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Did Any "Real" Top Hedge Funds Survive the Subprime Crisis? 
 

Abstract 

Controlling for data-snooping bias, this study aims to identify all outperforming hedge funds 

for periods prior to the outbreak of the subprime mortgage crisis and to determine if any of 

these "real" top hedge funds survived the credit crunch during the July 2007–August 2008 

period. The study applies Fung and Hsieh’s seven-factor model to determine the abnormal 

returns (or alpha values) of hedge funds in various categories and in different periods. Using 

Romano and Wolf’s stepwise reality check to control for the data-snooping bias that would 

otherwise affect the results, the study investigates whether the alpha values of "real" top 

hedge funds are persistent across the periods prior to and after the outbreak of the crisis. This 

study examines the monthly returns of 12,996 hedge funds from the HFR hedge fund 

database dating to January 1994 and finds that some "real" outperformers do generate a 

significantly positive alphas during the crisis—a result robust to the data-snooping bias. 

 

JEL: C12, C14, G19 
 

 Key Words: hedge fund, data-snooping bias, stepwise reality check, seven-factor    

        model, subprime mortgage crisis 
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1. Introduction 
 
Although the hedge fund industry is young compared to the mutual fund industry, the former 

involves techniques more complicated than those of the latter. The number of strategies by 

which database providers such as HFR categorize hedge funds speaks to this point. However, 

hedge funds are subject to fewer legal and market regulations and thus provide little 

information on their assets under management and their trading strategies. Accordingly, the 

average hedge fund reports its performance to databases only once a month. Investors and 

analysts are therefore very unlikely to assess correctly whether a top hedge fund manager 

really possesses asset-selecting skills that generate abnormal returns or whether his/her 

excellent track record is purely due to luck. One important related issue is whether hedge fund 

managers can tackle systematic market risks such as the recent subprime crisis, which has 

affected credit markets, stock markets, and bond markets, among others. 

 As of June 2007, 7,396 hedge funds were "alive" according to the HFR database. During 

the subsequent July 2007–August 2008 period, when institutions revealed enormous credit 

losses one after another, the HFR “dead funds” dataset added 594 hedge funds but only 23 

new mutual funds were added to the “live funds” dataset. This is a large contrast to the 1,131 

new mutual funds reported to the “live funds” dataset and 280 funds added to the HFR “dead 

funds” dataset for the precrisis period of May 2006–June 2007, which was just as long as the 

postcrisis period. 

 Obviously, the hedge fund industry did not escape the subprime crisis, as evidenced by 

the fall in the total net asset value (NAV) of all funds in the HFR hedge fund dataset. In 

particular, the total NAV fell significantly from $6,393,442 million in June 2007 to 

$4,536,885 million in August 2008. In light of the great losses in both the number of funds 

and the value of assets under management, therefore, what matters to existing and new hedge 

fund investors is whether the fund managers can survive this crisis. 
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 To avoid drawing a misleading conclusion given the data-snooping bias common to  

sizable unions of models, trading strategies, or technical rules, one must statistically mitigate 

the possibility that good performance comes from sampling variation rather than real skill. 

White (2000) developed one of the most pronounced techniques in this regard via the reality 

check, which tests the null hypothesis that the best model (strategy) in a large union does not 

outperform the benchmark model (strategy). Hansen (2005) improved the power of White’s 

reality check to reject the hull hypothesis by reducing the number of models unable to explain 

the underlying time series. Romano and Wolf (2005, hereafter RW) devised a 

multiple-hypothesis testing method by extending White’s reality check to test the entire union 

of models in order to see whether any model, rather than simply the best model, beats the 

benchmark model. Because this study's aim is to discover as many high-performing hedge 

funds as possible from the HFR database discussed later, it adopts RW’s multiple approach, 

which is also called the stepwise reality check or SRC. Despite the lack of transparency in 

hedge fund assets and strategies, this study examines whether hedge fund managers really 

have asset-picking skills based on the statistical technique above.  

The factor models such as CAPM, Sharpe’s (1966) single-factor model, Fama and 

French’s (1993) three-factor model, and Carhart’s (1997) four-factor model are commonly 

used to evaluate the abnormal returns of mutual funds. For example, Marcus (1990) 

documented that the consistent, good performance of the manager of Fidelity Magellan Fund, 

Peter Lynch, was not a result of chance only. Mr. Lynch really owned talent and skill in 

selecting underpriced stocks. Chen, Jegadeesh, and Wermers (2000) studied the stock 

positions and active trades of mutual funds and found that managers of growth-oriented 

mutual funds did possess skill in finding underpriced large-cap growth firms. Similarly, 

Kosowski, Timmermann, Wermers, and White (2006, hereafter KTWW) discovered that quite 

a few managers of American, domestic, open-end mutual funds were able to pick underpriced 
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stocks, which was also true even based upon net-of-fee fund returns.  

Fung and Hsieh (2004, hereafter FH) examined hedge funds using the long-short strategy 

(going long on an underpriced asset portfolio and short on an overpriced asset portfolio of 

equal values simultaneously) and suggested that this category of hedge funds provided 

abnormal returns that seven systematic risk factors could not explain. This became the 

seven-factor model.  

Using the FH seven-factor model, Kosowski, Naik, and Teo (2007, hereafter KNT) found 

that luck cannot explain the performance of top hedge funds and that outperformers tended to 

demonstrate persistent performance across time. In particular, KNT suggested that among the 

six fund categories—Directional Traders, Relative Value, Fund of Funds, Long-Short Equity, 

Security Selection, and Multiprocess—the first four categories had the most persistent 

performance. These previous findings appear to reject the semistrong and weak forms of the 

market-efficiency hypothesis because the managers of top mutual funds and hedge funds tend 

to show unique asset-picking techniques or investing strategies rather than rely on luck to beat 

the benchmark portfolio. 

The literature substantially implements the bootstrap method to control for the 

data-snooping bias. White (2000) pioneered the use of bootstrapping by introducing the 

Bootstrap Reality Check (hereafter BRC). White’s BRC tests the null hypothesis under which 

the best model (strategy) in a large group of competitors cannot beat the benchmark model 

(strategy) in terms of a specific loss function (e.g., average daily returns for funds). However, 

the BRC method is less effective when the sample contains too many underperforming 

models (strategies). In light of this drawback, Hansen (2005) devised a superior predictive 

ability (SPA) test, which increases the rejection rate of the null hypothesis by reducing the 

number of poor models in the sample. However, both the BRC and SPA only involve the best 

model of the entire union, and unless the tests run repeatedly, are unlikely to determine 
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whether the models ranked right after the best model can beat the benchmark model. 

Thus, this study incorporates RW’s SRC to control for the data-snooping bias. Instead of 

setting a test size for each of the multiple tests such as the Bonferroni inequality test and thus 

reducing the test size given numerous null hypotheses, SRC specifies that the family-wise 

error (i.e., the possibility of erroneously rejecting a null hypothesis) is controlled at a certain 

level such as 5%. SRC therefore makes it possible to find more than one outperforming model 

that rejects the null hypothesis in each round of the test. 

KTWW recently developed another bootstrap method for controlling for the 

data-snooping bias. Unlike White’s BRC, KTWW’s "cross-sectional alpha bootstrap 

technique" tests all candidate models one by one without dealing with the covariance matrix 

of the entire union of candidates. One of the largest advantages of KTWW’s method is that it 

does not require all candidate models to have a common sample period. Users compare the 

test statistic under the null hypothesis for each model to the distribution of the bootstrapped 

counterparts. As long as the sample period is lengthy enough, this method can test, for 

example, the performance of all mutual funds or hedge funds, live or defunct. However, 

because this method does not entail a common sample period, it is not possible to take into 

account the covariance matrix of all models. Unfortunately, many funds within the same 

strategy category share the same risk-return characteristics and thus demonstrate 

cross-correlation, an issue that cannot be ignored. 

