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Do the Best Hedge Funds Hedge?

1 Introduction

The size of the hedge fund industry has doubled almost every two years and currently includes more
than 11,000 active funds that manage more than $2.4 trillion. With management fees averaging

1.5% and with 20% in incentive fees, the hedge fund business has been very lucrative.

To understand hedge fund performance as well as the fees that they charge it is useful to divide
hedge fund returns into two components: a component that tracks an index or equivalently a passive
portfolio, and an uncorrelated active component. In theory, investors should be able to get exposure
to these two elements of risk separately. They can acquire the passive components through index
funds, with fees that are generally less than 20 basis points, and the active components through
market-neutral hedge funds, with zero exposure to systematic factors. However, in practice, most
hedge funds are not market neutral, and can be viewed as a blend of the two components.

This paper describes the incentives of hedge fund managers to form portfolios that include
factor risk, and empirically explores how the factor risk exposure of hedge funds relates to their
performance and the fees that they charge. As our simple model illustrates, hedge fund managers
with incentives to maximize the Sharpe ratios of their portfolios will choose greater exposure to
priced factors if they have less confidence in their abilities to generate abnormal returns from
the active component of their portfolios. Motivated by this observation, we estimate how the
performance of hedge funds, as well as their fees and new inflows of assets under management,
relate to their exposure to factor risk.

Our study examines a comprehensive sample of hedge funds, from 6 different data bases, over
the January 1994 — December 2005 time period. The sample is free of survival bias and our
study has been designed to minimize the effect of backfilling, which is a potential problem in this
literature. Consistent with our hypothesis, we find that funds with less systematic factor exposure,
which we measure as the R-square of returns on systematic factors, tend to have higher Sharpe
ratios in present as well as in future periods. Specifically, we rank funds by the R-squares generated

by regressing hedge fund returns on systematic factors, and find that those funds in the lowest R-



square quartile have annual Sharpe ratios that are 0.25 higher than funds in the highest quartile.
Moreover, portfolios of funds with low past R-squares have exceptional Sharpe ratios over 1.3 .

If investors recognize that low R-square funds are likely to produce higher abnormal returns
they should be able to charge higher fees. Our evidence is consistent with this hypothesis; the funds
in the lowest R-square quartile charge, on average, 12 basis point more in management fees and 385
basis points more in incentive fees than the funds in the highest R-square quartile. This relation
between R-squares and fees holds even after controlling for past performance and for various fund

characteristics.

This study contributes to the growing hedge fund literature that suggests that hedge funds have
generated excess returns over the past 15 years. This research includes studies by Fung and Hsieh
(1997a), Liang (2000, 2001) and more recently by Kosowski, Naik and Teo (2007) and Fung, Hsieh,
Naik and Ramadorai (2008). Our paper is especially close in motivation to recent papers that
suggest that certain types of funds realize systematically better performance than others. Most
notably, Aragon (2007) finds that funds with longer lock-up periods generate superior performance,
which is consistent with the idea that these funds are able to generate abnormal performance by
taking less liquid positions. Since these funds also tend to have lower R-squares than other funds it
is possible that the relation between R-square and future Sharpe ratios is generated by this same
liquidity effect. As we show, although Aragon’s results hold in our broader sample, the relation
between abnormal performance and R-square is not subsumed by the lock-up effect.

In addition, our results contribute to the literature that examines the relation between past
performance and inflows. This literature includes Goetzmann, Ingersoll and Ross (2004), Agarwal,
Daniel and Naik (2004), and Ding, Getmansky, Liang and Wermers (2007). Our evidence indicates
that when investors evaluate hedge funds they do more than simply examine their past performance.
Specifically, we find that low R-square funds tend to attract more assets under management even

after controlling for past performance.

Our finding that low R-square hedge funds realize higher returns is also related to the recent
evidence that indicates that mutual funds that take more active risk tend to perform better. For
example, Kacperczyk, Sialm and Zheng (2005) find that mutual funds that overweight particular
industries tend to perform better, while Cremers and Petajisto (2006) find that funds with portfolios

that deviate more from their benchmarks also tend to perform better. Although Cremers and



Petajisto (2006) emphasize that active risk and tracking error are not the same thing, funds with
higher tracking error, and hence lower R-squares, do tend to take more active risk.

The paper is organized as follows: Section 2 outlines the framework and our hypotheses, Section
3 describes the data, Section 4 focuses on how hedge funds performance is adjusted for risk and
defines the R-squares, Section 5 tests that low R-squares are related to the outperformance of hedge

funds, Section 6 tests whether investors recognize the low R-square funds and Section 7 concludes.

2 Framework and Hypotheses

To illustrate the relation between managerial ability and systematic risk exposure we assume that
a hedge fund manager chooses between three investments: a risk-free asset, a publicly available

index F' and a proprietary strategy A; for which

E[F —r¢] =p>0; std[F] =o
E[A—rf] =a>0; std[A] =TFE
Corr(A,F) =0
We denote by wr and w4 the weights allocated by the manager to his respective investment
choices. The excess returns of the manager are given by R —ry = wa(A —ry) + wp(F — 1), and
his Sharpe ratio by

SR(wp,wyg) = B[R —ry] = ot su (1)

std[R] VTE? + 3202

where 3 = wp/wa.

If the manager maximizes the portfolio’s Sharpe ratio, he solves

max SR(wp,wy).
WE,WA

The solution to the above optimization problem is given by

o2
gr = of;é“EQ

wp = fwy



and the Sharpe ratio of the optimal portfolio is

s =\ () + ()"

To estimate the systematic risk exposures of the fund, one can regress R —ry on the systematic

factor returns F'; the R-square of such a regression would equal

R 6*20.2 1
-square = = .
q TE2 + 5*20.2 1+ (ZgﬂoE)f

From the above equation we see that if hedge funds have the ability to generate abnormal
returns then R-square decreases with the information ratio ao/TE of the proprietary strategy. This

leads to the following proposition:

Proposition 1 If a hedge fund is maximizing its Sharpe ratio, then the R-square of the regression
of the hedge fund’s excess returns on systematic factors is inversely related to the fund’s Sharpe

ratio and information ratio.

The main focus of this paper is on testing the above proposition that low R-square funds
outperform high R-square funds. In addition, we examine whether investors recognize that low

R-square funds are better. Specifically we test whether,

1. Hedge fund fees are positively related to funds’ past R-squares.

2. Smaller R-square funds attract larger inflows than large R-square funds.

3 Data
3.1 Hedge Funds

There are a number of data bases that track hedge fund returns and our data comes from a combina-
tion of several of them. These include Altvest, Hedge Funds Research (HFR), HedgeFund.net (now
part of Lipper HedgeWorld), Lipper TASS, mHedge and a confidential (and very small) database
of funds tracked by a fund of hedge funds. Although there is substantial overlap between the

databases, they do include different funds, so we believe the combination of the databases are more



L' The intersection

representative of the population of hedge funds than any individual database.
between these databases (i.e. the degree to which they overlap) is described in Figure 1. For each
of the databases, the graveyards, i.e. data on the funds that ceased reporting, were also obtained.?
Although there is data available starting in January 1972, for a variety of reasons the data prior
to 1994 is less reliable,® so the data for this study starts in January 1994. In addition, since hedge
funds are sometimes late reporting, our data set ends in 2005. Merging these databases results in a

universe of 12,112 funds that are managed by 4,290 companies. While this is our starting database,

as we discuss below, we focus on a smaller subset of funds that have more reliable data.

