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Résumé

Dans ce papier nous mesurons la commonalité dans les rendements des hedge
funds, identifions son principal déterminant et analysons ses implications pour la
stabilité financière. Les résultats indiquent que la commonalité a augmenté de
façon significative entre 2003 et 2006. Nous attribuons cette augmentation prin-
cipalement à l’exposition accrue des hedge funds aux marchés d’actions dans les
pays émergents, que nous identifions comme étant un facteur commun des rende-
ments des fonds pendant cette période. Nos résultats montrent que les fonds dont
le degré de commonalité est élevé ont été affectés de façon plus que proportion-
nelle par l’assèchement de la liquidité pendant la crise financière, fournissant ainsi
au système financier dans son ensemble et aux investisseurs des opportunités de
diversification modestes.

Mots-clés: Fonds spéculatifs (hedge funds), commonalité, stabilité financière

Code classification JEL: G01, G12, G23

Abstract

We measure the commonality in hedge fund returns, identify its main driving
factor and analyze its implications for financial stability. We find that hedge
funds’ commonality increased significantly from 2003 until 2006. We attribute this
rise mainly to the increase in hedge funds’ exposure to emerging market equities,
which we identify as a common factor in hedge fund returns over this period. Our
results show that funds with a high commonality were affected disproportionately
by illiquidity and exhibited negative returns during the subsequent financial crisis,
thereby providing little diversification benefits to the financial system and to
investors.

Keywords: Hedge Funds, Commonality, Financial Stability

JEL Classification: G01, G12, G23

2



1 Introduction

In recent years, hedge funds have become very important actors in global financial mar-

kets: their total assets under management are currently estimated at 1.8 trillion USD

(International Monetary Fund (2011)), they account for about 80% of credit derivative

trading (U.S. Government Accountability Office (2008)) and have close relationships

with other financial institutions such as prime brokers (Klaus and Rzepkowski (2009),

Aragon and Strahan (2012)). The systemic importance of hedge funds was highlighted

by the collapse of the Long-Term Capital Management (LTCM) in 1998. LTCM did

business with a number of major players on Wall Street. After it suffered enormous

losses on its trading strategies in late 1998, the fear that its failure could cause a chain

reaction in financial markets prompted the Federal Reserve Bank of New York to or-

ganize a bailout by LTCM’s major creditors. The issue of “connectedness” of hedge

funds and its implications for the stability of the financial system remains of major

importance today. According to Khandani and Lo (2007), the connectedness of hedge

funds can be attributed to at least two potential sources: (i) their exposure to the same

risk factors and (ii) more complex linkages such as liquidity and credit relationships. In

this paper, we focus on the first source, which we refer to as commonality.1

Unfortunately, relatively little is known about hedge fund investment strategies and

risk exposures, due to the fact that hedge funds are largely unregulated. As a result,

any inference on hedge funds’ commonality must be based on statistical methods using

available data on their returns, rather than the direct observation of their exposures.

In this paper, we therefore conduct an empirical analysis of hedge fund returns with a

database of more than 6,000 hedge funds, aiming to (i) measure the degree of hedge

funds’ commonality, (ii) identify its potential driving factors, and (iii) characterize

the risk exposure of funds with different degrees of commonality. We contribute to the

literature by using a large sample of individual hedge funds to identify the driving factors

of hedge funds’ commonality and by investigating the risk profiles of the corresponding

funds both before and during the recent financial crisis. Identifying the major driving

factor of commonality allows us to discuss whether hedge funds provided diversification

1The term connectedness, while a recurrent theme in the finance literature, is not always used
consistently. Rotemberg (2009) focuses on a situation where firms hold assets and liabilities towards
each other and studies the role of connectedness when liquidity dries out. He concludes that “liquidity
needs are larger when these firms are more interconnected through their debts, i.e., when they borrow
from and lend to more firms”. However, funds can be connected in a more complex way, for example
through exposure to common prime brokers. Finally, the concept we focus on here, that of commonality,
may not overlap with the former: funds following broadly similar strategies can display considerable
commonality even though they are not connected based on Rotemberg (2009)’s approach.
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benefits to the financial system, an aspect that has not received much attention in the

literature to date.

We proceed in three steps. In the first step, we measure the commonality in hedge

fund returns using Principal Component Analysis (PCA), in particular using the pro-

portion of variation in the data set explained by the first principal component. We

find that the commonality in hedge fund returns almost doubled over the period from

2003 until end-2006. In addition, we measure the commonality in the returns of 12

risk factors that have been frequently used in the literature to model hedge funds’ risk

exposure (Bollen and Whaley (2009), Bondarenko (2007b), Pojarliev and Levich (2011)

and Sadka (2010)) and find that the corresponding degree of commonality remained

unchanged over the same period. The fact that the commonality in hedge fund returns

rose over this period while the commonality in the returns of 12 risk factors did not

suggests that the former is not related to a kind of “phase-locking” behavior whereby

assets in which hedge funds have invested suddenly become synchronized, for example

due to an exogenous shock (Chan et al. (2005), Cont and Wagalath (2011)).

In the second step, we try to identify the factors that drove the rise in hedge funds’

commonality over this particular period. To this end, we first need to determine the

identity of the common risk factor, which is done through classifying the hedge funds

into deciles based on their correlation of returns with the first principal component.

We find that hedge funds with a high degree of commonality were particularly exposed

to equity-oriented risk factors. By contrast, funds with a low commonality had only

a small or no exposure to equity-oriented risk factors. In addition, the exposure to

emerging market equities increased almost monotonically with an increasing level of

commonality. We conclude that the common factor driving a substantial proportion of

hedge fund returns over this period was emerging market equities. Second, we analyze

how the exposure of hedge funds to this common risk factor evolved over time and find

that it increased significantly over the period from 2004 until end-2006 for funds with

a high commonality. At the individual fund level, we find that 20% of the hedge funds

significantly increased their exposure to emerging market equities over this period, with

80% of those funds having no significant exposure prior to 2004. This result suggests

that the increase in hedge funds’ exposure to emerging market equities can be considered

as the main driver of the rise in hedge funds’ commonality.

In the third step, we investigate the risk exposure of hedge funds in the different

commonality deciles. Specifically, we examine whether funds with a high commonality

have a comparable downside and illiquidity risk exposure to funds with a low common-
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ality. Our choice of the type of risk exposures is motivated by Financial Stability Forum

(2007), which emphasizes two channels through which hedge funds are considered to

pose risks to financial stability: (i) counterparty credit losses in the course of hedge

fund failures and (ii) disruption of the function of markets due to forced liquidation of

positions. While hedge fund failures are strongly related to their downside risk exposure

(Liang and Park (2010)), the illiquidity of their investments affects the risk of a market

disruption (Khandani and Lo (2007)). We find that both during the upmarket and the

financial crisis period funds with a high commonality had a significantly higher down-

side risk, captured by negative skewness and semi-deviation, compared to funds with

a low commonality, and exhibited an increase in downside risk significantly more often

over the period from 2004 until end-2006. As we identified emerging market equities

as the common risk factor, the higher downside risk of funds with a high commonality

can be regarded as a direct consequence of their greater exposure to this risk factor.

While funds’ share restrictions (lockup and redemption notice periods) were limited

and did not vary across the commonality deciles, we find that hedge funds with a high

commonality had a higher degree of illiquidity (i.e., the fund specific illiquidity level),

captured by the return autocorrelation, compared to funds with a low commonality.2

Since emerging markets generally exhibit a higher degree of illiquidity than developed

markets, this finding can be attributed to the fact that funds with a high commonality

had a greater exposure to this risk factor, thereby providing them with an illiquidity

premium. While those funds benefited from the illiquidity premium as they increased

their returns, the adverse effects of illiquidity materialized in stress periods when in-

vestors were forced to liquidate their positions. Indeed, we show that hedge funds with

a high commonality were affected by illiquidity in the post-Lehman period significantly

more often than funds with a low commonality.