 

Intended Contributions of This Study 

Although RW and KNT also studied this issue separately, this paper contributes to the 

literature in the following aspects. First, none of the previous studies examine the effect of the 

subprime crisis on hedge fund performance. This study evaluates whether any precrisis 

outperformers survived the crisis from a perspective robust to the data-snooping bias. Second, 
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RW did not use Fung and Hsieh's seven-factor model, which is a standard model for 

benchmarking hedge fund performance. Instead, they benchmarked their hedge funds against 

the risk-free rate. Thus, if the model for discovering a fund's abnormal return (or the alpha 

value) is seriously misspecified, the bootstrap reality check is ineffective. Third, Romano and 

Wolf used the CISDM database, which is much smaller than the HFR database. The latter 

better represents the entire hedge fund industry. 

 To account for a data-snooping bias, a study must include as many hedge funds as 

possible. However, the small size of the dataset affects all the results based on reality checks 

such as RW’s SRC, and RW only examined 105 hedge funds for a single sample period from 

January 1992 through March 2004. In contrast, this study tests different sample periods, and 

the longest sample period, January 2004–June 2007, includes 196 funds. To mitigate the 

effect of sample-selection bias, however, the study also tests shorter sample periods. 

 Fourth, RW did not consider many of the dataset biases such as serial autocorrelation of 

fund returns, incubation/backfill bias, and so on. All these biases render RW's results 

questionable. Finally, this study's results are based upon RW's SRC approach, which is a 

generalized version of the "cross-sectional alpha bootstrap technique" KTWW introduced. To 

correct for the potential cross-correlation among the performance of funds within the same 

category, KTWW’s bootstrap technique needs modification to become similar to RW’s SRC 

and requires all funds tested to have the same data period. As a result, RW's SRC is the most 

general approach to conducting a hedge fund reality check, although it is much more 

complicated than KTWW's method. 

The rest of the paper is organized as follows. Section 2 introduces the data, the 

seven-factor model for measuring the abnormal returns of hedge funds, and RW’s SRC to 

control for the data-snooping bias. Section 3 discusses the empirical results, and Section 4 

concludes. 
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2. Data and Models 

HFR Hedge Funds Dataset 

 When concerning the performance analysis, despite that a study might evaluate a large 

quantity of data, some fund managers may not accept its results. After all, no good fund 

manager will readily admit that his or her fund's outperformance is due to chance alone. 

Underperforming managers, however, might very well attribute their funds' poor performance 

to bad luck. So how do investors distinguish capability from luck?   

  This study evaluates the global hedge funds in the Hedge Fund Research (HFR) hedge 

funds dataset, which provides overall return history from January 1994 to August 2008. A 

total of 12,996 funds, including 7,973 existing funds and 5,023 defunct funds, exist in the 

sample period and include a maximum number of 176 monthly observations. All returns are 

net of management and incentive fees, which means that the returns are the actual returns 

obtained by investors. The dataset contains individual hedge funds as well as funds of hedge 

funds. 

  There are three reasons to focus on the post-1994 time period. First, the number of 

hedge funds prior to 1994 is quite small. Second, the dataset does not cover “dead funds” 

before 1994. Third, the hedge fund index data have been available since 1994, and the 

investors can use an appropriate index to benchmark the performance of the hedge funds they 

invest in. 

  Agarwal et al. (2005) and KNT classified hedge funds into six broad investment 

categories: Directional Traders, Relative Value, Security Selection, Multiprocess, Fund of 

Funds, and Long-Short Equity funds (where Long-Short Equity is a subset of Security 

Selection).  Similarly, the HFR dataset groups all funds into five main strategies: Macro, 

Relative Value, Equity Hedge, Event-Driven, and Fund of Funds. Macro, Equity Hedge, and 
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Event-Driven correspond to, respectively, Directional Traders, Equity Hedge, and 

Multiprocess in Agarwal et al. (2005) and KNT. 

  Macro funds usually bet on the direction of the price of securities in the futures and 

cash markets. Relative Value funds trade the price spreads of highly related financing assets, 

aiming to minimize market risk. Equity Hedge funds go long on overvalued securities and 

short on undervalued securities usually in the equity markets, and they intend to minimize 

market exposure like the Relative Value funds. Event-Driven funds employ multiple strategies 

to arbitrage the significant transactional events, such as spin-offs, mergers and acquisitions, 

bankruptcy reorganizations, recapitalizations, and share buybacks. Fund of Funds is a 

portfolio of individual hedge funds that usually charges a higher fee but requires smaller 

minimum investments. Table 1 summarizes the categories of hedge funds according to the 

five main strategies in the HFR dataset. 

 

<<Table 1 inserted here>> 

 

 Unlike mutual funds, hedge fund returns tend to exhibit some data biases (see FH and 

KNT): incubation bias, backfill bias, and serial correlation. 

 

Incubation/Backfill Bias 

 Because hedge funds cannot advertise, the only way they can legally promote themselves is to 

report their performance to databases. However, the typical hedge fund generates its initial 

returns with the manager's own money or with funds from insiders before reporting its 

performance. When a hedge fund enters a database, the database includes the fund's backdated 

information as well, which is why funds with "good" historical returns tend to report to the 

databases when seeking outside investments. Funds with "poor" returns have less incentive to 
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report to databases and thus might cease operation. As a result, the performance data for the 

hedge funds that make it into databases is usually biased upward, creating the so-called 

incubation/backfill bias. Following KNT, this study thus excludes the first 12 months of data 

to avoid this bias in the subsequent analysis. 

 

Size Effect 

 Results for funds with fewer assets under management (AUM) might not bear any economic 

significance for general investors, because they often do not have access to those funds. Thus, 

this study follows KNT and uses a $20 million threshold, which may still be trivial for many 

institutional investors, to filter "tiny" hedge funds out of the original 12,996 funds in the HFR 

sample, leaving 5,917 funds with AUM of at least $20 million. 

 

Serial Correlation 

 Getmansky et al. (2004) found that hedge fund returns were often highly serially correlated 

relative to mutual funds. Serial correlation in financial data creates concern about market 

inefficiencies because it violates the Random Walk Hypothesis and implies predictability in 

returns. Serial correlation also seems to contradict the general perception that the hedge fund 

industry attracts the best and brightest managers with outstanding investment skills. After all, 

predicable returns imply that the manger did not adopt the best investment policy available. If 

investors could consistently forecast the manager’s returns next month, for example, then the 

fund manager should increase his or her positions when the trend is positive and take short 

positions when the opposite appears. Such trading on predictability will in the end eliminate 

the unexploited profitability, if any. 

  However, Getmansky et al. (2004) suggest that in most situations, serial correlation in 

hedge fund returns is not due to unexploited profit opportunities. Rather, it is more likely the 
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result of owning illiquid securities. In this case, the observed returns of funds with illiquid 

securities appear smoother than their true economic returns suggest. To solve the spurious 

serial correlation of monthly returns, Getmansky et al. developed an explicit model to 

unsmooth returns, which is similar to an MA model. Following Getmansky et al. (2004) and 

KNT, this study adopts an MA(2) model to unsmooth the serial correlation of hedge fund 

returns and thereby uncover the funds' true economic returns. As an example, Table 2 contains 

summary statistics for the maximum likelihood estimates of the smoothing parameters 

( 0 1 2,  ,  θ θ θ ) and smoothing index ζ  ( 2 2 2
0 1 2+ +ζ θ θ θ≡ ) for the July 2002–June 2007 period. 

 

<<Table 2 inserted here>> 

 

  For this five-year case, funds in the Event-Driven and Fund of Funds categories seem 

to demonstrate the largest serial correlation in their observed returns. The estimates of these 

two categories’ average smoothing indexes tend to deviate from 1 the most relative to other 

categories, where 1 indicates no smoothing effect. After controlling for the incubation/backfill 

and serial-correlation biases and filtering out small funds, 5,663 funds remain in the HFR 

dataset for the sample period (January 1994–August 2008), of which 4,061 are surviving 

funds and 1,602 are dead funds. 