The industry coverage of the data is given in Figure 2. At the end of December 2005 our
database covers over 8,500 existing funds with more than $1.5 trillion assets under management.
Given that this number is consistent with industry estimates of the hedge fund universe at this
time, we believe that our sample includes most active hedge funds.* To the best of our knowledge

this is the most comprehensive hedge funds database used in the academic literature.

3.2 Potential Biases in Hedge Funds Data

It should be noted that for a variety of reasons the data used in hedge fund research is not as clean
as the data used in mutual fund research and there are potential biases that can arise with the
use of this data. In putting together our data, we tried to minimize the effects of the following

potential biases.

Survivorship bias. Reporting to these databases is voluntary, and funds may stop reporting for
a variety of reasons. This may be caused by the fund going out of business or alternatively, by the
fund closing to new investments and no longer having an incentive to report. 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 estimates are found in Brown, Goetzmann, Ibbotson and

!To briefly examine the degree to which different databases contain statistically different funds, for each two of
the databases we merge we perform a Kolmogorov-Smirnov test of whether the average net returns and assets under
management of the funds in the two databases are drawn from the same distribution. The hypothesis that data are
drawn from the same distribution can be rejected at better than a 5% confidence level in most cases. Hence, using
different merged data sets seems to be necessary when generalizations of results to the entire hedge funds universe
are sought.

2To the best of our knowledge this is the first study using the Altvest graveyard. Graveyards may be subject to
non-disclosure agreements prohibiting the release of a fund’s identity once the fund has stopped reporting.

3For example, most of the data vendors did not keep records of defunct funds prior to 1994.

4See for example the Financial News article “Big managers dominate $1 trillion hedge fund market” on March 27,
2006. The article estimates the size of the industry at above $1.5 trillion. The most recent-to-date survey, published
by HedgeFund.net, covering Q1 2007, lists the assets under management in hedge funds at $2.67 trillion.



Ross (1999). Survivorship bias was a problem before 1994, when data vendors generally discarded
funds who ceased reporting. However, after 1994 we have what is referred to as a “graveyard”
sample, which includes the prior returns of the funds who ceased reporting. By including this

graveyard sample, we have a sample without survival bias.

Self selection bias. The reporting is voluntary, so a bad fund has no reason to report, and a
fund that is very good closes quickly and does not have any reason to “advertise.”® Fung and Hsieh
(1997b) claim that these effects offset each other, and should not create a bias in our empirical

tests. Nevertheless, this bias is somewhat mitigated by our use of a comprehensive database.

Backfilling bias. Funds generally report to a database somewhat after the date it begins operat-
ing. Since the fund is free to backfill its historical returns when it starts to report, this produces an
upward bias in the reported performance of hedge funds, (since funds are unlikely to backfill if their
past performance is bad). Issues related to backfilling are especially problematic when individual
managers can launch multiple funds. For example, a manager may start several small funds and

only report the returns of the successful funds.

We are particularly concerned about backfilling bias and reduce our sample considerably to
mitigate its effect. First, since we think the problem is especially prevalent among smaller funds,
we eliminate all funds with less than $30 million under management. Specifically, if a fund starts
with less than $30 million, but later has $30 million in assets, the fund is included in the sample
starting at the date in which the assets under management reach $30 million and is kept in the

sample as long as the fund exists (regardless of its assets under management).

In addition, we eliminate the first 27 months from the history of each fund. We arrived at our
choice of 27 months by comparing various hedge fund indexes, which are not subject to backfilling
biases, to indexes that we formed by using funds whose n initial monthly returns were excluded. By
experimenting with the number of initial returns from the history of each fund that are excluded,
we can build an index that closely matches the index reported by the database. Specifically, we
find that the distance between the index reported by HFR and the indices computed by us after

discarding n months of history is minimized when we choose n = 27 months. This is consistent with

®Reporting to a database may be an indirect form of advertising.



Jagannathan, Malakhov and Novikov (2007) who conclude that the optimal number of months to
exclude is 25 months.

A particular case of back-filling bias is caused by funds being late in reporting to the databases.
For example, a fund may report in month ¢, then wait until month ¢ + k£ at which time they report
for all the months ¢ + 1, ..., + k. This enables funds going out of business to stop reporting while
their returns are still good and biases the returns in the database. It may also increase the attrition
rate of the data, as funds that are simply reporting late may appear to have exited the sample.
By looking at different snapshots of the databases taken at various time periods we found that
funds may be as late as eight months in reporting to databases, and hence we used only data until

December 2005, which we constructed from data we received in August 2006.

Smoothed returns. Several authors (e.g. Asness, Krail and Liew (2002)) present evidence that
the returns of hedge funds exhibit positive serial correlation, which is consistent with the returns
being smoothed. If this is the case, the Sharpe ratios will be biased upwards. To adjust for this
bias we use the correction suggested by Getmansky, Lo and Makarov (2004), which is described
below.

Finally, most of the tests in this paper require that funds have at least 24 months of history
left in order to be included in our final sample. Applying all the filters reduces our sample to 3,762

funds, the characteristics of which are presented in Table 1.

3.3 Risk Factors

Because hedge funds employ a wide variety of investment strategies and hold different types of
assets there are potentially a large set of common factors that can influence their returns.® Past
research by Liang (1999) consider eight different factors, Schneeweis and Spurgin (1998) consider
13 factors and Brealey and Kaplanis (2001) consider 31 factors. As described below, we consider a

broader range of factors, which includes most of the factors used in the prior literature:

SWe “explain” the returns of hedge funds only with factors that are replicable mechanically. A timing factor a la
Treynor and Mazuy (1966), Henriksson and Merton (1981) or volatility factors such as the VIX index would not fit
into this category as timing is a skill that cannot be replicated mechanically. However, introduction of these factors
among our explanatory factors does not change our results.



Domestic Equity factors. In order to capture the common factors generating U.S. equity re-
turns we include the Russell 3000, the NASDAQ and NAREIT indices, the Fama and French (1993)
size (SMB) and value (HML) factors as well as the momentum factor (UMD) used to capture the

Jegadeesh and Titman (1993) momentum effect.

International Equity. To capture international equity factors we include the FTSE 100 index,
the NIKKEI 225, the Morgan Stanley Capital International (MSCI) index EAFE, the Morgan
Stanley Capital International Emerging Markets Free (MSCI EMF) index as well as the DAX and
CAC 40 indices.

Domestic Fixed Income. To span the securities on the domestic fixed income markets we em-
ploy the Lehman Brothers Aggregate Bond index, the Salomon Brothers 5 year index of Treasuries,
the default spread (DEF) as well as duration spread (TERM) calculated by Ibbotson Associates,
the Lehman Brothers Aggregate of Mortgage Backed Securities and the Lehman Brothers index of

10 year maturity Municipal Bonds.

International Fixed Income/ Foreign Exchange. The non-U.S. fixed income factors con-
sidered are the Salomon Brothers non-U.S. Weighted Government Bonds index with a 5 to 7 year
duration (intermediate) and by the Salomon Brothers non-U.S. Unhedged Dollar index (a proxy

for the strength of the dollar).

Commodities. Commodities are represented by the returns of the Goldman Sachs Commodity

Index, the AMEX Oil index and the returns on Gold.

