. 

 
This paper introduces 2 new ways of 
measuring risk - within-horizon 
probability of loss and continuous 
value at risk - that reveal that 
exposure to loss is substantially 
greater than investors normally 
assume. 

 
Milind Sharma 
Social Science Research Network 

 
A.I.R.A.P. - Alternative Views on 
Alternative Investments 

 
Issues of risk-adjusted performance, 
value added and leverage for hedge 

 
Evidence of non-normality, higher 
moment risks and the trade-off 



 

 

Electronic Library funds applying AIRAP (Alternative 
Investments Risk Adjusted 
Performance), which is the power 
utility implied certain return that a 
risk-averse investor would trade off 
for holding risky assets, to hedge 
fund indices and individual hedge 
fund data. 

between mean-variance profile vis-a-
vis skewness and kurtosis is noted 
across style categories.  

 
Ramesh, Lalita; Yago, Glenn 
Journal of Alternative Investments, 
Volume 2, Number 2, pp. 69 - 76 
 

 
Hedge Funds: Systemic Risk and 
Public Policy 

 
Various questions as to the degree to 
which hedge funds foster systemic 
risk, and, moreover, the trade-off 
between the benefits the various 
strategies provide in investment 
growth and the possible costs in 
periods of market turbulence. 

 
With the potential demise of more 
aggressively leveraged hedge funds 
and the remediation of their function 
through financial institutions, as 
proposed by the BIS, a very serious 
question remains unanswered for the 
developing world: How will growth 
be funded in emerging markets? 
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How to Game Your Sharpe Ratio 

A derivative structure that can 
induce an upward bias in the 
measurement of the Sharpe ratio. 

 
The smoothes observed returns-and 
lowers observed volatility-without 
significantly altering the annual 
return. 
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