 

Outperformers-Identifying Periods and Performance-Persistence-Testing Period  

To identify which outperforming hedge funds existed prior to the credit crunch and to test 

their performance during the worst portion of the crisis, the study splits the sample period into 

an outperformer-identifying period and an out-of-sample period. In particular, the study 

examines the most recent 2, 3, 4, 5, 10, and 13.5 years of data, respectively, backdated from 

June 2007, leaving the July 2007–August 2008 period for out-of-sample testing. Using RW’s 
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SRC, the study screens as many precrisis outperformers as possible from each fund category 

and from all funds separately. These varying sample periods help evaluate whether relative 

hedge fund performance is subject to the duration of history. The study then tests these "real" 

outperformers, selected during periods of credit-market tranquility relative to the July 

2007–August 2008 period of market turbulence, to see if any survived the latter period and 

provided significant, positive alpha. Table 3 summarizes the numbers of funds within each 

fund category according to the outperformer-identifying period. 

 

<<Table 3 inserted here>> 

 

Benchmarking Hedge Funds Returns 

 To evaluate the performance of different hedge funds fairly, this study benchmarks the funds 

against the FH seven-factor model. FH argued that managers having the same style would 

generate correlated returns, and they applied principle-components analysis to hedge fund 

returns to determine the return-based style factors. They also looked for highly related assets, 

which linked the returns of hedge fund categories to observed market prices. They named 

these links asset-based style (ABS) factors. FH discovered seven ABS factors as follows: 

 

S&P: Standard and Poor’s 500 stock index monthly return 

SCMLC: Wilshire small-cap 1750 index return minus Wilshire large-cap 750 index 

return 

Δ10Y: month-end-to-month-end change in the U.S. Federal Reserve 10-year 

constant-maturity yield 

ΔCredSpr: month-end-to-month-end change in the difference between Moody’s Baa 

yield and the Federal Reserve 10-year constant-maturity yield 
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BdOpt: return of a portfolio of lookback straddles on bond futures 

FXOpt: return of a portfolio of lookback straddles on foreign exchange futures 

ComOpt: return of a portfolio of lookback straddles on commodity futures 

 

Although this seven-factor model only explains 37% of the hedge fund returns (adjusted 

R2 = 0.37), its explanatory power increases to 55% for the portfolio of hedge funds that HFR’s 

fund of funds (HFRFOF) index proxies. It is thus far the most general model for 

benchmarking the performance of all types of hedge funds. Following KNT, however, this 

study substitutes the S&P 500 index's excess return (i.e., returns in excess of the risk-free rate), 

denoted as SNPMRF, for the S&P index return above. Therefore, our regression model is 

given by  

 

1 2 3 4 5 6 7+ Δ10 + Δi i i i i i i i i i
t t t t t t t t tr SNPMRF SCMLC Y CredSpr BdOpt FXOpt ComOpt= + + + + + +α β β β β β β β ε

                                                       (1) 

where i
tr  is the "unsmoothed" net-of-fees return in excess of the risk-free rate on an 

individual hedge fund i for month t, SNPMRFt denotes the return on the S&P 500 index in 

excess of the risk-free rate for month t, and i
tε  is the error term of hedge fund i for month t. 

 
Stepwise Reality Check 

One of the most recent techniques for controlling for the data-snooping bias is RW’s 

multiple-hypothesis testing method, also called the stepwise reality check (SRC). This study 

uses this method to investigate whether any hedge funds in the HFR dataset beat the 

benchmark portfolio during the precrisis periods. Appendix A documents the approach. 

However, it is important to emphasize that the study uses the alpha value and its t-statistic 

from the FH seven-factor model for each hedge fund, respectively, as the test statistic under 
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the study's null hypothesis that the hedge fund does not outperform the benchmark portfolio 

(namely, 0H : 0iα ≤  or 0H : 0it
α
≤  for fund i). RW also advocated the use of alpha’s 

t-statistic, which they called the studentized version of the alpha statistic. 

 Also note that the bootstrap procedure RW advocated is the stationary bootstrap Politis 

and Romano (1994, hereafter PR) introduced. Unlike Efron’s (1979) bootstrap and PR’s (1992) 

circular-blocks bootstrap, PR’s stationary bootstrap ensures that all bootstrapped samples are 

stationary time series, a characteristic typical of financial asset-returns series. However, one 

of the important parameters of the stationary bootstrap concerns the expected size of each 

randomly selected block of data. Intuitively, the more serially correlated the sample data is, 

the larger the average size of a randomly selected block should be. To test whether the 

expected block size has any impact on the study's results, the study examines three values of it: 

2, 5, and 10 (see White, 2000, Hansen, 2005 and RW)1. 

 
3. Empirical Results 

Tables 4 through 7 report the summary statistics for the unsmoothed returns. Given the many 

choices of precrisis periods, for illustrative purposes this study focuses on a five-year period. 

Table 4 reports the alpha, alpha’s t-ratio, and residuals from the estimated FH seven-factor 

model for monthly excess returns. The second column gives the number of funds for each 

category and suggests that Fund of Funds is the largest group. The third column reveals that 

the average abnormal return (alpha) is positive for all categories: 0.54% per month or 6.48% 

annually across all funds. The average alpha t-statistic across all funds is 1.89 (higher than 

1.68) indicating that the HFR hedge funds earn an average abnormal return of 0.54% monthly 

at the 10% significance level. Moreover, hedge funds in the Fund of Funds category have 
                                                 
1 Although previous studies also suggest using 100 for the expected block size, this study omits this choice 
because most of the study's sample periods involve fewer than 100 months of data. An expected block size of 
100 would render all bootstrapped samples extremely similar to one another, which would bias the SRC results. 
Also, an expected block size of 100 indicates that the time series of the hedge fund returns is strongly 
autocorrelated, which is not very likely, because the study has unsmoothed the observed returns. 
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residuals that are obviously negatively skewed, but Relative Value funds exhibit high kurtosis, 

or fat tails. 

  Table 5 reviews the normality, heteroskedasticity, and the serial correlation on hedge 

fund return residuals for the five-year period for all categories. Many funds fail the normality 

test. For two categories, Event-Driven funds and Relative Value funds, the Jarque-Bera test 

rejects the null hypothesis of normality for about 40% of the funds. Fortunately, 

nonparametric methods, such as the bootstrap, relax the assumption of normality for hedge 

fund returns and thus are helpful in evaluating hedge funds' risk-adjusted returns. 

  The results in Table 5 also indicate that more than half of the Macro funds are 

heteroskedastic, and other categories show relatively little heteroskedasticity in their 

unsmoothed excess returns. Moreover, fewer than a quarter of the funds within all categories 

tend to show serial correlation, a result Table 7 explains. 

 

<<Table 4 inserted here>> 

<<Table 5 inserted here>> 

 

  Table 6 reports the summary statistics according to the sample period. The average 

alpha for all periods is positive. The average alpha for the most recent two years is largest 

among all subperiods, indicating that the most recent performance of the entire hedge fund 

industry as listed in the HFR database is better than its ancient counterpart. 

  Table 7 repeats the summary tests for the residuals from the FH seven-factor model 

both for the unsmoothed returns using the MA(2) smoothing profile suggested by Getmansky 

et al. (2004) and for the original observed returns according to the sample period. When the 

sampling periods get longer, more funds tend to fail the normality test for the observed returns. 

The unsmoothed returns, however, tend to have the largest proportion of serially correlated 
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funds for the five-year period. Comparing the results of the Ljung-Box test for the two panels 

of Table 7 indicates the importance of conducting the unsmoothing procedure before any 

formal bootstrap analysis. Indeed, the number of funds failing the Ljung-Box test of zero 

first-order autocorrelation substantially decreases after uncovering the hedge funds' true 

economic returns. 

