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Abstract 

 
We investigate why top performing hedge funds are successful. We find evidence that 

top performing hedge funds follow a different strategy than mediocre performing hedge 

funds as they accept risk factors that do and avoid factors than do not anticipate the 

troubling economic conditions prevailing after 2006. Holding alpha performance 

constant, top performing funds avoid relying on passive investment in illiquid 

investments but earn risk premiums by accepting market risk. Additionally, they seem 

able to exploit fleeting opportunities leading to momentum profits while closing losing 

strategies thereby avoiding momentum reversal.  

Keywords: Hedge funds; Manipulation proof performance measure; hedge fund 

strategies; stochastic dominance; bootstrap 
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requires the use of empirical distribution functions of the compared hedge fund 

strategies. Linton et al. (2005) suggest using resampling methods to approximate the 

asymptotic distribution of the test to produce consistent estimates of the critical values 

of the test.      

In the literature, a few related papers use the stochastic dominance principle in the 

context of hedge fund portfolio management.  For example, Wong et al.  (2008) employ 

the stochastic dominance approach to rank the performance of Asian hedge funds. 

Similarly, Sedzro (2009) compare the Sharpe ratio, modified Sharpe ratio and DEA 

performance measures using stochastic dominance methodology. Abhyankar et al. 

(2008) compare value versus growth strategies. In a related study, Fong et al. (2005) 

use stochastic dominance test in the context of asset-pricing.     

However, most of these empirical works use stochastic dominance tests that work 

well under the i.i.d. assumption but are not suitable for many financial assets. For 

example, the popular stochastic dominance test suggested by Davidson and Duclos 

(2000) used in most of these studies is designed to compare income distribution 

functions and the inference procedure is invalid when the assumption of i.i.d.  does not 

hold.  Several studies (see Brooks and Kat, 2002) have shown that the distributions of 

hedge fund returns are substantially different from i.i.d. since they exhibit high 

volatility and highly significant positive first order autocorrelation. Bali et al. (2013) 

also find cross dependence with stock markets. All these features which are intrinsic in 

the data at hand invalidate the use of a stochastic dominance tests that are not robust to 

departure from the i.i.d. assumption.  

Another possible drawback of the related literature is that these empirical works 

compares the probability distribution functions of hedge fund portfolios only at a fixed 

number of arbitrarily chosen points. This can lead to lower power of the inference 
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conditional mean approach may not capture the effect of risk factors on the entire 

distribution of returns and may provide estimates which are not robust. 

  Unlike standard regression analysis, quantile regressions examine the quantile 

response of the hedge fund return at say the 25th quantile, as the values of the 

independent variables change. Quantile regressions do this for all quantiles, or in other 

words, the whole distribution of the dependent variable, thereby providing a much 

richer set of information concerning how the excess out of sample return of hedge funds 

respond to different sources of systematic risk. To comprehend this huge amount of 

information, we graph the response by quantile of the excess hedge fund return to 

changes in each of the systematic risk factors.  

Accordingly, our empirical investigation proceeds in four stages. First, we examine 
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any event we conclude that top performing funds persistently outperform mediocre 

funds for at least six months. 

Third, we examine the role liquidity as well as other risk factors, such as 

momentum, play in achieving net excess rates of return out of sample. We also examine 

the structure of asset-based risk factors via Fung and Hsieh (2004). We do this for funds 

of superior and mediocre performance to determine whether top performing funds take 

on a distinctively different risk profile, implying they follow a distinctive strategy, than 

mediocre performing funds. An important caveat is that we are examining these factors 

as slope coefficients estimated via quantile regression 
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market and the momentum factors, factors that are significant in explaining top fund 

performance, anticipate the liquidity crisis and subsequent recession.  