Nonlinear factors. Many hedge funds employ strategies that either use options or have option-
like payoffs. (See for example deFigueiredo and Meredith (2005)). For example, Mitchell and
Pulvino (2001) find that the returns of merger arbitrage funds resemble those of a strategy that
sells “merger insurance”, or more precisely, out of the money puts. To capture this possibility we
include the returns of the Fung and Hsieh (2001) Primitive Trend Following Strategies (PTFS) for
bonds, stock, currencies and commodities.” We also follow Agarwal and Naik (2004) and include

portfolios of in- and out of the money calls and puts on the S&P 500 Index.

"These are provided by David Hsich at http://faculty.fuqua.duke.edu/ dah7/DataLibrary/TF-FAC xls.



Finally, as a stand-alone model we separately consider the Fung and Hsieh (2004) seven factors.
These factors are the returns on the S&P 500 in excess of the risk free rate, the Wilshire small
cap minus large cap return, change in the constant maturity yield of the 10 year Treasury, change
in the spread between Moody’s Baa yield and the 10 year Treasury and three PTFS’s (for bonds,

currency and commodities).

4 Factor Models

In the previous section we outlined a number of factors that can potentially explain the returns
of hedge funds. These risk factors are used to estimate various multi-factor models, as described

below:

K
Ri—rp=a' +) i Ficte, t=to...T, (2)
i=1

where 7 is the risk free rate, K is the number of factors the fund is exposed to and all the

factor returns Fj,; represent the returns of zero-cost portfolios. Our ultimate goal is to study the

relationship between performance and the R-squares generated from the above regressions.

4.1 Smoothed Returns

The problem associated with estimating equation (2) is that we do not observe the actual returns
R;. This is because hedge funds smooth their returns (Asness, Krail and Liew (2002)), either
intentionally or because they hold relatively illiquid assets. Hence, as discussed in Getmansky, Lo
and Makarov (2004), we observe smoothed returns, which can be expressed as a function of actual

returns as follows:

R} = 0gRi + 01 Ry—1 + 02Ry o, t=to,...,T,
B0+ 01 + 0 = 1 3)

Rt NN(O,O’)

where (1 — 6p) may be interpreted as a measure of the degree to which a fund’s returns are

smoothed.
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Combining (2) with (3) yields an equation that describes the relation between the factors and

the observed smoothed returns:

Rto —Trf= aT+Z£1 ﬂg:kiFki,t+ﬁ217kiFki,t—l +/BT2,kiFk‘i,t—21| +Ufa t= th"'aT
ul = Opel + O1el | + O2el (4)
0o+ 01 +62=1

Equation (4), a regression model with M A(2) disturbances, is estimated by maximum likelihood
by Getmansky, Lo and Makarov (2004), Aragon (2007) and Jagannathan, Malakhov and Novikov
(2007). Alternatively, Kosowski, Naik and Teo (2007) estimate equation (4) by first using previous
estimates of #, obtained by using hedge fund indices, then separately estimating (2) by OLS.
We depart slightly from this literature and use a technique proposed by Choudhury, Power and
St. Louis (1996) to estimate regression models with M A(q) disturbances. The advantage of this
method is that it does not require the maximization of the likelihood function. 0y 12 are estimated
by solving a quartic algebraic equation while the rest of the parameters can be estimated via OLS
from a modified model.

Once we estimate equation (4), we can map the performance statistics estimated from the
observed returns to those corresponding to the real returns. In order to do so, let 5/’120, TR’ be the
estimates of the Sharpe ratio, respectively the information ratio of the observed returns, SR, I R the
true Sharpe ratio and information ratio of the equilibrium returns and 50, 51 and é\g are estimates

of 6y, 01,6 from equation (4). Getmansky, Lo and Makarov (2004) show that
1. SR’ é\% + é? + é\% is a consistent estimator of SR, and
9. IR’ é\% + é\% + é\% is a consistent estimator of IR.

Similarly it can be shown that:

3. al' (obtained from equation (4)) is a consistent estimator of a’ from equation (2).

~

4. R?:=1—-Var(ul)/ V@f) from equation (4) is a consistent estimator of the R-square of

equation (2).
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4.2 Identifying the Factors

We are left with the problem of identifying the factors that are used to estimate equation (4). The
problem that arises in this context is that there are a substantial number of potential factors and
only a limited number of degrees of freedom for each regression. For example, to estimate a model
with K factors, we need to estimate K coefficients, the intercept and two parameters describing
the serial correlation in the fund’s returns®, i.e., K + 3 coefficients. For example, the Fung and
Hsieh (2004) seven factor model requires estimates of 10 parameters. Clearly, given that in some of
our tests we will be estimating the regressions with only 24 monthly observations, it is not feasible
to include many more than seven factors, and it would be preferable to include somewhat fewer

factors.

As we noted earlier, relative to prior studies, we consider a substantial number of factors which is
necessary, given that the different hedge funds can potentially be following very different strategies
that load on very different factors. However, because of limits in the degrees of freedom, it is
important to limit the number of factors included in the models estimated. To do this, we follow
Agarwal and Naik (2004) and use stepwise regressions to identify the factors. This method, which
selects a parsimonious set of explanatory factors, by adding factors sequentially based on their
F-test significance, allows the data to select a different set of factors that best explains the returns

of each fund.

As an alternative specification, we also use the seven factor model of Fung an Hsieh (2004),

with corrections for serial correlation.”

5 R-squares and Performance

This section presents estimates of the relation between the adjusted R-squares from the regressions
of the hedge fund returns on the systematic factors and the future performance of the hedge funds.
As we mentioned at the outset, our hypothesis is that the funds with low R-squares will perform
better than those with high R-squares. Specifically, for each fund in our database, we use either

the entire history of the fund or a limited time horizon, and either the seven factor model of Fung

8For example we need to estimate 6y and 6; as 02 =1 — 6y — 0.
9We have experimented with using the Fung and Hsieh ((2004) model without adjusting for serial correlation. The
qualitative conclusions of our study continue to hold.
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and Hsieh (2004) or the stepwise regression model with lags, to calculate the R-squares of each
fund. We then compare the performance of the low R-square funds with those of the high R-square

funds in a subsequent period.

5.1 Summary Statistics

Table 2 summarizes the R-square calculations obtained with the Fung and Hsieh and the stepwise
factor models.!” The statistics in this table indicate that the stepwise regression model with the
correction for smoothed returns explains more of the variance in stock returns than the Fung
and Hsieh model (median adjusted R-squares of 54% in the stepwise regression model versus 24%
in the Fung and Hsieh model), which is to be expected given that the stepwise model selects the
factors that maximize R-squares for each individual fund. Moreover, the step wise regression model
explains the hedge fund returns with far fewer factors than the seven factor model used by Fung
and Hsieh. Indeed, the median number of factors selected in this model is 3, and more than 5
factors are selected very rarely. There are a couple of interpretations of this observation. The
first interpretation is that although there are very many potential factors, the factors are highly
correlated with each other so that there is very little increase in explanatory power when additional
factors are added. A second interpretation is that since hedge funds have focused strategies, their
returns load on very few factors. The observation that the more parsimonious, but specially tailored,
step wise regression model generates higher R-squares than the Fung and Hsieh factors suggests
that the there is substantial independent variation in the factors we consider, and thus supports
the latter interpretation.