 

<<Table 6 inserted here>> 

<<Table 7 inserted here>> 

 

Identified Outperformers from the Precrisis Periods  

 The study applies SRC to 1,000 bootstrap repetitions for each round of identifying 

outperforming funds using three expected block sizes: 10, 5, and 2. The results, not reported, 

suggest that the SRC results do not appear to be robust to the choice of expected block size for 

the stationary bootstrap. The expected block size of 10 tends to pick up the most 

outperformers among all choices of the expected block size. To avoid the effect of the 

expected block size on this study, only the outperforming funds identified by all three 

expected block sizes contribute to the following discussion. Tables 8 and 9 report identified 

outperformers and their performance during the July 2007–August 2008 period under the 

basic alpha statistic and under the studentized alpha statistic, respectively. 

  A glance through all panels of Tables 8 and 9 reveals that no funds appear under both 

statistics for the two-year period. This result might exist because short-lived fund performance 

or short-term fund performance tend to be volatile relative to their long-lived or long-term 

counterparts. The average alpha estimate for the two-year precrisis period is largest among all 
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durations, as Table 6 reports. However, the average standard error of the alpha estimate for the 

two-year period is also largest among all in-sample durations.2 

  If a certain sample period tends to include funds of a (relatively) high risk, which can 

be measured by the standard errors of alpha, these high-risk hedge funds would dominate the 

ˆ jc  value (that is, the critical value) of the SRC based on the basic alpha statistic. 

Outperformers are unlikely to exist unless these high-risk funds also correspond to a relatively 

large alpha. In this context, most funds with positive alphas are very likely benefitting from 

mere luck rather than real asset-picking or fund-management skills, even if the alphas are 

significant in the sense of the traditional t-test. Using studentization to account for varying 

levels of risk should help identify more "real" good funds (i.e., funds with positive alphas that 

are not due to sampling variation). 

  Unfortunately, the study cannot find any "real" outperformers in the two-year sample 

period before the outbreak of the crisis. However, studentization does help identify more 

"real" outperformers for all other sample periods. Comparing panels A through E of Table 8 

against their Table 9 counterparts, respectively, indicates that the SRC with the studentized 

alpha statistic tends to identify more outperformers relative to the basic alpha statistic for all 

categories and for most sampling histories. 

  Of equal importance is which type of funds tends to generate relatively more "real" 

precrisis outperformers. The basic alpha statistic (see panels A through E of Table 8) identifies 

"real" top hedge funds within all categories. The Macro funds, however, tend to have the most 

outperformers relative to other categories. In particular, the SRC picks one fund from the 

three-year (out of 236 candidates), four-year (out of 197 candidates), and five-year (out of 163 

                                                 
2 Table 6 does not report the average standard errors of the alpha estimate for all in-sample durations but are 
available upon request from the authors. 
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candidates) periods, respectively, and eight funds (out of the 37 candidates) from the 

13.5-year period. 

  A similar result occurs with the studentized alpha statistic (see panels A through E of 

Table 9). It tends to identify Macro funds as outperformers at a proportion higher than other 

categories under both statistics. For all categories (see panel F of Tables 8 and 9), only Macro 

and Equity Hedge tend to be outperformers under the basic alpha statistic, while Relative 

Value, Event-Driven, and Fund of Funds in addition to Equity Hedge, all have funds identified 

as outperformers under the studentized alpha statistic. 

  

 Performance of "Real" Precrisis Good Funds During the Crisis 

 Turning to the precrisis "real" outperformers relative to the FH’s seven-factor benchmark 

portfolio during the July 2007–August 2008 period, only one fund tends to show significantly 

positive alpha under the basic alpha statistic. AIS Futures 3X-6X Composite, a Macro fund 

(see panel A of Table 8), has an alpha of 8.27% (monthly), which is significant at the 5% 

significance level. Likewise, one precrisis "good" fund demonstrates significant but negative 

alpha during the crisis period: Prosperity Quest Fund (Power), an Equity Hedge fund, has an 

out-of-sample alpha of -7.80% (monthly), which is significant at the 10% significance level 

(see panels E and F of Table 8). 

  Under the basic alpha statistic, none of the remaining precrisis "good" funds, including 

all those in the Funds of Fund, Event-Driven, and Relative Value categories, tend to show 

significant and positive alpha during the July 2007–August 2008 period. Under the 

studentized alpha statistic, in contrast, at least two precrisis good funds within each category 

consistently perform well during the crisis.  

  In particular, Viking IRA Fund, LLC; Huntrise Global Partners, Ltd.; Winton Futures 

Fund; Brummer & Partners Lynx; HFR MF Diversified Select Fund; Haidar Jupiter 
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International Ltd.; Kaiser Trading Fund; Winton Futures Fund, L.P. (Class A); and Transtrend 

Diversified Trend Program-Enhanced Risk (USD) within the Macro category all show 

significant and positive alphas during the crisis. Within the Fund of Funds category, TS 

Multi-Strategy Fund, L.P. Class B (Unleveraged); Santa Clara I Fund (Class A); Aijed 

Associates LLC; and Sussex Trading Fund Ltd. (Class A) are still outperformers during the 

crisis. Talisman Partners LLC; YA Global Investments (U.S.), L.P.; and Corsair Capital 

Management L.P. generate significantly positive alpha during the July 2007–August 2008 

period. Both precrisis good funds within the Relative Fund category, Coast Enhanced Income 

Fund II, Ltd and Equity Income Partners, tend to show consistent good performance during 

the out-of-sample testing period. Finally, 6 out of 11 precrisis good funds—Valhalla 

Investment Partners, L.P.; Viking Fund, LLC; Rye Select Broad Market Fund, L.P.; Fairfiled 

Sentry Ltd.; Kingate Euro Fund, Ltd.; and WG Trading Co. L.P.—show consistent good 

performance during the crisis for the Equity Hedge category. 

  The results on panel F of Tables 8 and 9 (across all funds) summarize the study's main 

finding: none of the 10 precrisis good funds shows consistent good performance afterward 

under the basic alpha statistic, while, on the other hand, 7 out of the 11 precrisis outperformers 

identified under the studentized alpha statistic tend to show consistent good performance. In 

other words, most of "real" precrisis good funds, identified under the studentized alpha 

statistic, speak for themselves by showing a significant and positive alpha during the crisis. To 

make the study's conclusion less blunt and less bold, these "real" good hedge funds tend to 

have survived the July 2007–August 2008 period at least. 

  Moreover, the study finds that the sampling history does exert an effect on the 

performance persistence of “real” good funds during the crisis. Because only one fund gives a 

significantly positive alpha under the basic alpha statistic, we focus our discussion on the 

crisis survivors under the studentized alpha statistic. In particular, the study finds that most 
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crisis survivors (i.e. those precrisis “real” outperformers which deliver significant, positive 

alphas during the crisis) tend to come from a relatively short-term sampling history, 3, 4 or 5 

yr, for the categories of Macro, Fund of Funds, and Event-Driven funds. In particular, 8 out of 

9 crisis survivors of the Macro category are identified from either the 4-yr or 5-yr precrisis 

period (panel A of Table 9). All four crisis survivors of the Fund of Funds category are 

identified from the 3-, 4-, or 5-yr precrisis periods (panel B of Table 9). 2 out of 3 

Event-Driven crisis survivors come from the 3-, 4-, or 5-yr precrisis period (panel C of Table 

9). On the other hand, most crisis survivors for the remaining two categories of Relative Value 

of Equity Hedge funds tend to come from a relatively long-term sampling history, 10 or 13.5 

yr. In particular, both Relative Value crisis survivors are identified from the 10-yr precrisis 

period (panel D of Table 9), while 4 out of 6 Equity Hedge crisis survivors come from either 

the 10- or 13.5-yr precrisis period (panel E of Table 9).  

  The final but not least important observation from the results on panel F of Table 9 is 

that all the funds with consistent good performance during the crisis are in either the Equity 

Hedge or the Relative Value category. Because the SRC results use all unclassified funds, this 

result has an important implication for the managers of fund of hedge funds. Ironically, the 

only fund in the Fund of Funds category, Momentum Assetmaster Fund, does not show 

significant performance although it is a "real" precrisis elite.  