Stivers and Sun (2010) also find that the momentum factor is procyclical, but they 

do not examine the role of other factors, such as liquidity and momentum reversal. 
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2. Literature review 

The case for hedge funds “beating” the market is not clear. Weighing up all the 

evidence, Stulz (2007) concludes that hedge funds offer returns commensurate with risk 

once hedge fund manager compensation is accounted for. More recently, Dichev and 

Yu (2011) document a sharp reduction in buy and hold returns for a very large sample 

of hedge and CTA funds from on average 18.7% for 1980 to 1994, to 9.5% from 1995 

to 2008. As discussed later in detail, our more recent sample, from January 31, 2001 to 

December 31, 2012, reports that hedge fund returns are even lower, obtaining only 37 

basis points per month (4.5% per year) net rate of return on average. Moreover, Bali et 

al. (2013) find that only the long short equity hedge and emerging market hedge fund 

indices outperformed the S&P500 in recent years. Clearly, it is possible that the hedge 

fund industry is entering a mature phase and prior conclusions concerning the 

performance of the hedge fund industry may no longer apply. This has an impact on 

this paper because we are interested in developing insights of the strategies followed by 

successful fund managers and not of the strategies followed by the best fund managers 

in an underperforming asset class. 

Some research strongly supports persistence, other research is more equivocal. 

Formed on Fung and Hsieh (2004) alphas, Ammann et al. (2013) find three years while 

Boyson (2008) and Gonzalez et al. (2015) find two years of performance persistence 

for top funds. Agarwal and Naik (2000) note that a two-
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(2013) find that strategy distinctiveness as suggested by Sun et al.

http://www.sciencedirect.com.ezproxy.brunel.ac.uk/science/article/pii/S0264999315000462
http://www.sciencedirect.com.ezproxy.brunel.ac.uk/science/article/pii/S0264999315000462
http://pubsonline.informs.org/author/O%27Doherty%2C+Michael+S
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performance measures derived from common parametric benchmark models understate 

performance and performance persistence.  

Another strand of the hedge fund literature criticizes the use of common 

performance measures such as the Sharpe ratio, alpha and information ratio. Amin and 

Kat (2003) question the use of these measures as they assume normally distributed 

returns and/or linear relations with market risk factors. This strand of research inspired 
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systematic liquidity risk rather than management skill. After controlling for share 

restrictions (lock up provisions and the like), Aragon (2007) finds that alpha 

performance disappears. Moreover, there is a positive association between share 

restrictions and underlying asset illiquidity suggesting that share restrictions allow 

hedge funds to capture illiquidity premiums to pass on to investors.  

Meanwhile, Billio et al. (2009a) find that when volatility is high, hedge funds have 

significant exposure to liquidity risk and Boyson et al. (2010) find evidence of hedge 

fund contagion that they attribute to liquidity shocks. Chen and Liang (2007) find 

evidence that market timing hedge funds have the ability to time the market for 

anticipated changes in volatility, returns and their combination while Cao et al. (2013) 

find that mutual fund managers have the ability to time the market for anticipated 

changes in liquidity. More recently, Bali et al. 
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emerging market MCSI indices to represent 
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Another empirical issue is data smoothing where hedge fund managers do not always 

report gains or losses promptly leading to serial dependence in the return data. If left 

unadjusted, the test statistic could be inflated. We use Linton, Maasoumi and Whang 

(2005) that obtains consistent estimates of the critical values even when the data suffers 

from such serial dependence. For robustness we later repeat our empirical work on 

unsmoothed data using simpler econometric procedures to find the same results we 

report below using Linton, Maasoumi and Whang (2005) on the TASS reported data. 

We calculate the manipulation proof performance measure of Goetzmann et al. 

(2007) as reported below 

 

  

where ὸ ρȟ ȣ ȟ Ὕ  and ὃ is the risk aversion parameter, ὶ  is the net monthly holding 

period return of the hedge fund, ὶ  is the one-month t-bill return, and Ўὸ is one month. 

The measure MPPM(A) represents the certainty equivalent excess (over the risk-free 

rate) monthly return for an investor with a risk aversion of ὃ employing a utility 

function similar to the power utility function. This implies that the MPPM is relevant 

for risk adverse investors who have constant relative risk aversion. The MPPM does 

not rely on any distributional assumptions. We estimate MPPM(A) over the previous 

two years and follow Goetzmann et al. (2007) and Brown et al. (2010) by using a risk 

aversion parameter ὃ of 3. Billio at al. (2013) find that the MPPM measure is strongly 

influenced by the mean of returns and does not fully consider other moments of the 

distribution of returns such as skewness and kurtosis. This effect is most strongly felt 
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for MPPM when the risk aversion coefficient is low. Therefore, for robustness, we 

compute the MPPM over a wide variety of risk aversion parameters of 2, 3, 6 and 8.5 