Using estimates from the entire history of each fund, Table 3 divides the funds into R-square
quartiles, and reports their average Sharpe ratios, alphas, information ratios as well as fees charged
and the length of time they are in the sample. The evidence in this table indicates that the funds
in the low R-square quartile outperform, on average, the funds in the highest R-square quartile.
This result holds with R-squares calculated using stepwise regressions as well as with the Fung and
Hsieh factors, and across each of the hedge fund strategies. In Panels C and D of Table 3, where

we replicate our analysis using a subsample consisting of hedge funds with assets in excess of $200

The model (4) produces estimates of 6y 1.2 for all but 81 funds. In Getmansky, Lo and Makarov (2004), the
estimation converges for 908 funds out their database of 909. In Aragon (2007), 73 funds for which the estimated 6
has an absolute value greater than 5 are dropped. Our estimations requires a quartic equation to be solved in order
to obtain estimations of 6p 1,2 and for 81 funds this equation does not have real solutions; we eliminate those from
the sample, and are therefore left with 3,642 funds.
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million assets under management as well as a subsample consisting of funds with assets exceeding

$1 Billion, reveal that the results hold for the large funds as well as the small funds.

5.2 Predictive Tests

The summary statistics in the previous section indicate that funds with lower R-squares tend to
have better performance. In this section we examine whether estimated R-squares can be used to
predict hedge fund performance in subsequent periods. Specifically, for every month ¢ from January
1996 to December 2004 we calculate the R-square of each fund using an estimation period of two
years (from month ¢ — 23 to month ¢). We then study the relationship between these estimated
R-squares and performance in the subsequent year (from month ¢+ 1 to month ¢+ 12). The choice
of the 24 month test period was based on two considerations: on the one hand we need enough
data to estimate the Fung and Hsieh model, which requires estimates of 10 parameters, i.e., seven
factor coefficients, two coefficients of smoothing (the third may be estimated using the fact that
their sum is equal to one), and an intercept. On the other hand we would like the estimation period

to be short, since hedge fund factor loadings are likely to change through time.'!

Specifically, the timeline of the tests is outlined below:

t—23 t t+1 t+12
oL
estimate R-square: test relationship
R} 534 between R .,

and performance on [t + 1;¢ + 12]

In the predictive tests the measures of future performance we employ are the Sharpe ratio and
the raw returns of the funds. We prefer these estimates because in contrast with performance
measures such as alphas or information ratios, they are independent of any model and can be

directly calculated from the raw returns of the fund.

"Eung, Hsieh, Naik and Ramadorai (2008) perform Chow tests to assess whether hedge fund factor loading change
over time and the evidence supports such changes.
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5.3 Past R-squares and Future Performance: Fama-MacBeth Regressions

To test the relationship between past R-squares and future performance we estimate Fama-MacBeth
regressions. Specifically, for each month ¢ from December 1996 to January 2005, we calculate the
R-square of each fund using returns data on the estimation time interval from ¢ — 23 to ¢ (the
past two years), using both the stepwise regression model and the Fung and Hsieh model. We
then calculate the Sharpe ratio or the raw returns Perf; ;41.1+12 of each fund on the testing time
interval from ¢ + 1 to ¢t + 12 and regress these ratios on past R-squares and other control variables

as described below:

Perfiii1:4412 = bo + blR?,t_gg;t + baStd; 1234 + bagRi,HS:t + b4f/€at,t723:t
+bs 10g(AUMZ7t) + bg log(AgeLt)
+b; FOF; 4+ bgmfee; + boifee; + b1oO f fshore; + by log(1 + LockupPeriod;)

+b12Dir; + bizRelVal; + biaSecSel; 4+ bisMultiproc; + €; ¢,
()
where:
° RiQ,t—23:t is the R-square of fund ¢ calculated using the past two years of history of the
fund.
o Std; ;234 is the standard deviation of fund ¢ calculated using the past two years of
history.

The reason for using past volatilities as controls comes from our concern that the Sharpe ratio
estimates are likely to be upwardly biased because of a combination of estimation error in the
variances and Jensen’s inequality.!? This can potentially cause a problem in our regression analysis
if past R-squares are somehow correlated with the standard error of our variance estimates, since
higher standard errors are associated with greater biases in the Sharpe ratio. It is likely that the
potential for this type of bias is directly related to the return variance, and for this reason we

include the standard deviation as an additional explanatory variable.

12T understand this, assume that both the true standard deviation and excess return is 15% so the true Sharpe
ratio is 1. Assume also that our standard deviation estimate is equally likely to be 10% or 20%. If this is the case,
then the expected Sharpe ratio estimate will be (15/10 + 15/20) / 2 = 1.125.
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° ST}/%Z"t_ngt is the past Sharpe ratio of fund ¢ orthogonalized to past R-squares obtained
by running a cross-sectional regression of the Sharpe ratio calculated in period ¢t — 23 : ¢ on the
R-square of the fund calculated from the same time period. The residuals from this regression
are denoted by SA’IJ%@t,g;;;t. This first pass regression removes the dependence between the past

R-squares and the past Sharpe ratio, which is apparent from the simple sorts of Section 5.1.

o Ret;; o3 are residuals from a similar first pass regressions of past returns on past R-
squares.

The reason for including past performance in our regressions is because of evidence from Ja-
gannathan, Malakhov and Novikov (2007) that hedge fund performance is persistent.

o log(AUM; ;) is the log of the size of the fund at the end of the estimation period.

e log(Age; ;) is the log of the fund’s age at time ¢.

e ['OF; is a dummy equal to one if the fund is a fund of funds.

e mfee; and ifee; are the management fee and the incentive fee charged by the fund in
percent.

e Of fshore; is a dummy equal to one if the fund if offshore.

e log(1 + LockupPeriod;) is the log of one plus the lockup period of the fund (in months).
The lock-up period includes also the redemption notice period (also measured in months). For
example, if the redemptions notice period is 30 days while the lock-up period is 4 months, the
variable LockupPeriod = 5.

One of our concerns is that the relation between past R-squares and future returns is generated
because the funds holding less liquid investments generate higher returns, (because of an illiquid-
ity premium), and also have low estimated R-squares, because their returns are more likely to be
smoothed. By adding the lock-up as a control variable we partly control for this possibility. How-
ever, it is worth noting that the correlation between R-squares and lock-ups is actually positive
(1.16% when the R-squares are calculated from the stepwise regression model and 8.57% from the
Fung and Hsieh model). This suggests that correcting for serial correlation in fund returns does a
reasonable job eliminating the downward bias in R-squares that may be due to the smoothing of

the returns.
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e Dir;, RelVal;, SecSel; and Multiproc; are strategy dummies (representing Directional,

Relative Value, Security Selection and respectively Multiprocess).

5.4 Results

This subsection presents evidence that indicates that low R-square funds outperform high R-square
funds. In the first part of the subsection we report the results of Fama-MacBeth regressions that
estimate the relation between performance and R-square after controlling for a number of other
variables that are likely to also predict performance. In the second part of the subsection we
examine portfolios of hedge funds that are formed based on their past R-squares. Specifically we
compare the performance of a portfolio that consists of hedge funds with the highest past R-squares

with the performance of a portfolio that consists of hedge funds with the lowest past R-squares.

5.4.1 Fama-MacBeth Regressions.

Table 4 reports the results of the Fama-MacBeth regressions. Consistent with our hypothesis, we
find a significant negative relationship between past R-squares and future performance. The Fama-
MacBeth regressions imply that, ceteris paribus, a 10% drop in the R-square (with the stepwise
regression model) is associated with an annual increase in returns of about 60 basis points and an

increase in the annual Sharpe ratio of about 0.05.