 

<<Table 8 inserted here>> 

<<Table 9 inserted here>
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4. Concluding Remarks 
 
 This study tests whether the estimated seven-factor alphas and their studentized values of 

“star” hedge fund managers are due solely to luck or, at least in part, to excellent investment 

skills. More important, this study focuses on the performance of those "real" precrisis 

outperformers during the July 2007–August 2008 period when the subprime crisis exerted its 

force on the global economy and financial markets. 

  The findings exclude all common biases of hedge funds (size effect, serial correlation 

bias, and incubation/backfill bias). To account for the undesirable bias of data-snooping, the 

study applies the stepwise reality check to compare a sizable set of global hedge funds in the 

HFR dataset to a common benchmark. The study finds that, under both statistics, the SRC 

identified some "real" good funds from the precrisis periods of various lengths before July 

2007 for all fund categories. This indicates that the managers' performance before the crisis is 

not solely due to luck; that is, sampling variability is not the only explanation for performance. 

Moreover, the use of studentization appears to be more powerful in identifying outperformers 

relative to the basic alpha method. 

  The most important finding of this study is that quite a few precrisis "real" good funds 

for all fund categories, identified under the studentized alpha statistic, tend to show 

consistently good performance during the crisis from July 2007 to August 2008. Despite the 

termination of many hedge funds due to the credit crisis, outperformers consistently 

performed well during the out-of-sample period. Also noteworthy is that all those crisis 

survivors are either Equity Hedge funds or Relative Value funds if all funds are tested together 

without classification. This carries an important implication for the managers of funds of 

hedge funds when allocating their assets. 

  Finally, this study finds that only one "real" precrisis good fund among the 24 funds 

identified under the basic alpha statistic tends to generate a significant and positive alpha. This 
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suggests that disregarding a hedge fund's risk level (measured by the standard error of alpha) 

leads to a wrong decision when selecting "real good" hedge funds. 
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Appendix A. Stepwise Reality Check For Hedge Funds 

Step 1. Screen hedge funds out of the HFR database for a specific common sample period. 

Run the FH seven factor model to measure the alpha value (α̂ ) or alpha’s t-statistic ( t̂α ) for 

each hedge fund. 

Step 2: Rank 1α̂ , 2α̂ ,…, ˆSα  or 
1

t̂α ,
2

t̂α ,…, ˆ
S

tα  calculated from step 1’s linear regression for 

each fund so that series 
1

ˆrα , 
2

ˆrα ,…, ˆ
Sr

α  or 
1

ˆ
r

tα ,
2

ˆ
r

tα ,…, ˆ
rS

tα  represents ordered alpha values 

or alpha t-statistics from large to small, where S denotes the number of hedge funds for a 

specific sample period.   

Step 3: Bootstrap the ordered hedge funds, i.e. fund r1, r2 ,…, rS, for a number of 1000 times 

to generate the critical value of the distribution of the largest difference between the bootstrap 

statistic and the sample statistic (i.e. max(
*,

ˆ
s s

b
r rα α− ) or max(

*, ˆ
rs rs

b
t tα α− ) for s = 1,…, S) under 

repetition b for b = 1,…, B, where B=1000. To be more specific, step 3 could be elaborated in 

the following sub-steps. 

Step 3-1: Use the stationary bootstrap method to generate bootstrapped returns out of the 

ordered return matrix for all hedge funds and seven factors. Denote them by ,
,
*

s

b
t rX  (for s 

=1,…, S) and 
1

,
,
* b
t FX ,…, 

7

,
,
* b
t FX , where t = 1,…, T (T is the length of the sample period), b (= 

1 ,…, B) denotes the ordinal number of bootstrap repetition and F1,…, F7 the seven risk 

factors of FH. 

Step 3-2: Estimate the alpha value or alpha’s t-statistic for each ordered fund by the 

seven-factor model under each bootstrap repetition, e.g. 
1

*, 1ˆ b
rα

=  or 
1

*, 1=

r

b
tα  for fund r1 under the 

first bootstrap. 

Step 3-3: Calculate the difference of the sample alpha or alpha’s t-stat from its bootstrapped 

counterpart for each fund under each bootstrap. Following step 3-2, for example, the 
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difference for fund r1 under the first bootstrap will be 1 1

*, 1
ˆ

b
r rα α

=
−  or 

1 1

*, 1 ˆ
r r

b
t tα α

=
− . 

Step 3-4: Find the maximum amongst the differences in step 3-3 of all funds under each 

bootstrap. For example, *, 1max =b
j  = 

1 1max
− + ≤ ≤jR s S

*, 1
ˆ( )

=
−s s

b
r rα α  or *, 1max =b

j  = 

1

*, 1

1
ˆmax ( )

−

=

+ ≤ ≤ −rsj rs

b

R s S t tα α   denotes the maximum difference under the first bootstrap of the jth 

round of SRC, where Rj-1 refers to the number of funds that have been selected as 

outperformers in the previous round of SRC. Note that, for the first round of SRC, j =1 and 

Rj-1 = R0 = 0. 

Step 3-5: Rank the values of *, 1max b
j
=  through *,max b B

j
=  in an ascending order for the jth 

round of SRC. Let ˆ jc  be the critical value mentioned in step 3 under a significance level, α , 

of the SRC. In other words, ˆ jc  equals the 100(1-α )th percentile of the series of ordered 

*,max b
j  for b = 1,…, B. In mathematical form, 

( ){ }
1

,

ˆ 1
ˆˆ inf : Prob max 1

−

∗

+ ≤ ≤

⎧ ⎫= − ≤ ≥ −⎨ ⎬
⎩ ⎭

s sT j

b
rj rP R s S

c x xα α α  or 

( ){ }
1

,

ˆ 1
ˆˆ inf : Prob max 1

−

∗

+ ≤ ≤

⎧ ⎫= − ≤ ≥ −⎨ ⎬
⎩ ⎭

rs rsT j

b

j P R s S
c x t t xα α α .  

Step 4: Compare the ordered series 
1

ˆrα , 
2

ˆrα ,…, ˆ
Sr

α  or 
1

ˆ
r

tα ,
2

ˆ
r

tα ,…, ˆ
rS

tα  with the critical 

value ˆ jc  and reject the null hypothesis that fund rs does not outperform the seven-factor 

benchmark portfolio (i.e. H0: 0
sr

α ≤  or H0: 0≤
rs

tα  is rejected) if ˆ
sr

α  or ˆ
rs

tα  is larger 

than ˆ jc  for s = 1,…, S. 

Step 5: Unless none of the null hypotheses is rejected in step 4, let j = j + 1 and repeat steps 3 

and 4 until there is no further rejection. 
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Table 1. Fund categories according to the main strategies of the HFR 

 dataset 

Fund categories 
(Main Strategies of 

HFR) 

Sub Strategies  

Macro 
Discretionary Thematic, Multi-Strategy, Systematic 
Commodity, Systematic Currency,  
Systematic Diversified. 

Fund of Funds Conservative, Diversified, Market Defensive, Strategic. 

Event-Driven 
Activist, Credit Arbitrage, Distressed/Restructuring, 
Merger Arbitrage, Multi-Strategy,  
Private Issue/Regulation D, Special Situations. 

Relative Value 
Fixed Income–Asset Backed, Fixed Income–Convertible 
Arbitrage, Fixed Income–Corporate, Multi-Strategy, 
Volatility, Yield Alternatives. 

Equity Hedge 

Energy/Basic Materials, Equity Market Neutral, 
Fundamental Growth, Fundamental Value, 
Multi-Strategy, Quantitative Directional, Short Bias, 
Technology/Healthcare. 
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Table 2. Mean and standard deviation of maximum likelihood estimates of the MA(2) smoothing process 

 

This table includes the means and standard derivations of maximum likelihood estimates of the MA(2) smoothing process 0 1 1 2 2− −= + +o
t t t tR R R Rθ θ θ  (subject to the 

normalization 0 1 2 =1+ +θ θ θ ) and the smoothing index 2 2 2
0 1 2ζ θ θ θ≡ + +  for the HFR database during the 5-yr period from July 2002 to June 2007. Out of the 1,396 

hedge funds with AUM value over 20 million USD.  