Table 1 reports that our data consists of 4,600 funds with 176,483 fund month 

observations. This sample is smaller than Bali et al. (2013) who include non US dollar 

denominated funds but is comparable in size to Ammann et al. (2013) and Hentati-

Kaffel and Peretti (2015). A striking fact is the huge attrition rate of hedge funds, less 

than one half of all the hedge funds included in our data are live at the end of our sample 

period. Live funds are larger, have a longer history and have better performance than 

dead funds. Moreover, net hedge fund returns are modest, only 37 basis points per 

month (approximately 4.5% annually) on average throughout the sample period. This 

is consistent with the continuing decline in hedge fund net returns reported by Dichev 

http://www.sciencedirect.com.ezproxy.brunel.ac.uk/science/article/pii/S0264999315000462
http://www.sciencedirect.com.ezproxy.brunel.ac.uk/science/article/pii/S0264999315000462
http://www.sciencedirect.com.ezproxy.brunel.ac.uk/science/article/pii/S0264999315000462
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parameter of 2 (8), hedge funds were unable to return a certainty equivalent premium 

above the risk-free rate for five (eight) of the twelve years in our sample. Overtime, the 

average size and age of hedge funds is increasing although there is a noticeable decrease 

in the average size post 2008.  

We seek information concerning the generic strategies followed by “top” funds and 

are less interested in strategies confined to a given hedge fund class. Strategies of 

aggregations by style cannot be easily generalized because the results will be tainted by 

the peculiarities of a given hedge fund class (style) and will be difficult to assess as 

benchmarks need to be style consistent (see Mason and Skinner, 2016). Therefore, we 

need to aggregate the hedge fund data in some way. We chose to aggregate our data by 

fund of funds, the largest grouping of hedge funds with 1,273 funds and 45,700 fund 

month observations and by all hedge funds. Fung et al. (2008) suggest that fund of fund 

hedge fund data is more reliable than other aggregations of hedge fund data as fund of 

fund data is less prone to reporting biases and so are more reflective of the actual losses 

and investment constraints faced by investors in hedge funds.  

We form equally weighted portfolios of all fund of fund and all hedge funds monthly 

from January 31, 2001 until December 31, 2012 from the above data. The distribution 

of monthly average returns, Sharpe and MPPM performance measures for a wide range 

of risk aversion parameters from 2 to 8 for the fund of fund, all hedge funds and for the 

S&P 500, Russell 2000 and MSCI emerging market indices are reported in Table 3. All 

performance measures for all assets have significant departures from normality so it is 

imperative that we conduct our empirical investigation using techniques that are robust 

to the empirical return distribution of performance measures. 
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Barrett and Donald (2003) extended these tests allowing for dependence in observations 

and replacing independence with a general exchangeability amongst the competing 

prospects. An important breakthrough in this literature is given in Linton et al. (2005) 

where consistent critical values for testing stochastic dominance are obtained for 

serially dependent observations. The procedure also accommodates for general 

dependence amongst the prospects which are to be ranked. 

 

4.1 Testing for hedge fund performance  

Classifications of “top performance” within an asset class (i.e. hedge funds) is 
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<<Table 4 about here>> 

 

In Table 4, rejection of the null hypothesis is based on small p-values of the test 

statistic described in the Appendix. Table 4 reports that hedge funds do not first order 

stochastic dominate all stock market benchmarks no matter which performance 

measure is taken into consideration. This result is not surprising as first order stochastic 

dominance implies that all non-satiated investors will prefer hedge fund portfolio ὢ   

regardless of risk.  

Panels A and C in Table 4 shows that for 
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and 

Ὄ ȡ ὤ ṋ ὤ Ȣ 

 

As before, the alternatives are the negation of the null hypotheses. We infer that 

returns of the top quintile hedge fund portfolio ὤ  stochastically dominates the returns 

from the mediocre hedge fund portfolio ὤ  if we accept Ὄ  and reject Ὄ . Conversely, 

we infer that the returns of the mediocre portfolio ὤ  stochastically dominate the top 

fifth quintile portfolio returns ὤ  if we accept Ὄ  and reject Ὄ . In cases where neither 

of the null hypotheses can be rejected, we infer that the stochastic dominance test is 

inconclusive. 