The rapid growth in the hedge fund industry over the last years and the availability

of hedge fund data from commercial data providers such as Hedge Fund Research (HFR)

and Lipper TASS, has led to a substantial number of theoretical and empirical papers on

hedge funds. Many papers have focused on the performance of hedge funds, in particular

on performance measurement (Eling and Schuhmacher (2007), Darolles and Gourieroux

(2010)) and on the influence of contractual features of hedge funds on the risk-return

2Contrary to Sadka (2010) and Teo (2011), who focus on market-wide liquidity as an undiversifiable
risk factor, we do not find that hedge fund returns load significantly on the Pastor and Stambaugh
(2003) liquidity measure. However, this particular liquidity measure is based on order flow of North
American stocks, while our results indicate that a substantial proportion of hedge funds invested in
emerging market equities during the upmarket period.
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tradeoffs (Kouwenberg and Ziemba (2007)). However, only a few recent papers have

investigated hedge funds’ potential to impact financial stability. Such analysis is limited

by the lack of accurate data on hedge funds’ leverage, credit counterparties, investors

and portfolio holdings. Chan et al. (2005) develop several new risk measures for hedge

funds and provide evidence that the level of systemic risk in the hedge fund industry

has increased as a consequence of large capital inflows, higher competition for yield

among investors and increased illiquidity.

The papers most closely related to ours are arguably Khandani and Lo (2007),

Adrian (2007) and Pericoli and Sbracia (2010). Khandani and Lo (2007) follow the

lines of Chan et al. (2005) and further analyze the systemic risk in the hedge fund

industry, focusing on the profitability of quantitative long/short equity strategies, es-

pecially during August 2007. They find that the asset growth in the long/short equity

strategy, the increased leverage and the increased connectedness of hedge funds have

contributed to the losses of quantitative hedge funds during this period. A particularly

important factor for financial stability is the“degree of connectedness” in the hedge fund

industry which the authors measure using the absolute value of correlations between

the different hedge fund indices. Adrian (2007) focuses on the notion of similarity of

hedge funds’ trading strategies. This similarity is measured by the covariances and

correlations of hedge fund index returns and the proportion of variance explained by

the first principal component. The author concludes that the increase in correlations

among hedge fund returns from 2003 onwards is due to the decline in the volatility of

returns.3 Pericoli and Sbracia (2010) analyze the correlation between “idiosyncratic”

hedge fund index returns over the period from 1995 until 2009. They find that these

correlations have increased substantially with the start of the financial crisis in summer

2007. Based on their analysis, they conclude that prior to the crisis hedge funds in-

vested in new markets such as levered loans and distressed debt and during the crisis a

disorderly exit from these crowded trades led to a rise in return correlations. Compared

to Khandani and Lo (2007) and Adrian (2007), we investigate the driving factors of

hedge funds’ commonality in a more detailed manner, in particular focussing on hedge

funds’ exposure to various risk factors. Compared to Pericoli and Sbracia (2010), we

use a more comprehensive dataset consisting of individual hedge funds, focusing on the

3European Central Bank (2005, 2007) similarly analyze the connectedness of hedge funds, using
the term “crowding of trades”, which is measured by the median of pairwise correlation coefficients of
individual hedge fund returns within a given investment strategy. Pojarliev and Levich (2011) measure
the crowding of trades in hedge funds following currency strategies over the period from April 2005
until March 2008, showing that carry trades became a crowded strategy towards the end of their sample
period.
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rise in commonality prior to the recent financial crisis and comparing the risk profiles

of the corresponding funds before and during the crisis. In a recent paper, Billio et al.

(2010) use principal component analysis and Granger causality tests to measure the

connectedness among the returns of hedge funds, banks, brokers and insurance com-

panies. They find that all four sectors have become highly interrelated over the past

decade. Eling and Faust (2010) analyze the performance of hedge funds and mutual

funds in emerging markets and find that hedge funds increased their equity exposure to

emerging markets after 2003. In addition, our paper relates to Patton (2009) who inves-

tigates the market neutrality of hedge funds, to two recent papers by Sadka (2010) and

Teo (2011) focusing on the liquidity risk of hedge funds and to the paper by Aragon and

Strahan (2012) who find that the market liquidity of stocks held by Lehman Brothers

hedge fund clients fell more after the Lehman failure than otherwise similar stocks.

The remainder of the paper is organized as follows. Section 2 describes the hedge

fund data and the risk factors used in our analysis. Section 3 discusses the relation

between connectedness and commonality, outlines how we measure the commonality in

hedge fund returns and identify its main driving factor. Section 4 investigates the risk

exposure of the hedge funds in the different commonality deciles, focusing on hedge

funds’ downside and illiquidity risk exposure before and during the financial crisis, and

section 5 concludes.

2 Data

2.1 Hedge fund data

To investigate the commonality in hedge fund returns, we use data from Lipper TASS,

one of the main databases used in academic and commercial hedge fund studies. TASS

provides two types of information that are relevant for the exercise that we conduct in

this paper: (i) monthly data on individual hedge fund returns net of all fees and trans-

action costs and on assets under management and (ii) time-invariant data on hedge

fund characteristics. These include, among other aspects, information on the fund’s

cancellation policy, such as redemption frequency, lockup and redemption notice pe-

riods, on high-watermark provisions, incentive and management fees. TASS classifies

hedge funds according to their investment strategy into eleven categories: Convertible

Arbitrage, Dedicated Short Bias, Emerging Markets, Equity Market Neutral, Event

Driven, Fixed Income Arbitrage, Global Macro, Long/Short Equity Hedge, Managed
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Futures, Multi-Strategy and Funds of Hedge Funds. Based on these categories, Credit

Suisse/Tremont constructs asset-weighted hedge fund style indices which are also pro-

vided in the TASS database. In our analysis we differentiate between the commonality

across all investment styles using hedge fund index returns and the commonality within

each style category using individual fund returns.

In contrast to mutual funds that are legally required to disclose their performance,

hedge funds are largely unregulated and therefore have to disclose only very limited

data to financial authorities.4 The fact that hedge funds are not allowed to advertise to

the public appears to create an incentive to voluntarily report information to databases

such as TASS in order to attract potential investors. As a consequence of this vol-

untary reporting, there are natural biases in all hedge fund databases. The literature

investigated survivorship bias (Fung and Hsieh 1997, Brown et al. 1999, Liang 2000),

termination and self-selection bias (Ackermann et al. 1999), backfilling and illiquid-

ity bias (Asness et al. 2001, Getmansky et al. 2004), and look ahead bias (Baquero

et al. 2005). In addition, Bollen and Pool (2009) studied the distribution of hedge fund

returns and found that the number of small gains exceeds the number of small losses

which they interpreted as evidence of misreporting. To mitigate potential survivorship

bias, we use both ’Live’ and ’Graveyard’ funds in our analysis. The category of ’Grave-

yard’ funds consists of hedge funds that stopped reporting to the database at some

point during the sample period.

2.2 Hedge fund risk factors

To analyze the commonality in the returns of the assets in which hedge funds have

invested and to identify the drivers of hedge funds’ commonality, we use a set of twelve

risk factors (summarized in Table 1) that capture a broad range of asset classes.5 When

choosing these risk factors, we follow the approach of previous studies (see, e.g., Bollen

and Whaley (2009), Buraschi et al. (2009), Patton and Ramadorai (2009)) and use the

seven-factor model of Fung and Hsieh (2004). In order not to be limited to equity-

oriented risk factors that focus only on U.S. equities, we use the returns on the MSCI

North America index (MSCINA), MSCI Europe index (MSCIEU), MSCI Pacific index

(MSCIPC), and MSCI Emerging Market index (MSCIEM). In addition, the set of

4Institutions with more than 100 million USD under management are required to disclose their
holdings in stocks and a few other securities (as specified in the list of “section 13(f) securities”) to the
U.S. Securities and Exchange Commission (SEC) each quarter on form 13F.

5Importantly, this paper only aims to explain returns ex post, and not to forecast them; for an
analysis of the predictability of hedge fund returns see Wegener et al. (2010) and the literature therein.
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factors includes three trend-following risk factors, namely the returns on portfolios of

lookback straddle options on bonds (PTFSBD), currencies (PTFSFX) and commodities

(PTFSCOM), and two bond-oriented risk factors, namely the monthly change in the 10-

year U.S. Treasury constant maturity yield (BD10RET) and the monthly change in the

Moody’s Baa yield less the 10-year U.S. Treasury constant maturity yield (BAAMTSY).