0̂θ  1̂θ  2̂θ  ζ̂  
Category 

Number
of funds

Mean SD Mean SD Mean SD Mean SD 

Macro funds 163 1.117 0.234 -0.099 0.158  -0.018 0.161  1.487 0.128 

Fund of Funds 478 1.281 0.238 -0.223 0.153  -0.058 0.156  1.830 0.121 

Event-Driven funds 137 1.281 0.229 -0.200 0.149  -0.081 0.154  1.853 0.121 

Relative Value funds 158 1.214 0.232 -0.157 0.155  -0.057 0.158  1.790 0.123 

Equity Hedge funds 460 1.129 0.227 -0.104 0.153  -0.025 0.157  1.479 0.119 

All funds 1396 1.196 0.230 -0.156 0.152  -0.040 0.156 1.660 0.120 
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Table 3. Sizes of the hedge fund datasets with respect to the fund category and the outperformer-identifying period 
 

All Funds Macro Fund of Funds Event-Driven Relative Value Equity Hedge 
In-Sample 
(precrisis) 
Periods until 
Jun. 2007 all live dead all live dead all live dead all live dead all live dead all live dead 

2 yrs 2700 2628 72 282 269 13 1023 1012 11 235 231 4 354 341 13 806 775 31 
3 yrs 2174 2110 64 236 224 12 798 787 11 196 192 4 273 263 10 671 644 27 
4 yrs 1762 1714 48 197 189 8 625 617 8 179 176 3 203 197 6 558 535 23 
5 yrs 1396 1361 35 163 156 7 478 472 6 137 135 2 158 156 2 460 442 18 
10 yrs 469 458 11 64 63 1 147 144 3 55 55 0 49 49 0 154 148 6 
13.5 yrs 196 192 4 37 37 0 55 53 2 20 20 0 13 13 0 71 69 2 
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Table 4. Summary statistics of hedge funds –Fund category 

 

This table reports the average alpha, alpha’s t-ratio, and the third and fourth moments for the residuals from the FH 7-factor model estimated for the unsmoothed funds returns. 

Column one reports the categories of different investment styles. Column two reports the number of funds in each category. Column three and four shows the mean of 

monthly alpha of the FH seven-factor model and its t-statistic, respectively, across funds in each category. Columns five and six report the mean kurtosis and skewness of the 

fund returns residuals. The sample period is from July 2002 to June 2007.  

 Mean 

  
Number 

 of Funds 
Alpha(%) Alpha t-stat 

Excess 
Kurtosis 

Skewness 

Macro Funds 163 0.73 1.45 0.42  0.17 
Fund of Funds 478 0.36 2.19 0.92 -0.32 
Event-Driven Funds 137 0.62 2.08  1.54   0.30  
Relative Value Funds 158 0.42 2.16 2.46  0.03 
Equity Hedge Funds 460 0.67 1.59 0.54  0.10 
All Funds 1396 0.54 1.89 0.97 -0.03 
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Table 5. Summary tests of residuals –Fund category 

 

This table shows the hypothesis tests of hedge fund returns residuals from the FH seven-factor model estimated for each fund category and for all funds. Columns one and 

two report, respectively, the title of each category and the number of funds thereof. Columns three and four report, respectively, the number and percentage of funds for which 

the Jarque-Bera test for normality is rejected at the 10% significant level. Columns five and six report, respectively, the number and percentage of funds for which the 

Bresuch-Pagen test for homoskedasticity is rejected at the 10% significance level. Columns seven and eight report, respectively, the number and percentage of funds for 

which the Ljung-Box test for zero first-order autocorrelation is rejected at the 10% significance level. The sample period is from July 2002 to June 2007. 

 

  Test of Normality Test of heteroskedasticity Test of serial correlation 

  

Number 
 of Funds

Number of
Jarque-Bera 

p<0.1 

% of funds with
Jarque-Bera 

p<0.1 

Number of 
Breusch Pagan

 p<0.1 

% of funds with 
Breusch Pagan

 p<0.1 

Number of
Ljung Box

 p<0.1 

% of funds with  
Ljung Box  

p<0.1 

Macro Funds 163 32 19.63  90 55.21 14  8.59  

Fund of Funds 478 131 27.41  88 18.41 71  14.85  

Event-Driven Funds 137 54 39.42  33 24.09 35  25.55  

Relative Value Funds 158 67 42.41  56 35.44 37  23.42  

Equity Hedge Funds 460 129 28.04  135 29.35 95  12.60  

All Funds 1396 413 29.58 402 28.80 252 18.05 
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Table 6. Summary statistics of hedge funds–Time category 
  
This table reports the average alpha, alpha’s t-ratio, and the third and fourth moments for the residuals from the 

FH 7-factor model for the hedge funds within each sub-sample period and the entire sample period. Column one 

reports the categories of different investment styles. Column two reports the number of funds in each category. 

Column three and four shows the mean of monthly alpha of the FH seven-factor model and its t-statistic, 

respectively, across funds in each category. Columns five and six report the mean kurtosis and skewness of the 

fund returns residuals. 

 

 

Mean 
In-Sample (precrisis) Period 

Number 
of Funds Alpha (%) Alpha-stat Excess 

Kurtosis Skewness 

2 yrs: Jul. 2005~Jun. 2007 2700 0.75 1.57 -0.17 -0.01 
3 yrs: Jul. 2004~Jun. 2007 2174 0.62 1.61 0.27 -0.05 
4 yrs: Jul. 2003~Jun. 2007 1762 0.52 1.52 0.55 -0.03 
5 yrs: Jul. 2002~Jun. 2007 1396 0.54 1.89 0.97 -0.03 
10 yrs: Jul. 1997~Jun. 2007 469 0.47 2.19 3.09 0.09 
13.5 yrs: Jan. 1994~Jun. 2007 196 0.47 2.50 2.24 0.16 
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Table 7. Summary tests of residuals–Time category 

 

This table shows the hypothesis tests of hedge fund returns residuals from the FH seven-factor model estimated 

for the funds within each sample period and the entire sample period. Columns one and two report, respectively, 

the sample period and the number of funds thereof. Columns three and four report, respectively, the number and 

percentage of funds for which the Jarque-Bera test for normality is rejected at the 10% significant level. 

Columns five and six report, respectively, the number and percentage of funds for which the Ljung-Box test for 

zero first-order autocorrelation is rejected at the 10% significance level. 

 

 

Test of  
Normality 

Test of Serial Correlation 
A: Unsmoothed  

Returns 
Number 
of Funds Number of 

Jarque-Bera 
p<0.1 

% of funds with 
Jarque-Bera p<0.1

Number of 
Ljung Box 
 p < 0.1 

% of funds with 
Ljung Box  

p < 0.1 

2 yrs: Jul. 2005  
~ Jun. 2007 

2700 284  10.52  313  11.59  

3 yrs: Jul. 2004 
~ Jun. 2007 

2174  339  15.59  302  13.89  

4 yrs: Jul. 2003 
~ Jun. 2007 

1762  369  20.94  282  16.00  

5 yrs: Jul. 2002 
~ Jun. 2007 

1396  413  29.58  252 18.05 

10 yrs: Jul. 1997 
~ Jun. 2007 

469  350  74.63  67  14.29  

13.5 yrs : Jan. 1994 
      ~ Jun. 2007 

196  145  73.98  22  11.22  

B: Original (Observed) 
Returns 

Number 
of Funds 

Number of 
Jarque-Bera 

p<0.1 

% of funds with 
Jarque-Bera p<0.1

Number of 
Ljung Box   

p < 0.1 

% of funds with 
Ljung Box  

p < 0.1 
2 yrs: Jul. 2005  

~ Jun. 2007 
2700 286  10.59  232  8.59  

3 yrs: Jul. 2004 
~ Jun. 2007 

2174 335  15.41  331  15.23  

4 yrs: Jul. 2003 
~ Jun. 2007 

1762 369  20.94  439  24.91  

5 yrs: Jul. 2002 
~ Jun. 2007 

1396 401  28.72 410  29.37  

10 yrs: Jul. 1997 
~ Jun. 2007 

469 358  76.33  221  47.12  

13.5 yrs : Jan. 1994 
      ~ Jun. 2007 

196 153  78.06  92  46.94 
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Table 8. Performance of in-sample (precrisis) outperformers identified under the basic alpha statistic for the out-of-sample period from 
Jul 2007 through Aug 2008 