Table 5 reports the results of our performance persistence tests. Table 5 is organized 

into four panels, each panel reporting whether the portfolio formed from top funds 

stochastically dominate the portfolio formed from mediocre funds six, twelve, eighteen 

and twenty-four months out of sample according to the Sharpe ratio, the MMPM(2), 

MPPM(3) and MPPM(8) respectively. For each panel, reading along the columns, 

columns three and four reports the p-values of the first and second order stochastic 

dominance test for top versus mediocre funds and the reverse for the fund of funds 

strategy and the last two columns reports the same for the all hedge funds in our sample.   

 

<<Table 5 about here>> 

 

In contrast to Eling’s (2009) conclusion, we obtain different views of performance 

persistence according to which performance statistic is considered.7 Looking first at the 

                                                 
7 We should note that Eling (2009) did not evaluate the recently developed MPPM and so had no 

opportunity to examine whether the length of persistence varied according to this measure in comparison 

to other performance measures. 
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where ” ‚ ‚ † Ὅ ‚ π  and Ὅ Ͻ  is an indicator function. Equation (4) is then 

solved by linear programming methods and the partial derivative: 

 


ὗ †ȿὙ ὶ

ὶ
 

 

can be interpreted as the marginal change relative to the †-quantile of ὗ Ͻ  

http://en.wikipedia.org/wiki/Covariance_matrix
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excess kurtosis and skewness which invalidate the traditional mean-variance 

framework of Markowitz (1959). Our assumption is validated in Table 3, where it is 

shown that the unconditional distribution of hedge funds is far from the normal 

distribution. 

A possible drawback of the stochastic dominance analysis conducted in Section 4 is 

that preserving the characteristics of the data may not control for the issue of returns 

smoothing.  As stressed by Getmansky et al. (2004), hedge fund managers might invest 

in illiquid securities for which market prices are not readily available. In this case 

reported returns may be smoother than real economic returns. This leads to 

underestimation of the true return volatility and overestimation of hedge fund 

performance persistence. In a related work Stulz (2007) suggest
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used to calculate the empirical p-values is based on the wild bootstrap method (see for 

example Davidson and Flachaire, 2008).  

 

<<insert Table 7 about here>> 

 

Table 7 reports that by removing the serial correlation of the returns does not change 

our overall conclusions. Panels A, B and C in Table 7 shows very little evidence that 

hedge funds have outperformed the market. In only one instance, for the Sharpe ratio 

for the aggregation of all hedge funds, do we see evidence that hedge funds 

outperformed the S&P 500. In contrast, Table 4 reported that according to the Sharpe 

ratio, hedge funds outperformed the market regardless of how the market is defined.  

Meanwhile, Table 7, Panel B reports that hedge funds underperformed the Russel 2000 

index whereas Table 4 reports that hedge funds outperformed the Russel 2000 index in 

these instances. Otherwise neither the null hypothesis Ὄ ȡὢ ṋ ȡ ὣ  nor 

Ὄ ȡ ὣ ṋ ḧ ὢ  can be rejected for all stock market benchmarks.  

In any event, we conclude that despite the declining returns suffered by the hedge 

fund industry in recent years, the weight of evidence presented here suggests that the 

hedge fund industry did not underperform the market as least as defined by the S&P 

500 and the emerging market MSCI index. This conclusion is consistent with Bali et 

al. (2013), who while not formally testing for stochastic dominance, find that the fund 

of fund hedge fund strategy does not outperform the S&P500 according to the MPPM.  

 

7.  Asset based factor models 

Additional insights concerning the behavior of top and mediocre funds are generated 

by examining the structure of asset-based risk exposures. To accomplish this task, we 
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conditions yet unlike mediocre funds, top funds do not load significantly on the small 

firm SML and 10 year treasury interest rate BMF factors It is remarkable that the market 

equity S&P 500 factor is always highly significant for all subsets of the TASS data.” 