In addition, we include two risk factors, which have been shown to explain a substantial

proportion of hedge fund returns (see, e.g., Bondarenko (2007b), Pojarliev and Levich

(2011)), the return on the Deutsche Bank G10 Currency Carry Total Return index

(CARRY) and the return on a variance swap (VARSWAP).6 Finally, two recent papers

(Sadka (2010) and Teo (2011)) have shown that liquidity risk, in the sense of market-

wide liquidity as an undiversifiable risk factor, is an important determinant of hedge

fund returns. We thus include the monthly innovations of the Pastor and Stambaugh

(2003) liquidity measure (LIQUIDITY) as an additional risk factor.

3 Commonality in hedge fund returns

3.1 Connectedness and commonality

The financial crisis revealed that the connectedness of financial institutions is an im-

portant determinant of financial stability (Blanchard (2009), Billio et al. (2010), Cont

et al. (2010)). If there is a strong connection among the different institutions, a dis-

turbance will encounter nothing to stop it from spreading through the system (May

et al. (2008)). As hedge funds are important market participants in terms of assets

under management, trading activities and their relationships with other institutions,

the degree of connectedness of hedge funds can impact financial stability, which has

been stressed in several studies (Chan et al. (2005), Garbaravicius and Dierick (2005),

Khandani and Lo (2007), Adrian (2007), European Central Bank (2007), Pericoli and

Sbracia (2010), Pojarliev and Levich (2011)). However, no common terminology is used

in the literature.7 Since the financial system can be regarded as a complex network,

the term “connectedness”, which is adapted from network theory, signifies the extent to

6The Bloomberg ticker for the Deutsche Bank G10 Currency Carry Total Return index is
DBHT10UF Index. The return on a variance swap is obtained as the difference between the real-
ized variance over the past month and its delivery price at the beginning of the month. As the delivery
price is not observable, we use the implied variance given by the VIX squared normalized to 21 trading
days. The realized variance of the S&P 500 index is computed from daily index data for a given month.

7While Khandani and Lo (2007) explicitly refer to network theory and thus use the term “con-
nectedness”, Adrian (2007) refers to the “similarity of hedge fund strategies” and “comovement”, and
Garbaravicius and Dierick (2005) and European Central Bank (2007) use the term “crowded trades”.
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which the different institutions are directly connected to each other through the net-

work. As Khandani and Lo (2007) point out, the connectedness of hedge funds can be

attributed to at least two potential sources: (i) their exposure to the same risk factors

and (ii) more complex linkages such as liquidity and credit relationships. In this paper,

we focus on the first source, the exposure of hedge funds to the same risk factors, which

we refer to as “commonality”. Commonality in hedge fund returns indicates the extent

to which the return of an individual hedge fund or a hedge fund index is driven by a

common or market-wide factor.

3.2 Measuring the degree of commonality

To measure commonality, we use Principal Component Analysis (PCA), a technique to

reduce the dimensionality of a data set that consists of a large number of interrelated

variables. The PCA transforms the original variables into a new set of variables, the

principal components, which are ordered so that the first few retain most of the variation

present in all of the original variables (Jolliffe (2002)). As the first principal component

is the linear combination of the original variables with maximal variance, the proportion

of variation in the data set explained by this common component can be considered

as the most natural measure of commonality. Thus, by definition, our measure of

commonality reflects the degree of the exposure of hedge funds to the most important

common factor. Another characteristic of the commonality measured based on the PCA

is that it does not differentiate between long and short exposure but instead represents

an absolute level of exposure. As the PCA does not provide an interpretation of the first

principal component, in section 3.3, we further analyze the obtained common factor to

identify its drivers.

In the first step, we use the 10 major Credit Suisse/Tremont hedge fund indices,

without the fund-of-funds category, to measure the degree of commonality in the overall

hedge fund industry. To have a benchmark, we also measure the commonality in the

returns of the 12 risk factors presented in section 2.2. In both cases, we use a rolling

window of 12 months to obtain a time-varying measure. Our sample period extends

from April 1994 to May 2009. Figure 1 shows the commonality in hedge fund and

risk factor returns as the proportion of variation in each data set explained by the first

principal component. The overall evolution of the commonality in hedge fund returns

obtained from our measure is very similar to that of the absolute correlation measure

used in Khandani and Lo (2007) and the PCA measure presented in Adrian (2007).

We find that, with regard to the pattern of the commonality in hedge fund returns,
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the sample period can be separated into three major sub-periods as shown in Figure 1.

The first sub-period extends from January 1996 until August 1998 and is characterized

by a strong increase in commonality, in particular in the course of the collapse of Long-

Term Capital Management (LTCM). The second sub-period is from September 1998

until April 2002 and thus covers the buildup and the burst of the technology bubble

and shows a decline in commonality. The third sub-period covers the upmarket period

from May 2002 until December 2006 and exhibits a gradual increase in commonality.

Particularly striking is the divergence between the commonality in hedge fund and risk

factor returns during the third sub-period. While the commonality in hedge fund returns

increased substantially, the commonality in the returns of the 12 risk factors used to

model hedge funds’ risk exposure remained unchanged or decreased. This suggests that

the increase in hedge funds’ commonality during this sub-period is not related to a

kind of “phase-locking” behavior whereby assets in which hedge funds invest suddenly

become more synchronized. Our results are robust to the choice of the risk factors

(eight standard asset classes of Fung and Hsieh (1997)) as well as to the length of the

rolling time window (24 and 36 months).8

In the second step, we use the returns of about 6,400 individual hedge funds to

measure the degree of commonality within specific investment strategies. As our hedge

fund return data represent an unbalanced panel where hedge funds enter the database

at some point in time and might stop reporting before the end of the sample period,

we proceed as follows. In order to obtain a time-varying measure of commonality

we first specify the length of the rolling time window to 12 months. For each time

window we then select all hedge funds that have return data over the entire period of

this time window. We finally loop through the different TASS styles, select the hedge

funds belonging to each style category and compute the degree of commonality in the

returns of these funds. The results of the commonality within the 11 major investment

strategies of TASS, including the fund-of-funds category, are shown in Figure 2.

We find that there are considerable differences both in the level and in the variation

of commonality in hedge fund returns for different investment strategies. Comparing

the average level of commonality across the different style categories suggests that some

strategies such as Convertible Arbitrage are significantly more homogeneous than, for

example, Fixed Income Arbitrage.

8The results are available upon request from the authors.
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3.3 Identification of factors driving commonality

In the previous section, we documented a significant increase in the commonality in

hedge fund returns between 2003 and end-2006. A natural question that arises is which

factors drove this increase in hedge funds’ commonality.

To motivate our approach, it is useful to consider the linear Pearson correlation of

two simple return generating processes of hedge funds. The following two equations

represent simplified return generating processes of two hedge funds i and j:

Ri,t = αi + βiΛt + εi,t

Rj,t = αj + βjΛt + εj,t

where Λt is a systematic risk factor such as the S&P 500 to which both hedge funds

have exposure, as captured by the corresponding beta coefficient. Based on these two

return processes, the linear Pearson correlation of the returns of the two hedge funds is

given by:

Corr(Ri,t, Rj,t) =
βiβjσ

2
λ√

β2
i σ

2
λ + σ2

εi

√
β2

j σ
2
λ + σ2

εj

(1)

where σ2
λ is the variance of the risk factor Λt and σ2

ε is the variance of the idiosyncratic

error.

Computing the partial derivatives of equation (1) reveals that, all else being equal,

an increase in the absolute value of the correlation between the returns of funds i and j

can be due to three effects: (i) an increase in the absolute value of the beta coefficient

of fund i or j, (ii) an increase in the variance of the systematic risk factor Λ, or (iii)

a decrease in the variance of the idiosyncratic error εi or εj. Since we are interested

in identifying the major driver of the rise in hedge funds’ commonality during the

upmarket period from 2003 until end-2006, a period where the overall market volatility

declined, the second effect can almost be ruled out. To examine the potential of the

third effect, we regress hedge fund index returns on the 12 risk factors presented in

section 2.2 and compute the variance of the obtained residuals (i.e., the idiosyncratic

error) using a rolling time window. We find that the variance of the idiosyncratic error

remained mostly unchanged or increased during this period. We conclude that it is

unlikely that the rise in hedge funds’ commonality was due to the third effect. In what

follows, we thus focus on the first effect, i.e., on the increase in the absolute value of

hedge funds’ exposure to a common risk factor.