 
A. Macro funds 
 

Out-of-sample 
performance  

(7/2007~8/2008) Fund Title 
In-sample 

(precrisis) Period
(until Jun 2007) 

In-sampleα̂  (%) 

α̂ (%) t-ratio 

Di Tomasso Equilibrium Fund 3 Y 4.73 -0.58 -0.22 
Rosetta Trading Program 4 and 5 Y 7.14, 7.65 -0.80 -0.26 

Eckhardt Higher Leveraged Program 13.5 Y 1.90 2.91 1.70 
Dunn World Monetary Assets 13.5 Y 1.71 -1.02 -0.16 
Eagle Global L.P. (Composite) 13.5 Y 1.56 2.09 1.62 

Mark J. Walsh & Company Standardized Program 13.5 Y 1.54 2.27 0.91 
Blenheim Fund, L.P. 13.5 Y 1.46 0.72 0.33 

Eckhardt Standard Program 13.5 Y 1.32 2.61 1.70 
AIS Futures 3X-6X Composite 13.5 Y 1.23   8.27** 2.55 

Salem Futures Fund, L.P. 13.5 Y 1.19 1.00 0.80 
 Note: ***, **, and *, respectively denote statistical significance at the 10%, 5% and 1% significance level. 
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B. Fund of Funds 
 

Out-of-sample 
performance  

(7/2007~8/2008) Fund Title 
In-sample 

(precrisis) Period
(until Jun 2007) 

In-sampleα̂  (%) 

α̂ (%) t-ratio 

Challenger 8 4 Y 4.41  -2.00 -0.49 
FMG India Fund (B Shares) 5 Y 2.08  -2.93 -0.84 
FMG China Fund (B Shares) 5 Y 1.92  -3.66 -0.95 

Quest Trading Managers Limited - Class A USD 10 Y 1.03  0.84 0.74 
Wimbledon Fund SPC - Class C Shares 10 Y 1.00  0.77 0.45 

 
C. Event-Driven funds 
 

Out-of-sample 
performance  

(7/2007~8/2008) Fund Title 
In-sample 

(precrisis) Period
(until Jun 2007) 

In-sampleα̂  (%) 

α̂ (%) t-ratio 

Russian Opportunities Fund Limited 5 Y 3.18  2.30 0.57 
M.D. Sass Re/Enterprise Partners, L.P. 13.5 Y 0.77  0.03 0.08 
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D. Relative Value funds 
 

Out-of-sample 
performance  

(7/2007~8/2008) Fund Title 
In-sample 

(precrisis) Period
(until Jun 2007) 

In-sampleα̂  (%) 

α̂ (%) t-ratio 

Western Investment Total Return, L.P. 10 Y 1.56  0.48 0.33 
Millennium USA, L.P. 10 and 13.5 Y 1.03 , 1.01 0.49 0.83 

Millennium International, Ltd. 10 and 13.5 Y 1.00 , 0.99 0.45 0.71 
 
E. Equity Hedge funds 
 

Out-of-sample performance  
(7/2007~8/2008) Fund Title 

In-sample 
(precrisis) Period
(until Jun 2007) 

In-sampleα̂  (%) 
α̂ (%) t-ratio 

Prosperity Quest Fund (Power) 5 Y 5.52 
-7.80* 

(data available 
only until Apr 08)

-3.60 

Investment Futures Growth Fund 5 Y 5.44  0.89 1.58 
Bay Resource Partners L.P. 13.5 Y 1.58  1.67 1.52 

Tonga Partners, L.P. 13.5 Y 1.45  0.16 0.22 
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F. All funds 
 

Out-of-sample performance 
(7/2007~8/2008) 

Fund Title Fund Category 

In-sample 
(precrisis) 

Period 
(until Jun 

2007) 

In-sampleα̂  (%) 
α̂ (%) t-ratio 

Rosetta Trading Program Macro 4 and 5Y 7.14 ,7.65 -0.80 -0.26 
Investment Futures Growth Fund Equity Hedge 5Y 5.44  0.89 1.58 

Prosperity Quest Fund (Power) Equity Hedge 5Y 5.52 
 -7.80* 

(data available 
only until Apr 08)

-3.60 

Eckhardt Higher Leveraged Program Macro 13.5 Y 1.90  2.91 1.70 
Dunn World Monetary Assets Macro 13.5 Y 1.71  -1.02 -0.16 
Bay Resource Partners L.P. Equity Hedge  13.5Y 1.58  1.67 1.52 

Eagle Global L.P. (Composite) Macro  13.5 Y 1.56  2.09 1.62 
Mark J. Walsh & Company Standardized Program Macro 13.5 Y 1.54  2.27 0.91 

Blenheim Fund, L.P. Macro 13.5 Y 1.46  0.72 0.33 
Tonga Partners, L.P. Equity Hedge 13.5 Y 1.45  0.16 0.22 
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Table 9. Performance of in-sample outperformers identified under the studentized alpha statistic for the out-of-sample period from Jul 
2007 through Aug 2008 

A. Macro funds 

Out-of-sample performance 
(7/2007~8/2008) Fund Title 

In-sample 
(precrisis) Period 
(until Jun 2007) 

In-sample t̂α  
α̂ (%) t-ratio 

Viking IRA Fund, LLC 4Y 6.053   0.98**  2.84  
Wimbledon Fund SPC - Class TT Shares 5Y 4.705  1.25  0.64  

HFR Macro Seagate Fund 5Y 4.109  -0.22  -0.12  
Huntrise Global Partners, Ltd. 5Y 3.914   1.81*  2.29  

Winton Futures Fund 5Y 3.768    1.65** 2.67  
Brummer & Partners Lynx 5Y 3.747   2.24*  2.35  

Wexford Spectrum Fund, L.P. 5Y 3.589  0.90  1.45  
Rosetta Trading Program 5Y 3.502  -0.80  -0.26  

Wexford Offshore Spectrum Fund 5Y 3.498  0.91  1.44  
FX Concepts Global Financial Markets Fund (Offshore) 5Y 3.441  1.59  1.62  

Denali Partners, L.P. 5Y 3.436  0.80  0.65  
HFR MF Diversified Select Fund 5Y 3.385   1.41*  2.24  

Cyril Systematic 5Y 3.070  1.39  1.71  
Haidar Jupiter International Ltd. 5Y 3.062    1.02** 2.92  
AlphaQuest - Original Program 5Y 3.054  2.78  1.33  
Di Tomasso Equilibrium Fund 5Y 2.899  -0.58  -0.22  

Aspect Diversified Fund Limited 5Y 2.871  0.59  0.39  
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  Note: ***, **, and *, respectively denote statistical significance at the 10%, 5% and 1% significance level. 