These regressions also provide evidence of performance persistence, but the evidence is mixed:
past Sharpe ratios are strongly persistent (even after correcting for past R-squares), however, raw
returns do not seem to be persistent. In addition, larger funds have better Sharpe ratios but not
better raw returns, perhaps, reflecting the better diversification of larger funds. Finally, funds with
longer lockups appear to outperform in the future even after controlling for their R-squares. This
is consistent with the results in Aragon (2007) who suggests that funds with lock up restrictions

may be able to exploit a return premium by buying less liquid assets.

5.4.2 Portfolios of High and Low R-square Funds.

This subsection compares the returns of portfolios of high and low R-square hedge funds. Specifi-

cally, to assess the economic significance of the difference in performance between the low R-square

13Similarly, a 10% drop in returns with respect to the Fung and Hsieh model is associated with an increase of the
next year Sharpe ratio of about 0.04 and an increase in returns of the next year of 61 basis points.
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and high R-square funds, we directly compare the performance of a portfolio consisting of funds
in the low R-square quartile with the performance of a portfolio of funds in the high R-square
quartile. Specifically, we form portfolios as follows: starting in December 1996, for each month ¢
we use the previous two years of each fund’s history to calculate their R-squares. We rank funds
based on these R-squares and form a portfolio consisting of funds with the lowest quartile of past
R-squares, as well as a portfolio consisting of funds with the highest quartile of past R-squares.
These portfolios are rebalanced at frequencies of 1, 3, 6 and 12 months. The portfolios run from
January 1997 to December 2005. We report results for both value-weighted and equally-weighted
portfolios.

The Sharpe ratios, alphas and the R-squares of the portfolios are reported in Table 5. The
portfolio alphas and R-squares are calculated using the Fung and Hsieh benchmark portfolios. As
we expect, the portfolio consisting of low R-square hedge funds have lower R-squares than the
portfolio consisting of high R-square hedge funds.!* In addition, the Sharpe ratios and alphas are
higher for the portfolio consisting of low R-square hedge funds. The differences between the Sharpe
ratios are quite large, generally greater than 0.6, and are generally statistically significant. To test
for the statistical significance of the difference between the Sharpe ratios of these portfolios we use
a Jobson and Korkie (1981) test with the correction of Memmel (2003), and adjust the variances
and covariances for serial autocorrelation using Newey-West estimators. All the z x statistics of

the differences (which are normally distributed) are in excess of 4.98.

The differences between the alphas of the low and high R-square hedge fund portfolios are also
fairly large. In most cases, the alpha of the low R-square fund is very strongly significant and the
portfolio of the high R-square portfolio is either insignicant or just marginally significant. However,
because the alpha of the high R-square hedge fund portfolio is not estimated very precisely, the

difference between these two alphas are not statistically significant.

Note that the portfolio R-squares are actually lower than the R-squares of the individual hedge funds. This
is somewhat surprising since in most cases the R-square of a portfolio is higher than the R-squares of most of its
components because the idiosyncratic components of returns are diversified away. However, in this particular case
the reported R-squares are not directly comparable, since for the individual funds the R-squares are computed over
24 months and for the portfolio of funds the R-square is computed over all the 108 months in which such portfolio
can be formed. In general, R-squares are higher when the sample period is shorter.
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5.5 Robustness

Although the results up to this point provide support for our hypothesis, as we have stressed, there
are problems with the hedge fund data that is due to the fact that hedge funds invest in lots of
different assets, some of which are difficult to benchmark. Some of the assets held by hedge funds
are not included in any of our benchmark portfolios, (e.g., airplane leases), and many of the assets
are illiquid, (e.g., bank loans). In addition, the payoffs of some assets are non-linearly related to the
benchmark portfolios, (e.g., options). While we have tried to address these issues in our empirical
methodology, it should be noted that there are a relatively small number of funds in which the
effect of these measurement issues are considerably less of a problem. In this section we explore
the relation between R-square and performance for this more select sample of hedge funds, and
show that despite the small sample, the evidence supports our result that low R-square hedge funds

outperform high R-square hedge funds.

Specifically, we will consider a subsample of 70 funds that satisfy the following conditions:

1. the fund reaches at least $30 million AUM at least once during the sample;
2. 100% of the fund is dedicated to equity long-short strategies;
3. the fund uses no options (including options on futures or options on options) or warrants;

4. at least 75% of the fund is focused on the U.S. (no fund reported a 100% U.S. focus).

Since these are primarily U.S. equity funds, we measure their R-squares as well as their per-
formance using the four factor portfolios from Ken French’s web site, i.e., MKT, SMB, HML, and

UMD. These factors, on average, explain about 47% of the variance of these funds.

Following our previous methodology we rank each fund by their R-squares measured over the
previous 24 months, and form portfolios consisting of hedge funds in the lowest and the highest
R-square quartiles. These portfolios are then held for 1, 3, 6 or 12 months. As we show in Table 6,
the average Sharpe ratio of the funds in the lowest R-square quartile is 1.23 annually and in the
highest R-square quartile is 0.68, the difference between these Sharpe ratios is reliably different
than zero. To further test whether the low R-square funds outperform the high R-square funds
we compare the alpha of the portfolio of the low R-square funds with the alphas of the high R-

square funds. For the value weighted portfolios, the average alpha of the low R-square portfolio is
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11.65% annually while the alpha of the high R-square portfolio is -0.23% annually. This difference

is statistically significant for all the rebalancing periods for the value weighted portfolios.

6 Do Investors Prefer Low R-square Funds?

Our simple model suggests that portfolio managers with more ability will choose a lower R-square
strategy. Hence, sophisticated investors should consider past R-squares as well as past performance
as an indicator of managerial ability. To examine whether investors do in fact account for differences
in R-squares we consider two tests. The first estimates the extent to which funds with lower R-
squares charge higher fees. The second estimates the extent to which funds with lower R-squares

attract additional investors.

6.1 R-squares and Fees

This section tests the hypothesis that funds with lower R-squares charge higher fees. As we men-
tioned earlier, we have data on the fees for each hedge fund in the last year of the fund’s history,
(i.e., the latest year for funds that are still alive). Given this, our tests examine the relation between

R-squares, calculated in the past, and the most recent fees.

To test our hypothesis we first sort funds based on their R-squares over their entire history
and compare the fees charged by the funds in the low R-square quartile with the fees charged by
the funds in the high R-square quartile. As we show in Table 3 (Panel Al), with the stepwise
regression model the average Management Fee of the low R-square quartile of funds is 12 basis
points higher than the average management fee of the high R-square quartile. This difference is
significant at better than the 1% level. When the Fung and Hsieh (2004) model is used to calculate
the R-squares, the difference is less (8 basis points in Panel B1), but is still statistically significant
(at the 1% level). We also observe differences between the Incentive Fees of low and high R-square
funds. The low R-square funds (as calculated from stepwise regressions) charge on average 385
basis points more than the high R-square funds (Panel Al of Table 3) and 184 basis points more
when the Fung and Hsieh (2004) model is used. These differences are statistically significant in

both cases.