To measure hedge funds’ exposure to a common risk factor, we rely on the PCA
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as it gives us loadings on the common component. The loadings reflect how strong

the corresponding hedge fund is associated with the common component. We thus

perform a PCA on individual hedge funds using return data from October 2003 until

September 2006, which approximately corresponds to the third sub-period shown in

Figure 1. Our sample includes about 1,400 hedge funds, which report return data over

the entire sample period of 36 months. We then rank the hedge funds with respect

to their loading on the first principal component (PC1-loading), form decile portfolios

and compute the average return of these decile portfolios at each point in time over the

sample period. In what follows, we refer to hedge funds belonging to decile 1 (decile

10), which have the lowest (highest) PC1-loading, as those with the lowest (highest)

degree of commonality.

In the next step, we try to identify the common factor to which hedge funds across

the decile portfolios were exposed over the period from October 2003 until September

2006. We regress the monthly excess returns Rd,t − Rf,t of each decile portfolio d =

{1, . . . , 10} on the 12 risk factors described in section 2.2 in the following way:9

Rd,t −Rf,t = αd + β1
dMSCINAt + β2

dMSCIEUt + β3
dMSCIPCt + β4

dMSCIEMt

+ β5
dPTFSBDt + β6

dPTFSFXt + β7
dPTFSCOMt

+ β8
dBD10RETt + β9

dBAAMTSYt

+ β10
d CARRYt + β11

d VARSWAPt + β12
d LIQUIDITYt + εd,t.

(2)

To avoid spurious results, we follow McGuire and Tsatsaronis (2008) and instead

of using the entire set of risk factors as regressors for each decile portfolio we use a

stepwise regression procedure that recursively includes and excludes risk factors, and

retains them only if they are at least statistically significant at the 5% level.10

The results shown in Table 2 reveal several interesting aspects. First, decile port-

folios with a high commonality are mostly exposed to equity-oriented risk factors and

to the variance risk factor, while decile portfolios with a low commonality have only a

small or no exposure to equity-oriented risk factors. The negative exposure of hedge

funds to the variance risk factor supports the findings of Bondarenko (2007a), who ar-

gues that hedge funds earn about 7% annually by shorting the variance risk. Second,

9This procedure is similar to the one employed by Fung and Hsieh (1997) who use the PCA and
hedge funds most highly correlated with these principal components to extract five dominant invest-
ment style factors.

10The results using all 12 regressors, presented as a robustness check in Table 3, are qualitatively
similar.
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the magnitude of the exposure to the MSCI Emerging Market index increases almost

monotonically with the increasing commonality. Put differently, hedge funds with a

high degree of commonality (decile 10) have a much higher long-exposure to emerging

market equities than funds with a low degree of commonality (decile 1). Third, the

proportion of variation in hedge fund returns explained by our set of risk factors in-

creases with an increasing commonality. This finding indicates that hedge funds with a

low (high) degree of commonality tend to follow relative-value (directional) investment

strategies which are less (more) correlated to market risk factors. Fourth, in contrast

to Sadka (2010) and Teo (2011), we do not find a significant loading on the liquidity

factor.11 This could be due to the fact that the Pastor and Stambaugh (2003) liquid-

ity measure is based on order flow of stocks traded on the New York Stock Exchange

(NYSE) and the American Stock Exchange (AMEX),12 while the investment strategies

of hedge funds are considered to be much more diverse. 13

These results are qualitatively confirmed through the decomposition of the hedge

funds belonging to each decile portfolio into the 10 major TASS investment strategies

as reported in Table 4. While the high commonality decile portfolio (decile 10) consists

mostly of hedge funds from the Long/Short Equity Hedge, the Multi-Strategy and the

Emerging Markets category, the low commonality decile portfolio (decile 1) is a lot

more diverse, mostly consisting of hedge funds from the Equity Market Neutral, the

Long/Short Equity Hedge, the Fixed Income Arbitrage and the Managed Futures cate-

gory. The proportion of hedge funds belonging to equity-oriented investment strategies,

in particular to the Long/Short Equity Hedge category, rises with an increasing degree

of commonality.

Overall, our findings suggest that the common factor in hedge fund returns identified

by the PCA over the period from 2003 until end-2006 was an emerging market equity-

oriented risk-factor. As emerging market equities were delivering high returns over this

period, it is perhaps not surprising that hedge funds were largely exposed to this risk

factor in order to deliver high returns to their investors. The negative exposure of hedge

funds to the variance risk factor does not contradict this interpretation. As hedge funds

11We do find a significant positive liquidity loading for funds with a low degree of commonality
(decile 1) using the stepwise regression, but it turns out to be not significantly different from zero
when including all risk factors in the regression.

12The same holds true for the Acharya and Pedersen (2005) and the Sadka (2006) measures also
used in the two aforementioned papers.

13A different concept is the asset-specific liquidity characteristic (i.e., the liquidity level), which is
difficult to measure for hedge funds since their portfolio holdings are not available. Getmansky et al.
(2004) propose to use the return serial correlation as a proxy for fund-specific liquidity levels, which
we use in section 4.2 to infer the level of illiquidity in the different commonality deciles.
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can obtain the negative exposure to the variance risk both directly through trades in

variance swaps and other derivatives and indirectly by employing relative-value and

event-driven arbitrage strategies, it is difficult to infer the employed trading strategy

from this finding. In any case, shorting the variance risk during this period with a

declining volatility provided hedge funds with an additional risk premium and thus

appears reasonable.

After having broadly identified the common factor that explains a large proportion of

hedge fund returns during the period from 2003 until end-2006, we now study whether,

and to what extent, the exposure of hedge funds to this risk factor varied over time. We

thus perform the same stepwise regression for each decile portfolio as outlined before,

but this time using a rolling estimation approach with a 36-month rolling window.

The resulting time-varying beta coefficients of the MSCI Emerging Market index are

plotted in Figure 3. They reveal, first, the differences in the overall degree of exposure to

emerging market equities between the different decile portfolios, thus confirming results

from Table 2. Second, and more importantly, the graph shows that the long-exposure of

the deciles with a high commonality (decile 9 and 10) increased substantially from 2004

until end-2006. We also investigate the evolution of the beta coefficient of the MSCIEM

risk factor at the individual fund level and find that 20% of the hedge funds significantly

increased their exposure to emerging market equities over this period, with 80% of those

funds having no significant exposure prior to 2004.14 The results are in line with Eling

and Faust (2010) who find that hedge funds reporting to be active in emerging markets

increased their exposure to equities in emerging Asia and emerging Europe from 2003

onwards. They also mention that the high explanatory power of their emerging market

model may be a result of many hedge funds following a long-only investment strategy.

As we have broadly identified emerging market equities as the common component of

hedge fund returns during the upmarket period from 2003 until end-2006, the increase

in the beta coefficient of the MSCIEM risk factor can be considered as the major factor

that has driven the increase in commonality from 2004 until end-2006.

If emerging market equities were indeed the major risk factor driving hedge fund

returns over this period, as suggested by the previous analysis, then regressing hedge

fund returns on this common risk factor and computing the residuals would remove the

majority of the variation in fund returns. We thus regress the return series of each decile

portfolio separately on each of the 12 risk factors using a 36-month rolling estimation

window and compute the residuals. Then we perform a PCA on both the raw returns

14The results are available upon request from the authors.
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of the decile portfolios and on the obtained residuals to compare the two measures of

commonality. The results shown in Figure 4 reveal that we obtain a lower degree of

commonality during the period from 2004 until end-2006 only when using the equity-

oriented risk factors in the style-type regressions. But only in the case of the MSCIEM

risk factor the degree of commonality does not increase from 2004 onwards. Overall,

we interpret these findings as a strong evidence that the increase in the exposure to

emerging market equities over the period from 2004 until end-2006 has been the major

driver of the rise in hedge funds’ commonality over this period.

4 Commonality and risk exposure

We now characterize in more detail the risk exposure of hedge funds in the different

commonality deciles. The question we address is whether funds following rather dif-

ferent investment strategies (low commonality) have a comparable risk profile to those

funds following more similar strategies (high commonality). This is an important as-

pect because funds with a similar strategy having at the same time a high risk exposure

have a potential to trigger powerful feedback loops involving asset prices and funding

liquidity once the risk materializes (Brunnermeier et al. (2009)). We focus on two types

of risk exposure: downside risk exposure and illiquidity risk exposure.