Out-of-sample performance 
(7/2007~8/2008) Fund Title 

In-sample 
(precrisis) Period
(until Jun 2007) 

In-sample t̂α  
α̂ (%) t-ratio 

Kaiser Trading Fund 5Y 2.869   0.71*  1.96  
Campbell Global Assets Fund Limited - Class A Shares 5Y 2.802  -0.10  -0.10  

LACM Macro Discretionary Share Class F 5Y 2.786  0.59  0.70  
Winton Futures Fund, L.P. (Class A) 5Y 2.766   1.42*  2.30  

Marathon Master Fund, Ltd. 5Y 2.721    -2.34** -2.83  
Everest Capital Global Ltd. 5Y 2.716  0.37  0.14  

GAMut Investments 10 and 13.5 Y 5.267, 4.771  -0.34  -0.35  
Transtrend Diversified Trend Program - Enhanced Risk (USD) 10Y 4.117   2.16*  1.98  
Transtrend Diversified Trend Program - Standard Risk (USD) 10 and 13.5 Y 3.832 , 5.048 1.28  1.92  

Sunrise Select Davco Fund, LP 13.5Y 3.847  1.02  0.51  
Campbell Financial, Metal & Energy Large Portfolio 13.5Y 3.344  -0.39  -0.37  

Eagle Global L.P. (Composite) 13.5Y 3.341  2.09  1.62  
Campbell Global Diversified Large Portfolio (Actual) 13.5Y 3.339  -0.45  -0.49  

Sunrise Expanded Diversified Program 13.5Y 3.297  0.88  0.41  
Eckhardt Standard Program 13.5Y 3.297  2.61  1.70  

Eckhardt Higher Leveraged Program 13.5Y 3.213  2.91  1.70  
Salem Futures Fund, L.P. 13.5Y 3.090 1.00  0.80  

Mark J. Walsh & Company Standardized Program 13.5Y 3.073  2.27  0.91  
Long Term Currency Program (LTCP) 13.5Y 2.988  -0.01  -0.02  
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B. Fund of Funds 

Out-of-sample 
performance  

(7/2007~8/2008) Fund Title 
In-sample 

(precrisis) Period 
(until Jun 2007) 

In-sample t̂α  

α̂ (%) t-ratio 

TS Multi-Strategy Fund, L.P. Class B (Unleveraged) 3 and 4 Y 9.57, 10.40     1.35*** 4.02  
Santa Clara I Fund (Class A) 5Y 7.45   0.96*  2.32  

Aijed Associates LLC 5Y 7.24    0.83**  2.51  
Sussex Trading Fund Ltd. (Class A) 5Y 7.23   0.89*  2.06  

Star Navigator Investments Ltd. 5Y 7.21  1.03  1.49  
Gottex Market Neutral Fund (Class C) 5Y 7.12  0.25  0.59  

Income-Plus Investment Fund 5Y 6.17  0.77  1.87  
Santa Barbara Holdings Ltd. (Class A) 5Y 5.93  0.98  1.97  

Momentum AllWeather Euro Fund 5 Y 5.93  0.24  0.79  
Momentum Assetmaster Fund 10 and 13.5 Y 8.04, 8.51  1.17  0.70  
Income-Plus Investment Fund 10Y 7.19  0.77  1.87  
Dillon/Flaherty Partners L.P. 10Y 6.96  -0.46  -0.63  

Silver Creek Low Vol Strategies, L.P. 10Y 6.35  -0.57  -0.73  
Gems Low Volatility Portfolio Regular USD 10Y 6.33  0.35  0.55  

Silver Creek Low Vol Strategies, Ltd. 10Y 6.26  -0.47  -0.63  
Silver Creek Long/Short Partners, L.P. 10Y 6.15  0.16  0.23  

GAM Trading USD 13.5Y 5.01  0.35  0.43  
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C. Event-Driven funds 

Out-of-sample 
performance  

(7/2007~8/2008) Fund Title 
In-sample 

(precrisis) Period 
(until Jun 2007) 

In-sample t̂α  

α̂ (%) t-ratio 

Talisman Partners LLC 3 and 4 Y 7.82, 8.82     0.75*** 12.06  
Ahab Opportunities, L.P. 5Y 6.62  0.23  0.17  

YA Global Investments (U.S.), LP 5Y 6.15   0.52*  1.88  
Ahab Opportunities, Ltd. 5Y 6.01  0.08  0.08  

Harbinger Capital Partners Fund I, L.P. 5Y 5.74  7.28  1.74  
King Street Capital, L.P. 10Y 6.42  0.33  0.35  

Davidson Kempner Partners 10 and 13.5 Y 5.57, 7.20  0.41  0.65  
Cerberus International, Ltd. 10Y 5.14  0.10  0.30  

Varde Fund L.P. 10Y 5.04  -0.43  -0.78  
Ultra Distressed Securities Fund Limited 10Y 4.96  0.02  0.09  

Davidson Kempner Institutional Partners, L.P. 10Y 4.83  0.45  0.56  
Arbitrage Associates Limited 13.5Y 5.82  -0.01  -0.04  
Gabelli Associates Limited 13.5Y 5.51  -0.19  -0.91  

Simplon Partners, L.P. 13.5Y 4.30  0.04  0.06  
Corsair Capital Partners, L.P. 13.5Y 4.30     1.95*** 4.00  

York Capital Management L.P. 13.5Y 3.70  1.14  1.04  
KS Capital Partners L.P. 13.5Y 3.44   -0.71*  -2.31  

Para Partners L.P. 13.5Y 3.30  -2.22  -1.72  
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D. Relative Value funds 
Out-of-sample 
performance  

(7/2007~8/2008) Fund Title 
In-sample 

(precrisis) Period 
(until Jun 2007) 

In-sample t̂α  

α̂ (%) t-ratio 
Coast Enhanced Income Fund II, Ltd. 10Y 15.63   0.16*** 6.18  

Equity Income Partners 10Y 12.66  0.20** 2.77  
 
E. Equity Hedge funds 

Out-of-sample 
performance  

(7/2007~8/2008) Fund Title 
In-sample Period 
(until Jun 2007) In-sample t̂α  

α̂ (%) t-ratio 
Valhalla Investment Partners, L.P. 4 and 5 Y 7.00, 10.85  0.83** 3.45  

Viking Fund, LLC 4 Y 6.41  0.97*  2.65  
Rye Select Broad Market Fund, L.P. 10 and 13.5 Y 10.38, 13.02  0.39*  2.54  

Fairfield Sentry Ltd. 10 and 13.5 Y 9.45, 11.11  0.46** 2.86  
Kingate Euro Fund, Ltd. 10Y 7.90  0.59** 2.87  

WG Trading Co. L.P. 10Y 6.89  0.17*  2.21  
Western Investment Hedged Partners, L.P. 10Y 5.70  -0.96  -0.75  

Haberman Value Fund, L.P. 13.5Y 5.81  -0.28  -1.39  
Tonga Partners, L.P. 13.5Y 4.96  0.16  0.22  

Eagle Capital Partners, L.P. 13.5Y 4.62 -1.46* -2.21  
Martin Group Ltd. 13.5Y 4.58   0.39  0.36  
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F. All funds 
 

Out-of-sample 
performance  

(7/2007~8/2008) Fund Title Fund Category 
In-sample 

(precrisis) Period
(until Jun 2007)

In-sample t̂α  

α̂ (%) t-ratio 
Valhalla Investment Partners, L.P. Equity Hedge 4Y 7.00    0.83** 3.45  

Viking Fund, LLC Equity Hedge 4Y 6.41   0.97*  2.65  
Coast Enhanced Income Fund II, Ltd. Relative Value 10 and 13.5Y 15.63, 9.62     0.16*** 6.18  

Equity Income Partners Relative Value 10 and 13.5 Y 12.66, 13.54    0.20** 2.77  
Rye Select Broad Market Fund, L.P. Equity Hedge 10 and 13.5 Y 10.38, 13.02   0.39*  2.54  

Fairfield Sentry Ltd. Equity Hedge 10 and 13.5 Y 9.45, 11.11    0.46** 2.86  
Momentum Assetmaster Fund Fund of Funds 10 and 13.5 Y 8.04, 8.51  1.17  0.70  

Kingate Euro Fund, Ltd. Equity Hedge 10Y 7.90    0.59** 2.87  
Millennium USA, L.P. Relative Value 13.5 Y 7.41  0.49  0.83  

Millennium International, Ltd. Relative Value 13.5Y 7.33  0.45  0.71  
Davidson Kempner Partners Event-Driven 13.5Y 7.20  0.41  0.65  

 