 

8. Conclusions 

Despite the declining returns from hedge fund investment, our stochastic dominance 

tests find that hedge funds did not perform worse than the market. Unlike Capocci et 

al. (2005) and Slavutskaya (2013), we find evidence that the superior performance of 

top quintile hedge funds does persist according to the MPPM, but only for six months 

rather than for two or three years as reported by Boyson (2008), Gonzalez et al. (2015) 

and Ammann et al. (2013). 
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performing funds at the 25th and 50th quantiles are, in addition to market risk and 

momentum factors, significantly associated with two other factors, liquidity and 

momentum reversal, that appear to react rather than anticipate the difficult economic 

conditions that evolved after 2006. The positive association with liquidity suggests that 

at least some of the returns from investment in these funds are premiums from holding 

illiquid assets. Moreover, there is a significant inverse association with momentum 

reversal, suggesting that some of the returns earned from momentum are lost as these 

funds are slow to change a losing strategy. Interestingly, the excess returns on mediocre 

funds at the 75th quantile have the same augmented Fama French (1995) risk profile as 

top quintile funds suggesting that, potentially, there are some funds within the mediocre 

performing funds that are emulating the strategies of top performing funds. 

We conclude that, holding alpha performance constant, superior performing hedge 

funds can be following a different strategy than mediocre performing funds as they have 

a distinctly different risk profile. Evidently, top performing funds avoid relying on 

passive investment in illiquid investments but earn risk premiums by accepting market 

risk. Additionally, they seem able to exploit fleeting opportunities leading to 

momentum profits while closing losing strategies thereby avoiding momentum 

reversal. 

 

Appendix  

The theory of stochastic dominance offers a method of decision making by ranking 

distribution of random variables under given conditions of the utility function of the 

decision makers. In portfolio decision making, the principle of stochastic dominance is 

vastly more efficient than the commonly used mean-variance rule since it has the 

advantage of exploiting the information embedded in the entire distribution of stock 
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ii) ᷿ & Ô ÄÔ ᷿ & Ô ÄÔ  for every Ø with strict inequality for some Ø. 

 

2A. Testing Procedure for Stochastic Dominance 

The test of first order and second order stochastic dominance are based on empirical 

evaluations of the conditions in above definitions. Let Ó ρȟς represents the order of 

stochastic dominance. Let ɮ ᶰ  the joint support of 8  and 8 ȟ ÆÏÒ  
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statistics ɤ using the original sample and then generating the subsamples by sampling 

the overlapping data blocks. Once that the bootstrap subsample is obtained, one can 

calculate the bootstrap analogue of  ɤ. In particular, let B be the number of bootstrap 

replications and b the size of the block. The bootstrap procedure involves calculating 

the test statistics ɤ in Equation (A.1) using the original sample and then generating the 

subsamples by sampling the . Â ρ overlapping data blocks. Once that the bootstrap 

subsample is obtained one can calculate the bootstrap analogue of  ɤ . Defining the 

bootstrap analogue of Equation (A.1) as  

ɤᶻ





https://www.sciencedirect.com/science/journal/03044076/146/1
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Table 2. Time Series Characteristics of the Sample of Hedge Funds 

This table reports the time series statistics of the performance of hedge funds from January 31, 2001 until 

December 31, 2012. Statistics are compiled only from the date that they were listed in the TASS database. All 

returns are in percent. SR is the Sharpe ratio. MPPM (i) are the manipulation proof performance measures of 

Goetzmann et al. 



46 

 

Table 3. 
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Table 4. Comparing hedge fund performance with the stock market 

This table reports the first and second order stochastic dominance tests (s = 1 or 2 respectively) 
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Table 8. Hedge fund performance and asset based risk factors (unsmoothed returns). 

This table reports 
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Figure 1. Marginal effects of risk factors on excess returns for top performing funds. 

Each graph in the above figure depicts the relation between the size and the significance of the 

coefficient and the quantile of a given risk factor for top performing funds as measured by the 

manipulation proof performance measure with 
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Figure 3. Time variation of the risk factors for top performing funds 
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Figure 4. Time variation of the risk factors for mediocre performing funds 

Using a 12 month rolling window, these figures show the time varying estimated coefficients 

of the risk factors in Equation (4) and their upper UB and lower bounds LB that explains the 

six month out of sample net excess rate of return for the third (mediocre) quintile performing 

fund of fund hedge funds according to the manipulation proof performance measure with a risk 

aversion parameter of 3. The risk factors are the market excess rate of return (MRTRF) and the 

size (SMB), growth (HML), momentum (MOM), momentum reversal (LTR) and liquidity 

(AGGLIQ) factors.  
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