4.1 Downside risk exposure

As outlined by the Financial Stability Forum (2007), hedge fund failures cause credit

losses to their counterparties such as prime brokers and banks which may in turn ad-

versely affect their function as financial intermediaries (e.g., to channel credit to the real

economy). The distress risk of a hedge fund is directly related to its downside or tail

risk exposure (Liang and Park (2010)). Brunnermeier and Pedersen (2009) show that

even small speculator losses can lead to higher margins, rapid asset sales and reduction

in mark-to-market wealth, which in turn may lead to additional losses and potential

spillovers to other asset classes. To quantify the tail risk exposure of hedge funds from

the different commonality deciles, we use the following downside risk measures: semi-

deviation, Value-at-Risk, expected shortfall, and tail risk in returns. These measures

were shown to have a considerable explanatory power for the cross-sectional variation

in hedge fund returns and for hedge fund failures (Liang and Park (2007, 2010)).

Semi-deviation, proposed by Estrada (2000) as an alternative risk measure to the
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beta, considers standard deviation solely over negative outcomes and is of interest

because investors only dislike downside volatility. It is defined as

Semi-deviationt =
√

Et{min[(Rt − µ), 0]2},

where Rt denotes the return at time t and µ is the average return.

Value-at-Risk (V aR) is one of the most widespread tools used by financial institu-

tions to measure market risk. If Rt+τ denotes the portfolio return during the period

between t and t + τ , FR,t denotes the cumulative distribution function (CDF) of Rt+τ

conditional on the information available at time t, and F−1
R,t is the inverse function of

FR,t, then the portfolio V aR as of time t is given by

V aRt(α, τ) = −F−1
R,t(α),

where α refers to the confidence level 1−α and τ is the time horizon. In our analysis, we

use a 95% confidence level (α = 0.05) and a time horizon τ of one month. We estimate

the V aR using the Cornish-Fisher (1937) expansion (see Liang and Park (2007) for

details).

Expected shortfall (ES) is the expected loss greater than or equal to the V aR. It is

given by

ESt(α, τ) = −Et[Rt+τ | Rt+τ ≤ −V aRt(α, τ)].

We estimate the 95% ES by first computing the 95% V aR as described above and then

taking the average of the returns less than or equal to this value. As in the case of the

V aR, we multiply the resulting value by minus one to avoid confusion.

Tail risk (TR) measures the deviation of losses larger than or equal to the V aR from

the mean. It is defined as

TRt(α, τ) =
√

Et[(Rt+τ − Et(Rt+τ ))2 | Rt+τ ≤ −V aRt(α, τ)].

As in the case of the ES, we estimate TR based on the Cornish-Fisher V aR.

In addition, we consider the skewness in returns as a measure of downside risk.

Chen et al. (2001) investigate factors that help to forecast skewness in the returns of

individual stocks. They find that negative skewness is most pronounced in stocks that

have experienced an increase in trading volume and positive returns. The authors argue

along the lines of the stochastic bubble model of Blanchard and Watson (1982) that

negative skewness reflects the expectation of the burst of a previously formed bubble
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and the associated large negative returns. This is consistent with the findings of Bates

(1991), who interprets the negative skewness in S&P 500 index futures prior to August

1987 as fears of a market crash.

We now examine the relationship between commonality in hedge fund returns and

funds’ downside risk. In the first step, we compute various summary statistics of the

returns of each decile portfolio, including the downside risk measures presented above.

Instead of performing a rolling PCA to continuously update the composition of the

deciles, we use decile portfolios that are formed on the basis of a PCA over the period

from October 2003 until September 2006 as described in section 3.3. They reflect the

dispersion in the commonality of hedge funds during a period where the overall degree

of hedge funds’ commonality was high. We investigate the return characteristics of

these decile portfolios in two different market regimes, namely during the upmarket

period from October 2003 until June 2007 and during the financial crisis period from

July 2007 until June 2009. To test the statistical significance of the differences in the

summary statistics between decile portfolio 10 (high commonality) and decile portfolio

1 (low commonality), we use a bootstrap approach (see appendix for details).

Results are reported in Table 5. Panel A shows that during the upmarket period,

decile portfolio 10 had a significantly higher average return and a significantly higher

standard deviation than decile portfolio 1.15 As the standard deviation of decile portfolio

10 was more than three times as high as that of decile portfolio 1, while the return was

only twice as high, the risk-adjusted return of decile portfolio 10, as measured by the

Sharpe ratio, was significantly lower than that of decile portfolio 1. Interestingly, decile

portfolio 10 had a negative skewness while decile portfolio 1 had a positive skewness,

with the difference being statistically significant. Following Bates (1991), we interpret

the negative skewness in the high commonality portfolio (decile 10) as an indicator of

crash expectations. In section 3.3, we found that hedge funds belonging to decile 10 had

a strong exposure to emerging market equities during the upmarket period from 2003

until end-2006. As emerging market equities increased substantially over this period,

one could argue that the negative skewness in the returns of decile portfolio 10 may

reflect the expectation of the burst of a potentially formed equity market bubble and the

resulting negative returns. In addition, the downside risk of decile portfolio 10 during

the upmarket period, captured by semi-deviation, Value-at-Risk, expected shortfall, and

tail risk, was significantly higher than that of decile portfolio 1. Panel B shows that

15As the first principal component represents the linear combination of the original variables with
maximal variance, the standard deviation of the returns rises by construction with an increasing PC1-
loading.
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during the financial crisis, decile portfolio 10 had a significantly lower average return

and a significantly higher standard deviation than decile portfolio 1. As in the case

of the upmarket period, the Sharpe ratio of decile portfolio 10 was significantly lower

than that of decile portfolio 1. The downside risk of decile portfolio 10, as measured

by semi-deviation, Value-at-Risk and expected shortfall, was significantly higher than

that of decile portfolio 1.

In the second step, we compute the same summary statistics but this time using the

returns of the individual hedge funds in each decile. This procedure intends to make

sure that our main results are not simply a spurious effect of using decile portfolios

in the study. To be included in the analysis, every hedge fund needs to have at least

24 monthly observations. We then compute the summary statistics separately for each

fund and take the median of all funds in a given decile as the final measure. The results

reported in Table 6 are similar to those of the decile portfolios. During the upmarket

period, hedge funds in decile 10 had a significantly higher average return, a lower

skewness and a higher semi-deviation than funds in decile 1. During the financial crisis

period, hedge funds in decile 10 had a significantly lower return, a lower Sharpe ratio

and skewness and a higher downside risk according to all four risk measures compared

to funds in decile 1.

In the third step, we investigate whether the downside risk of hedge funds increased

with the rise in commonality from 2004 until end-2006. We select all funds in a given

decile that have observations over the entire period from February 2002 until December

2006. For each of these funds, we compute the skewness and the semi-deviation for

two subsamples, first over the 24 months ending in January 2004 and second over

the 24 month ending in December 2006. To test the statistical significance of the

differences between both subsamples, we use a bootstrap approach. The results are

reported in Table 7. Panel A shows that in the high commonality decile (decile 10)

24.36% of funds faced a significant increase in negative skewness from January 2004

until December 2006, while in the low commonality decile (decile 1) the corresponding

share of funds was 11.69%. The ratio of the two shares equals 2.08 and is significantly

higher than 1, implying that the share of funds with an increase in negative skewness

was significantly higher in the high commonality decile. The results are even more

pronounced when semi-deviation is used to capture downside risk. Panel B reveals that

the share of hedge funds with a significant increase in semi-deviation from January 2004

until December 2006 was 30.77% in the high commonality decile (decile 10) and 6.40%

in the low commonality decile (decile 1). The ratio of the two shares equals 4.74 and is
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significantly higher than 1.

In sum, hedge funds with a high degree of commonality had a significantly higher

downside risk than funds with a low degree of commonality both during the upmarket

and the financial crisis period. Additionally, over the period from January 2004 until

December 2006, funds with a high degree of commonality exhibited an increase in

downside risk significantly more often than funds with a low degree of commonality.

We attribute the higher downside risk of funds with a high degree of commonality to

their greater emerging market exposure.

4.2 Illiquidity risk exposure

Hedge funds may also pose risks to other financial institutions through disrupting mar-

ket functioning, which is a consequence of their role as key players in certain markets.