In our multivariate analysis we regress fees on the past R-squares along with past performance

and other fund characteristics, such as size, age, investment style and the presence of share re-
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strictions. To enable comparisons between the importance of past R-squares versus measures of
performance in determining the fees, we normalize both the R-squares and the measures of per-
formance in these regressions, transforming them into standard normal variables with a mean of
zero and a standard deviation of one. These regressions, which we present in Table 7, indicate
that R-squares are strongly negatively related to fees (both management and incentive fees), even
after controlling for these other characteristics. The magnitude of the coefficient of the past R-
square rank is about twice as large as that of the coefficients on past Sharpe ratios, about the same
magnitude as the coefficient on past returns, and in some of the models adding R-square as an
explanatory variable completely subsumes the statistical significance of the performance measures
(e.g. in the Models 3 and 4 of Incentive Fees where the R-square are calculated relative to the Fung

and Hsieh (2004) model).

6.2 R-squares and Flows

This subsection tests the hypothesis that lower R-square funds attract more investors. To do so,
we analyze the relationship between the R-squares calculated using the prior two years of history
of each fund, and the net flows into the fund in the subsequent year. Specifically, we run a
Fama-MacBeth regression, similar to regressions estimated in Sirri and Tufano’s (1998) analysis of
inflows into mutual funds, that includes the past R-squares along with controls for past and current

performance, strategy, age of the fund, past volatility, size and whether the fund has lock-ups.

The estimates from these regressions, presented in Table 8, indicate that funds with lower
past R-squares attract more new capital. These estimates indicate that a decrease of 10% in the
R-square leads to a 1 percentage point increase in the subsequent year’s flow. To understand
the magnitude of this effect, we note first that the annual inflows in our sample, calculated from
January-to-December each year, have a mean of about 29% of assets under management (median of
23%) across the years 1996 to 2005. Hence our results on the relationship between inflows may be
interpreted as follows: for two funds that are otherwise identical except for the estimate R-square
of one is 10% lower, and managing $100 million each, the average flow next year will be $29 million;
the lower R-square fund, however, will get $1 million more than the higher R-square fund. A 10%

drop in R-square, therefore, is associated with a 1/29 &~ 3.45% relative difference in flows.
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7 Conclusions

As the hedge fund industry grows there is an increased interest in developing criteria for picking
talented hedge fund managers. Given that special ability, if it exists, should persist, past perfor-
mance is likely to be the most important criteria for selecting a hedge fund. However, it is not the

only criteria that is used in practice.

In practice, fund of funds and consultants that evaluate hedge funds consider a number of
characteristics that can potentially be indicators of future performance. Most of these indicators
are based on relatively soft information, like the integrity of the hedge fund managers, and cannot
be evaluated in a back test. However, the extent to which funds hedge out their factor risk is
something that can be estimated, and as we argue in this paper, hedge fund managers with more

confidence in their abilities will expose their investors to less factor risk.

We tested this hypothesis and found that the degree to which hedge funds hedge their factor
exposures is indeed indicative of future performance. Furthermore, the evidence suggests that
there are investors who recognize that low R-square funds are likely to be better performers.
Specifically, we found that lower R-square funds charge higher fees and attract more capital, even

after controlling for their past performance.

There were a couple of issues raised in this study that may warrant further research. The first
issue stems from the observation that a portfolio of low R-square funds still has substantial volatility
that cannot be explained by our common factors. This evidence suggests that although these low
R-square funds seem to have very low correlation with the large group of common factors that we
have included in our study, the funds tend to be correlated with each other. This observation is
consistent with the presence of additional common factors that the hedge funds tend to be exposed
to, or alternatively, to hedge funds following similar strategies that time their exposures to the

factors.

Finally, we postulated and tested that the ability to hedge systematic factor exposures is an
indicator of a manager’s talent and should thus be reflected in the manager’s performance. Hedging
is a skill that sophisticated investors are likely to possess. Future research may identify other such

skills, that contribute to the investment process, that can be back tested as performance predictors.
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Table 2: Summary statistics of factor models

The table presents summary statistics of Sharpe ratios (SR), as well as of adjusted R-squares, alphas («), tracking errors (TE),
information ratios (IR) and, when the model employed is the stepwise regression, summary statistics on the number of factors
included. All the performance measures are annualized. The R-squares are calculated from the factor models of Fung and Hsieh
(2004) and, respectively, stepwise regressions to the entire history of funds with more than 27 months of history and which reached
more $ 30 million in assets in our sample. Funds are divided by strategy type. We also present summary statistics for the larger funds
(funds that reached $ 200 million in assets in our sample). The model (4) cannot be estimated for 81 of our total of 3,762 funds.

Stepwise Fung and Hsieh

Mean StDev 25% Median 75% Mean StDev 25% Median 75%

All Funds (3,681 funds, 1,796 companies)

R-square 0.43 0.25 0.24 0.42 0.61 0.26 0.13 0.16 0.24 0.34
SR 0.88 1.13 0.38 0.72 1.16 0.88 1.13 0.38 0.72 1.16
« 0.04 0.11 -0.00 0.03 0.06 0.05 0.11 0.01 0.04 0.08
TE 0.08 0.09 0.03 0.05 0.10 0.09 0.08 0.04 0.07 0.11
IR 0.62 1.66 -0.08 0.48 1.08 0.71 1.18 0.19 0.64 1.14
No. factors 3.29 1.85 2 3 4 — - - —

Directional Funds (566 funds, 360 companies)

R-square 0.55 0.21 0.41 0.55 0.71 0.28 0.13 0.19 0.28 0.36
SR 0.69 0.64 0.32 0.63 1.02 0.69 0.64 0.32 0.63 1.02
« 0.06 0.18 0.00 0.05 0.11 0.07 0.14 0.01 0.06 0.12
TE 0.12 0.09 0.05 0.09 0.15 0.15 0.11 0.08 0.12 0.19
IR 0.56 1.44 0.04 0.54 1.08 0.50 0.93 0.15 0.50 0.91
No. factors 3.46 1.75 2 3 5 - - - —

Relative Value (541 funds, 312 companies)

R-square 0.34 0.26 0.14 0.32 0.51 0.21 0.14 0.11 0.18 0.28
SR 0.86 1.10 0.28 0.74 1.25 0.86 1.10 0.28 0.74 1.25
« 0.03 0.07 -0.00 0.03 0.06 0.04 0.07 0.01 0.03 0.06
TE 0.05 0.04 0.02 0.04 0.06 0.05 0.05 0.03 0.04 0.07
IR 0.88 2.02 -0.07 0.70 1.55 0.96 1.68 0.15 0.79 1.52
No. factors 2.57 1.67 1 2 4 — — — —

Security Selection (952 funds, 569 companies)

R-square 0.53 0.25 0.37 0.55 0.73 0.25 0.13 0.15 0.23 0.33
SR 0.83 0.73 0.44 0.74 1.09 0.83 0.73 0.44 0.74 1.09
« 0.05 0.13 -0.00 0.03 0.08 0.07 0.13 0.02 0.05 0.10
TE 0.08 0.07 0.04 0.06 0.10 0.11 0.09 0.06 0.09 0.14
IR 0.61 1.51 -0.05 0.55 1.28 0.73 1.08 0.26 0.66 1.12
No. factors 3.53 1.87 2 3 5 - — - - —

Multiprocess (309 funds, 208 companies)