If they are suddenly forced to liquidate their positions, this is likely to cause a sharp

deterioration in market liquidity. The more illiquid their portfolio, the larger the price

impact of a forced liquidation, which can erode funds’ risk capital very quickly. To

gauge the illiquidity risk exposure of hedge funds’ investments, we use the first-order

autocorrelation coefficient as proposed by Getmansky et al. (2004) and Khandani and

Lo (2011). The economic rationale for this measure is that in an informationally efficient

market, price changes must be unforecastable if they fully incorporate the information

of all market participants. However, as a consequence of various market frictions, serial

correlation arises in asset returns which cannot be exploited by trading strategies due

to the presence of these frictions. Thus, the degree of serial correlation can be regarded

as a proxy for the illiquidity exposure of the corresponding asset.

To examine the relationship between commonality in hedge fund returns and funds’

illiquidity risk, we proceed in the same way as for the downside risk. In the first step,

we compute the 1st-order autocorrelation of the returns of the decile portfolios and of

the individual funds in each decile. The results that cover the upmarket period from

October 2003 until June 2007 and the financial crisis period from July 2007 until June

2009 are reported in Table 8. We find that in both periods the difference in illiquidity

between the high and the low commonality decile portfolio was not statistically signifi-

cant. However, when analyzing the individual hedge funds in each decile, we find that

funds in the high commonality decile (decile 10) had a higher degree of illiquidity than

funds in the low commonality decile (decile 1) in both periods. In particular, during

the upmarket period from October 2003 until June 2007, the median autocorrelation

of the funds in decile 10 was 0.16, while it was 0.07 in decile 1. During the financial
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crisis period from July 2007 until June 2009, the median autocorrelation of the funds

in decile 10 was 0.31, while it was 0.17 in decile 1. In both periods, the difference

in autocorrelation was significantly positive, implying that hedge funds with a higher

commonality had a higher degree of illiquidity.16 This result is not surprising. Accord-

ing to our findings in section 3.3, hedge funds in the high commonality decile had a

strong exposure to emerging market equities. Since emerging market equities generally

exhibit a higher illiquidity than developed market equities (see, e.g., Lesmond (2005)

and Bekaert et al. (2007)), hedge funds investing in this asset class also have a higher

degree of illiquidity.

As the adverse effects of illiquidity only materialize when investors are forced to

liquidate their positions, we investigate in the second step the extent to which the

illiquidity in the different deciles increased after the collapse of Lehman Brothers in

September 2008. We thus aim to directly test the impact of an asset price shock on the

liquidity of the respective portfolio in relation to its degree of commonality. Following

Adrian (2007), we expect that the larger the degree of commonality in hedge fund

returns, the higher the risk of liquidity drying up in the corresponding markets when

hedge funds have to simultaneously close out their positions. Our analysis proceeds

as follows. We select all hedge funds in a given decile that have observations over

the entire period from November 2007 until June 2009. We split the sample in two

subsamples which cover the 10 months before and after the Lehman collapse. For each

hedge fund in a given decile, we then compute the return autocorrelation separately

for both subsamples and determine how many funds in each decile faced a significant

illiquidity in the pre- and post-Lehman sample.

The results are reported in Table 9. Panel A shows that in the high commonality

decile (decile 10) 13.64% of funds had a significant illiquidity in the post-Lehman period

only, as measured by the 1st-order autocorrelation, while in the low commonality decile

(decile 1) the share of funds was 5.26%. The ratio of the two percentages equals 2.59

and is not significantly higher than 1, implying that the share of funds facing illiquidity

in the post-Lehman period was not significantly different in both deciles. However,

when comparing the share of funds in the different deciles, it seems that the majority of

funds with a significant degree of illiquidity in the post-Lehman period were in deciles

with a higher degree of commonality (deciles 6-10). Thus, in Panel B, we report the

16We also compared the share restrictions of the hedge funds across the different deciles and found
that they (i) do not vary significantly and (ii) are very limited (funds have a median lockup (redemp-
tion notice) period of zero (one) month), which appears contradictory to the corresponding levels of
autocorrelation that we measured.
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results for two groups of deciles, namely the lower commonality deciles (deciles 1-5)

and the higher commonality deciles (deciles 6-10). It turns out that in deciles with a

higher commonality (deciles 6-10) 20.54% of funds had a significant illiquidity in the

post-Lehman period, while the share of funds in the low commonality deciles (deciles

1-5) was only 11.71%, with the ratio of these shares being significantly higher than 1.

Our results suggest that hedge funds with a high degree of commonality were affected

by illiquidity in the post-Lehman period significantly more often than funds with a low

degree of commonality.

5 Conclusion

The recent financial crisis revealed that connectedness of financial institutions is an

important determinant of financial stability. In this paper, we have studied the con-

nectedness of hedge funds arising from the commonality in their returns and analyzed

the risk exposure of hedge funds with different degrees of commonality. Commonality is

measured using Principal Component Analysis (PCA), in particular by the proportion

of variation in the data set explained by the first principal component.

We find that the commonality in hedge fund returns increased significantly over the

period from 2003 until end-2006. Hedge funds with a high commonality were particu-

larly exposed to equity-oriented risk factors, while funds with a low commonality had

only a small or no exposure to equity-oriented risk-factors. Most importantly, funds’ ex-

posure to emerging market equities increased almost monotonically with an increasing

level of commonality. Moreover, funds with a high commonality had a higher down-

side risk, captured by negative skewness and semi-deviation, and a higher illiquidity

risk, captured by return autocorrelation, than funds with a low commonality. In the

post-Lehman period, hedge funds with a high commonality were affected by illiquidity

significantly more often than funds with a low commonality.

Based on our empirical analysis, we conclude that during the upmarket period from

2003 until end-2006 hedge funds substantially increased their investment into assets

with a high downside and illiquidity risk exposure to provide investors with a higher

return and attract new capital. As a consequence, the commonality in hedge fund

returns increased and during the subsequent financial crisis those funds were affected

disproportionately by illiquidity and exhibited negative returns. Due to their high

commonality, those funds did not provide the diversification benefits to the financial

system and to investors that hedge funds are generally considered to offer.
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A Bootstrap approach

In order to test the statistical significance of the differences of various summary statis-

tics between decile 10 (high commonality) and decile 1 (low commonality), we use a

bootstrap approach. Since our statistics are based on hedge fund returns, which are

subject to short sample sizes, serial correlation, volatility clustering, and non-normality,

a block-bootstrap appears most appropriate. We follow Kosowski et al. (2006), Fung

et al. (2008) and Patton (2009), and use the stationary bootstrap of Politis and Ro-

mano (1994) which allows for weakly dependent correlation over time. Subsequently,

we describe the procedure used for each analysis in section 4.

Summary statistics of decile portfolio returns

To test the statistical significance of the differences in the summary statistics between

decile portfolio 10 (high commonality) and decile portfolio 1 (low commonality), as

reported in Table 5, we resample the return series of each decile portfolio using 10,000

bootstrap replications. For each bootstrap sample and each decile portfolio, we then

compute the respective summary statistic (i.e. the mean, standard deviation, skewness,

etc.). Subsequently, we compute the high-low difference for each bootstrap sample. The

resulting distribution of the high-low difference can be used to obtain p-values.

Summary statistics of individual hedge fund returns across deciles

To test the statistical significance of the differences in the median of the summary statis-

tics between decile 10 (high commonality) and decile 1 (low commonality), as reported

in Table 6, we resample the return series of each hedge fund in a given decile using

1,000 bootstrap replications per fund. For each bootstrap sample and each hedge fund,

we then compute the respective summary statistic (i.e. the mean, standard deviation,

skewness, etc.). Subsequently, for each bootstrap sample, we compute the median of

the respective summary statistic using all hedge funds in a given decile. We finally com-

pute the high-low difference of the median for each bootstrap sample. The resulting

distribution of the high-low difference can be used to obtain p-values.

Increase in downside risk across deciles

To test whether a hedge fund faced a significant increase in downside risk, i.e. in negative

skewness or semi-deviation, over the period from January 2004 until December 2006, as

reported in Table 7, we proceed as follows. First, we resample the return series of each
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hedge fund in a given decile using 1,000 bootstrap replications per fund independently

for two sub-periods: period 1 over the 24 months ending in January 2004 and period

2 over the 24 months ending in December 2006. For each bootstrap sample and each

hedge fund, we then compute the respective downside risk measure and the difference

between both sub-periods. Based on the resulting distribution, for each hedge fund, we

test whether the change in downside risk was significantly positive. For each decile, we

then obtain a proportion of hedge funds that faced a significant increase in downside

risk. To test whether the proportion of funds in decile 10 is significantly different

from that in decile 1, we resample the two corresponding vectors consisting of zeros

and ones using 1,000 bootstrap replications each (Efron and Tibshirani (1993)). For

example, in the case of decile 1 shown in Panel A of Table 7, this is a vector consisting

of 9 ones (representing the funds with a significant increase in downside risk) and

68 zeros (representing the funds with no significant increase in downside risk). For

each bootstrap sample, we then compute the ratio of the proportions of funds with

a significant increase in downside risk in decile 10 relative to that in decile 1. The

resulting distribution of the high/low ratio can be used to obtain p-values.

Illiquidity risk exposure across deciles

To test the statistical significance of the differences in the return autocorrelation be-

tween decile 10 (high commonality) and decile 1 (low commonality), as reported in

Table 8, we apply the same procedure used for the summary statistics of decile portfo-

lio returns and for the individual hedge fund returns, respectively.

Illiquidity risk in pre- and post-Lehman period

To test whether the proportion of hedge funds with a significant illiquidity in the post-

Lehman period in decile 10 (high commonality) was significantly different from that in

decile 1 (low commonality), as reported in Table 9, we proceed as follows. For each

hedge fund in a given decile, we estimate the return autocorrelation and its significance

in the 10 months before (pre-Lehman period) and in the 10 months after (post-Lehman

period) the collapse of Lehman Brothers in September 2008. For each decile, we then

obtain a proportion of hedge funds that faced a significant autocorrelation in the post-

Lehman period only. To test whether the proportion of funds in decile 10 is significantly

different from that in decile 1, we apply the same procedure used for the increase in

downside risk across deciles.
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Table 5: Summary statistics of decile portfolio returns

This table shows various summary statistics of the monthly returns of each decile portfolio for two different periods.
The decile portfolios are formed on the basis of the loadings on the first principal component of each hedge fund
obtained from a PCA over the period from October 2003 until September 2006. Decile portfolio 1 (10) thus consists
of hedge funds with a low (high) degree of commonality. Panel A shows the statistics for the upmarket period from
October 2003 until June 2007, while Panel B shows the results for the financial crisis over the period from July
2007 until June 2009. The reported summary statistics include the mean (Mean), standard deviation (SD), Sharpe
ratio (SR), skewness (Skew), kurtosis (kurt), minimum (Min), maximum (Max), semi-deviation (SEM), Value-at-Risk
(VaR), Expected Shortfall (ES) and Tail Risk (TR). As in Liang and Park (2007), we multiply the original Value-
at-Risk number by minus one to avoid confusion. Thus, Value-at-Risk and Expected shortfall are usually positive in
this paper. In the lower part of each panel, we also report the difference in the respective statistic between the high
commonality decile (decile 10) and the low commonality decile (decile 1), and the corresponding p-value obtained
from a bootstrap approach.

Decile Mean SD SR Skew Kurt Min Max SEM VaR ES TR

Panel A: 10/2003 - 6/2007 (T=45)

1 Low 0.56 0.49 1.14 0.47 3.03 -0.30 1.96 0.32 0.15 0.22 0.05
2 0.72 0.53 1.35 -0.20 2.08 -0.33 1.73 0.38 0.17 0.28 0.06
3 0.79 0.80 0.99 -0.41 2.71 -1.34 2.18 0.59 0.57 1.05 0.29
4 0.71 0.93 0.76 -0.31 2.11 -1.15 2.32 0.69 0.86 1.07 0.09
5 0.89 1.21 0.74 -0.46 2.64 -1.97 3.29 0.91 1.19 1.80 0.17
6 1.04 1.79 0.58 -0.44 2.60 -3.06 4.49 1.34 2.03 2.72 0.32
7 1.12 1.92 0.59 -0.43 2.46 -2.89 4.77 1.45 2.17 2.68 0.19
8 1.11 1.80 0.62 -0.53 2.66 -2.93 4.68 1.37 2.01 2.69 0.20
9 1.14 2.01 0.57 -0.48 2.83 -3.65 5.46 1.53 2.32 3.12 0.39
10 High 1.13 1.83 0.62 -0.66 2.90 -3.70 4.32 1.40 2.10 2.91 0.63

High-Low 0.58 1.34 -0.52 -1.13 -0.14 -3.40 2.36 1.08 1.95 2.68 0.58
p-value 0.03 0.00 0.03 0.00 0.39 0.00 0.00 0.00 0.00 0.00 0.00

Panel B: 7/2007 - 6/2009 (T=24)

1 Low 0.64 0.62 1.02 0.19 3.33 -0.78 1.94 0.41 0.31 0.78 0.00
2 0.01 1.18 0.00 -0.02 2.91 -2.35 2.76 0.83 1.87 2.35 0.00
3 0.20 1.57 0.13 -0.13 3.09 -3.29 3.43 1.08 2.34 3.05 0.25
4 -0.34 1.87 -0.18 -0.94 4.30 -5.87 2.33 1.42 3.72 5.87 0.00
5 -0.34 2.27 -0.15 -0.01 2.36 -5.03 3.85 1.55 3.96 5.03 0.00
6 -0.32 2.51 -0.13 0.00 2.10 -5.25 3.76 1.71 4.34 5.25 0.00
7 -0.27 2.64 -0.10 0.17 2.20 -5.31 4.27 1.75 4.36 5.31 0.00
8 -0.40 3.56 -0.11 0.01 3.15 -7.90 7.65 2.47 6.03 7.51 0.39
9 -0.40 3.21 -0.12 -0.16 2.62 -6.81 6.08 2.28 5.66 6.73 0.07
10 High -0.82 3.92 -0.21 -0.19 2.99 -9.07 7.50 2.78 7.24 8.87 0.20

High-Low -1.46 3.30 -1.23 -0.38 -0.34 -8.28 5.56 2.37 6.94 8.08 0.20
p-value 0.03 0.00 0.00 0.28 0.33 0.00 0.00 0.00 0.00 0.00 0.70

36



Table 6: Summary statistics of individual fund returns across deciles

This table shows various summary statistics of the monthly returns of the individual hedge funds in each decile for two
different periods. The deciles are formed on the basis of the loadings on the first principal component of each hedge
fund obtained from a PCA over the period from October 2003 until September 2006. Decile 1 (10) thus consists of
hedge funds with a low (high) degree of commonality. We compute the summary statistics separately for each hedge
fund with at least 24 monthly observations and take the median of all funds in a given decile as the final measure. The
number of hedge funds in each decile used to compute the statistics is denoted by N. Panel A shows the statistics for
the upmarket period from October 2003 until June 2007, while Panel B shows the results for the financial crisis over the
period from July 2007 until June 2009. The reported summary statistics include the mean (Mean), standard deviation
(SD), Sharpe ratio (SR), skewness (Skew), kurtosis (kurt), minimum (Min), maximum (Max), semi-deviation (SEM),
Value-at-Risk (VaR), Expected Shortfall (ES) and Tail Risk (TR). As in Liang and Park (2007), we multiply the original
Value-at-Risk number by minus one to avoid confusion. Thus, Value-at-Risk and Expected shortfall are usually positive
in this paper. In the lower part of each panel, we also report the difference in the respective statistic between the high
commonality decile (decile 10) and the low commonality decile (decile 1), and the corresponding p-value obtained from
a bootstrap approach.