R-square 0.44 0.23 0.27 0.43 0.60 0.26 0.14 0.14 0.24 0.34
SR 0.97 0.71 0.58 0.87 1.34 0.97 0.71 0.58 0.87 1.34
a 0.05 0.09 0.01 0.04 0.08 0.06 0.07 0.02 0.05 0.09
TE 0.06 0.04 0.03 0.05 0.08 0.07 0.05 0.04 0.06 0.09
IR 1.00 1.31 0.28 0.85 1.52 1.02 0.98 0.40 0.85 1.45
No. factors 3.45 1.95 2 3 4 - - - -

Fund of Funds (855 funds, 793 companies)

R-square 0.64 0.24 0.48 0.67 0.85 0.28 0.12 0.19 0.26 0.34
SR 0.91 0.68 0.50 0.83 1.23 0.91 0.68 0.50 0.83 1.23
ot 0.01 0.06 -0.01 0.01 0.03 0.03 0.08 0.01 0.02 0.05
TE 0.03 0.03 0.02 0.02 0.04 0.06 0.05 0.02 0.04 0.08
IR 0.16 2.10 -0.56 0.41 1.19 0.59 1.08 0.11 0.60 1.06

No. factors 3.55 1.87 2 3 5 - -
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Table 4: Past R-squares and Future Performance: Fama-MacBeth regressions

The table presents the results of running a Fama-MacBeth regression of model (5).

Each month ¢, we run stepwise regressions on the returns of each hedge fund on the time interval
[t—23 : t] on the returns of the explanatory factors on the time interval [t —23 : ¢] (with unsmoothing).
The R-squares of these regressions are denoted by R5723:t. ‘We then ran Fama-MacBeth regressions
of the performance Perf of each fund on the time period [t + 1 : t + 12] on R2 ,,,. Perf may
be the Sharpe ratio or the raw returns of the fund. The controls are as follows: Std;_93.+ is the
volatility of the fund on the interval [t — 23 : ¢]. The controls for past returns and past Sharpe
ratios, Rett+_23:+ and SR:_23.+, respectively are obtained by taking the residuals from regressions of
past returns Ret:_23:+ and respectively past Sharpe ratios SRt_23.+ on the past R-squares Rfi23:t4
log(AUMy) is the logarithm of the assets under management at time ¢. log(Aget) is the logarithm
of the age of the fund at time t. FOF is a fund of funds dummy. mfee and ifee represent the
management, respectively the incentive fees charged by the fund. Of fshore a dummy variable equal
to 1 if the fund if an Offshore fund. LockupPeriod represents the logarithm of (1 + lockup), where
lockup is expressed in months. Four strategy dummies are included (Directional, Relative Value,
Security Selection and Multiprocess). The fifth category of funds is the funds not classified. The
regressions include a constant term. t-statistics are Newey-West.

Panel A. The stepwise regression model with unsmoothing

Dependent Variable: Sharpe ratio on [t + 1 : ¢+ 12]

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
R12723;t -0.1239 -0.1093 -0.1460 -0.1592 -0.1546 -0.1349
t-stat -2.7962 -2.5751 -3.1762 -4.5029 -4.2624 -4.4271
Stdy_23.¢ -2.7965 -3.8827 -1.6018 -1.3552 -1.9073 -1.3499
t-stat -5.8854 -6.7821 -3.0477 -2.9777 -3.6507 -2.8288
S\Rt,zg;t 0.5071 0.5019 0.4851 0.4998
t-stat 24.0851 22.9923 12.6677 11.2627
Rety_a3:¢ 0.2138
t-stat 4.8810
log(AU My) 0.0110 0.0103 0.0100
t-stat 2.8134 2.4653 2.5951
log(Aget) 0.0774 -0.0414 -0.0416
t-stat 1.1631 -1.6045 -1.6943
Fixed Fund Characts.
FOF 0.0614 0.0521 0.0537
t-stat 2.1986 1.8836 1.9013
mfee -0.0140 -0.0081 -0.0027
t-stat -1.0733 -0.8747 -0.4030
ifee 0.0012 0.0012 0.0011
t-stat 1.4492 1.5659 1.4856
Offshore 0.0153 0.0134
t-stat 1.5984 1.4052
LockupPeriod 0.0083 0.0052
t-stat 1.4910 1.0297
Category Dummies
Dir. -0.0824
t-stat -2.6032
Rel. Val. 0.0197
t-stat 0.4870
Sec. Sel. -0.0751
t-stat -1.8517
Multiproc. 0.0206
t-stat 0.4801
Avg. adj. R? 4.66% 8.90% 17.29% 20.03% 18.73% 22.92%

Continued on the next page ...
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Table 4 (cont.): Past R-squares and Future Performance: Fama-MacBeth regressions

Panel B. The stepwise regression model with unsmoothing

Dependent Variable: Returns on [t + 1: ¢+ 12]

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
R? 5as -0.0514 -0.0415 -0.0555 -0.0448 -0.0223 -0.0199
t-stat -2.7268 -2.2625 -2.8589 -2.2483 -2.3652 -2.8711
Stdy_23.¢ 1.8786 0.9879 2.1960 1.1428 1.2122 1.2730
t-stat 3.3276 2.5277 3.2774 2.6556 2.9839 2.7807
SRi_o3.4 0.1293
t-stat 2.6785
Rety_o5.1 0.1734 0.1521 0.0356 0.0302
t-stat 2.7019 2.8111 1.8680 1.7926
log(AU My) 0.0015 -0.0052 -0.0050
t-stat 0.9704 -2.6627 -2.7168
log(Aget) 0.0969 0.0077 0.0048
t-stat 1.7675 0.5916 0.3895
Fixed Fund Characts.
FOF 0.0241 -0.0052 -0.0061
t-stat 2.3466 -0.7563 -1.0644
mfee -0.0054 0.0031 0.0059
t-stat -0.5192 0.6265 1.5272
ifee 0.0008 0.0001 0.0001
t-stat 2.2066 0.4755 0.4575
Offshore 0.0102 0.0127
t-stat 1.9227 3.0144
LockupPeriod 0.0101 0.0091
t-stat 3.3279 3.0856
Category Dummies
Dir. -0.0142
t-stat -0.8375
Rel. Val. 0.0007
t-stat 0.0991
Sec. Sel. 0.0196
t-stat 1.2232
Multiproc. 0.0067
t-stat 0.8214
Avg. adj. R? 5.87% 9.29% 9.29% 18.43% 12.85% 16.46%

Continued on the next page ...
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Past R-squares and Future Performance: Fama-MacBeth regressions

Panel C. The Fung Hsieh model

Dependent Variable: Sharpe ratio on [t 4+ 1 :t 4 12]

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
R2_,4., -0.1043 -0.0912 -0.1224 -0.1267 -0.1375 -0.1161
t-stat -2.5718 -2.5380 -2.8516 -3.5648 -2.8773 -2.8251
Stdy_o3:¢ -2.8964 -3.9626 -1.6206 -1.3788 -2.0373 -1.5037
t-stat -5.8728 -6.9309 -3.0097 -2.8669 -3.4121 -2.9796
SRy_23. 0.5077 0.5041 0.4840 0.4997
t-stat 23.5616 22.8248 11.7451 10.7115
Rety_93.¢ 0.2143
t-stat 4.7912
log(AU My) 0.0109 0.0098 0.0100
t-stat 2.8096 2.2130 2.4044
log(Agey) 0.0768 -0.0317 -0.0328
t-stat 1.1600 -1.4121 -1.5146
Fixed Fund Characts.
FOF 0.0608 0.0305 0.0381
t-stat 2.1706 1.2496 1.4764
mfee -0.0127 0.0010 0.0047
t-stat -0.9005 0.0954 0.6537
ifee 0.0013 0.0004 0.0005
t-stat 1.4874 0.4682 0.5467
Offshore 0.0154 0.0142
t-stat 1.5758 1.4225
LockupPeriod 0.0189 0.0154
t-stat 2.6464 2.4233
Category Dummies
Dir. -0.0783
t-stat -2.6709
Rel. Val. 0.0177
t-stat 0.4360
Sec. Sel. -0.0742
t-stat -1.6875
Multiproc. 0.0072
t-stat 0.1701
Avg. adj. R? 4.25% 8.60% 17.07% 19.93% 19.23% 23.38%

Continued on the next page ...
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Table 4 (cont.): Past R-squares and Future Performance: Fama-MacBeth regressions
Panel D. The Fung Hsieh model

Dependent Variable: Returns on [t + 1: ¢+ 12]

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
R? 5as -0.0760 -0.0656 -0.0801 -0.0674 -0.0452 -0.0361
t-stat -2.5824 -2.1985 -2.6892 -2.0700 -3.0539 -3.9953
Stdy_23.¢ 1.8653 0.9980 2.1935 1.1577 1.2307 1.2818
t-stat 3.2212 2.4455 3.2099 2.5824 2.8177 2.5634
SRi_o3.4 0.1263
t-stat 2.7159
Rety_o5.1 0.1720 0.1509 0.0172 0.0078
t-stat 2.7109 2.8300 0.9483 0.3482
log(AU My) 0.0018 -0.0005 -0.0003
t-stat 1.0954 -0.4151 -0.3206
log(Aget) 0.0976 -0.0127 -0.0160
t-stat 1.7765 -1.5067 -1.7309
Fixed Fund Characts.
FOF 0.0252 0.0011 -0.0003
t-stat 2.3905 0.2548 -0.0700
mfee -0.0050 -0.0026 0.0027
t-stat -0.4734 -0.2934 0.5694
ifee 0.0008 0.0006 0.0007
t-stat 2.0566 1.9684 1.8840
Offshore -0.0001 0.0036
t-stat -0.0163 0.6443
LockupPeriod 0.0003 0.0037
t-stat 2.0311 1.4687
Category Dummies
Dir. -0.0148
t-stat -0.6346
Rel. Val. -0.0097
t-stat -1.7230
Sec. Sel. 0.0203
t-stat 1.0152
Multiproc. 0.0047
t-stat 0.5367

Avg. adj. R? 5.80% 9.21% 9.21% 18.50% 12.47% 16.69%
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Table 8: R-squares and inflows.

Each month from January 1997 to December 2004 we calculate the R-square using the previous two years
of each fund’s returns. The R-squares are calculated using either the stepwise regression model or the Fung
and Hsieh model. We then calculate the net inflows into the fund for the next year, setting the inflow
to -1 if the fund becomes extinct in the next period. LowPer, MidPerf and HighPerf are defined as in
Sirri and Tufano (1998). Ret¢41:¢4+12 represent the performance of the fund in the testing period (“next
year”). Age and AUM are the age of the fund (in months) and the assets under management (in $ mil.).

Std represents the component of volatility that is orthogonal on the R-square in each cross-section (it is
obtained by running a cross-sectional regression on volatility on R-square in each cross-section, and then
taking the residuals of that regression). mfee and ifee are the incentive, respectively the management fees
charged by the fund. We include strategy and funds of funds dummies as well as lock-up dummy equal to
1 if the fund has lock-ups.

Stepwise regression Fung and Hsieh model

Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4
Rsqri_23.¢ -0.1574 -0.1414 -0.1413 -0.1394 -0.0929 -0.1047 -0.1055 -0.1031
t-stat -6.2565 -9.8604 -10.9505 -11.0923 -3.5893 -4.4735 -4.7369 -4.9109
LowPerfi_23.¢ 1.6654 1.4131 1.4164 1.4169 1.6142 1.3810 1.3838 1.3839
t-stat 5.5455 5.1337 5.3359 5.2539 5.5650 5.0800 5.3324 5.2734
MedPerfi_23.¢ 2.6989 2.8087 2.8460 2.8924 2.5294 2.6294 2.6688 2.7126
t-stat 4.0453 3.8260 3.8525 3.9897 4.0978 3.8872 3.9385 4.1101
HighPerfi_o3.¢ -0.2256 -0.2102 -0.1991 -0.1968 -0.1984 -0.1947 -0.1846 -0.1836
t-stat -0.9486 -1.0174 -0.9600 -0.9418 -0.8529 -0.9457 -0.8936 -0.8840
Retyy1:4412 0.5226 0.5407 0.5365 0.5373 0.6408 0.6616 0.6573 0.6582
t-stat 13.1764 14.0134 14.1462 14.0852 9.8451 11.8571 11.4591 11.5408
Stdy_o3.+ -1.8196 -1.7410 -1.7506 -1.7409 -2.1289 -1.9995 -2.0086 -1.9967
t-stat -6.5036 -5.5844 -5.6154 -5.5374 -5.9207 -5.0712 -5.0745 -5.0019
log(Age)t -0.2289 -0.2270 -0.2296 -0.2320 -0.2297 -0.2324
t-stat -2.6384 -2.7378 -2.7149 -2.6198 -2.7121 -2.6899
log(AUM)¢ -0.0370 -0.0370 -0.0377 -0.0373 -0.0373 -0.0378
t-stat -4.7917 -4.7023 -4.7995 -4.8414 -4.7331 -4.8214
Directional -0.0441 -0.0498 -0.0512 -0.0460 -0.0521 -0.0534
t-stat -2.4646 -2.5005 -2.4976 -2.5463 -2.6083 -2.5987
RelativeValue 0.0134 0.0136 0.0147 0.0178 0.0176 0.0188
t-stat 0.3965 0.3886 0.4232 0.5411 0.5189 0.5550
SecuritySelection -0.0502 -0.0500 -0.0486 -0.0473 -0.0473 -0.0459
t-stat -1.3921 -1.3530 -1.3352 -1.3401 -1.3072 -1.2855
Multiprocess 0.0003 -0.0001 0.0043 0.0022 0.0015 0.0058
t-stat 0.0094 -0.0033 0.1315 0.0681 0.0448 0.1737
FOF -0.0088 -0.0274 -0.0262 -0.0153 -0.0320 -0.0306
t-stat -0.2563 -0.9541 -0.9451 -0.4591 -1.1444 -1.1371
mfee 0.0108 0.0101 0.0115 0.0108
t-stat 1.9092 1.8061 2.0608 1.9731
ifee -0.0017 -0.0016 -0.0015 -0.0014
t-stat -1.5881 -1.4386 -1.4670 -1.3161
Locked -0.0211 -0.0200
t-stat -1.9076 -1.8139

avg. adj. R 13.09 % 16.06 % 16.08 % 16.09 % 14.26 % 17.36 % 17.38 % 17.39 %
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age - December 2005

Figure 1: Database Cover
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Figure 2: Number of funds and assets under management in the hedge funds industry

The figure represents the number of hedge funds across time, between 1994 and 2005. The total number of funds is
measured at the end of each year. The number of funds are on the right Y-axis and the number of funds are illustrated
by the line plots. The bar plot represents the year-end assets under management in the industry. These amounts are on
the left Y-axis and are in $ mil.
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