Decile N Mean SD SR Skew Kurt Min Max SEM VaR ES TR

Panel A: 10/2003 - 6/2007 (T=45)

1 Low 141 0.56 1.57 0.37 0.18 3.27 -3.10 4.72 1.05 1.63 2.62 0.32
2 142 0.65 1.66 0.41 0.17 3.61 -3.13 5.26 1.10 1.71 2.52 0.36
3 141 0.67 1.63 0.41 -0.03 3.90 -3.14 5.05 1.13 1.97 2.83 0.33
4 142 0.68 1.69 0.40 -0.07 3.71 -3.35 4.90 1.22 1.97 2.88 0.44
5 141 0.79 1.89 0.42 -0.10 3.69 -4.16 5.38 1.35 2.21 3.27 0.39
6 141 0.91 2.17 0.44 -0.04 3.29 -4.70 6.60 1.52 2.48 3.87 0.43
7 142 0.94 2.52 0.45 0.02 3.12 -4.71 7.61 1.84 2.59 4.01 0.49
8 141 0.95 2.16 0.45 -0.14 3.00 -4.13 5.69 1.60 2.48 3.51 0.41
9 142 0.99 2.21 0.48 -0.14 3.08 -4.43 5.94 1.64 2.50 3.77 0.46
10 High 141 0.84 1.64 0.53 -0.41 2.98 -3.56 3.94 1.24 2.02 3.05 0.43

High-Low 0.28 0.07 0.16 -0.59 -0.29 -0.46 -0.78 0.18 0.39 0.43 0.10
p-value 0.00 0.34 0.00 0.00 0.03 0.11 0.15 0.04 0.05 0.11 0.08

Panel B: 7/2007 - 6/2009 (T=24)

1 Low 58 0.80 3.04 0.28 -0.17 4.13 -5.62 6.93 1.90 3.74 5.62 0.00
2 59 0.45 3.10 0.15 -0.16 4.32 -5.87 6.64 2.33 3.87 5.87 0.32
3 73 0.34 3.74 0.14 -0.23 3.64 -8.21 7.17 2.53 5.43 7.76 0.10
4 59 0.12 3.77 0.04 -0.26 3.87 -8.93 7.46 2.85 5.86 7.80 0.28
5 63 0.13 4.27 0.05 -0.04 3.52 -9.06 7.00 2.88 6.56 8.48 0.13
6 84 0.17 4.40 0.06 -0.47 3.43 -11.28 7.98 3.36 8.01 10.37 0.15
7 68 0.23 4.55 0.06 -0.24 3.53 -8.86 9.60 3.17 6.48 8.62 0.13
8 60 -0.23 3.96 -0.06 -0.35 3.61 -9.76 7.37 2.90 7.06 9.44 0.20
9 78 -0.20 4.06 -0.06 -0.44 3.42 -9.78 7.26 3.10 6.78 9.43 0.31
10 High 111 -0.47 3.59 -0.14 -0.56 3.10 -9.19 4.52 2.69 6.70 8.41 0.44

High-Low -1.27 0.55 -0.42 -0.39 -1.03 -3.57 -2.41 0.78 2.96 2.79 0.44
p-value 0.00 0.24 0.00 0.00 0.00 0.00 0.01 0.02 0.00 0.00 0.00
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Table 7: Increase in downside risk across deciles

This table shows the share of hedge funds in each decile that faced a statistically significant increase in negative
skewness (Panel A) and semi-deviation (Panel B) over the period from January 2004 until December 2006. The
deciles are formed on the basis of the loadings on the first principal component of each hedge fund obtained from
a PCA over the period from October 2003 until September 2006. Decile portfolio 1 (10) thus consists of hedge
funds with a low (high) degree of commonality. For each hedge fund in a given decile with a sufficient number of
observations, we compute the skewness and semi-deviation for two subsamples, first, over the 24 months ending in
January 2004 and, second, over the 24 months ending in December 2006. We then test the statistical significance
of the differences in downside risk between both subsamples using a bootstrap approach. Finally, for each decile,
we determine the number of funds that faced a significant increase in the respective downside risk measure. In the
lower part of each panel, we also report the ratio of the percentage of funds that faced an increase in downside risk in
the high commonality decile (decile 10) to the percentage in the low commonality decile (decile 1), and the p-value,
obtained from a bootstrap approach, that the ratio is smaller than one.

Funds with a significant Total number
Decile increase in downside risk of funds Percent

Panel A: Negative skewness

1 Low 9 77 11.69
2 13 85 15.29
3 11 86 12.79
4 9 83 10.84
5 10 79 12.66
6 14 79 17.72
7 14 92 15.22
8 21 96 21.88
9 17 92 18.48
10 High 19 78 24.36

High/Low ratio 2.08
p-value 0.02

Panel B: Semi-deviation

1 Low 5 77 6.49
2 9 85 10.59
3 10 86 11.63
4 14 83 16.87
5 15 79 18.99
6 10 79 12.66
7 16 92 17.39
8 31 96 32.29
9 30 92 32.61
10 High 24 78 30.77

High/Low ratio 4.74
p-value 0.00
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Table 8: Illiquidity risk exposure across deciles

This table shows the 1st-order autocorrelation estimates of the returns of each decile portfolio and the median of
the autocorrelation estimates of the individual hedge funds in each decile for two different periods. The deciles are
formed on the basis of the loadings on the first principal component of each hedge fund obtained from a PCA over
the period from October 2003 until September 2006. Decile 1 (10) thus consists of hedge funds with a low (high)
degree of commonality. To estimate the autocorrelation coefficient of the individual hedge funds, only funds with
at least 24 monthly observations are used. We estimate the autocorrelation coefficient separately for each fund in a
given decile and take the median of all funds in this decile as the final measure. The number of hedge funds in each
decile used to estimate the autocorrelation is denoted by N. Panel A shows the results for the upmarket period from
October 2003 until June 2007, while Panel B shows the results for the financial crisis over the period from July 2007
until June 2009. In the lower part of each panel, we also report the difference in the autocorrelation between the high
commonality decile (decile 10) and the low commonality decile (decile 1), and the corresponding p-value obtained
from the stationary bootstrap of Politis and Romano (1994).

Autocorrelation Median autocorrelation
Decile of decile portfolios N of individual funds

Panel A: 10/2003 - 6/2007 (T=45)

1 Low 0.31 141 0.07
2 0.29 142 0.11
3 0.18 141 0.10
4 0.19 142 0.07
5 0.23 141 0.15
6 0.18 141 0.08
7 0.17 142 0.11
8 0.21 141 0.16
9 0.20 142 0.16
10 High 0.18 141 0.16

High-Low -0.13 0.09
p-value 0.11 0.00

Panel B: 7/2007 - 6/2009 (T=24)

1 Low 0.16 56 0.17
2 0.30 58 0.12
3 0.35 70 0.22
4 0.24 59 0.20
5 0.31 63 0.27
6 0.14 83 0.19
7 0.24 66 0.19
8 0.43 59 0.26
9 0.33 78 0.29
10 High 0.35 109 0.31

High-Low 0.19 0.14
p-value 0.09 0.00
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Table 9: Illiquidity risk in pre- and post-Lehman period

This table shows the share of hedge funds in each decile that faced a significant illiquidity, as measured by the
1st-order autocorrelation, in the post-Lehman period but not in the pre-Lehman period. The deciles are formed on
the basis of the loadings on the first principal component of each hedge fund obtained from a PCA over the period
from October 2003 until September 2006. Decile 1 (10) thus consists of hedge funds with a low (high) degree of
commonality. For each hedge fund in a given decile with a sufficient number of observations, we estimate the return
autocorrelation for two subsamples, first, over the pre-Lehman period from November 2007 until August 2008 and,
second, over the post-Lehman period from September 2008 until June 2009. We then determine the share of funds
that faced a significant autocorrelation in the post-Lehman period only. Panel A shows the results for each decile
individually, while Panel B shows the results for two groups of deciles, the lower commonality deciles (deciles 1-5)
and the higher commonality deciles (deciles 6-10). In the lower part of each panel, we also report the ratio of the
percentage of funds with a significant illiquidity in the post-Lehman period in the high commonality decile(s) (decile
10 / deciles 6-10) to the percentage in the low commonality decile(s) (decile 1 / deciles 1-5), and the p-value, obtained
from a bootstrap approach, that the ratio is smaller than one.

Number of funds
with significant illiquidity

pre-Lehman post-Lehman Total number
Decile period period only of funds Percent

Panel A: All deciles

1 Low 0 1 19 5.26
2 0 2 25 8.00
3 0 4 25 16.00
4 0 1 19 5.26
5 2 5 23 21.74
6 0 5 35 14.29
7 1 4 19 21.05
8 1 6 21 28.57
9 0 5 15 33.33
10 High 0 3 22 13.64

High/Low ratio 2.59
p-value 0.29

Panel B: Lower versus higher deciles

1-5 Low 2 13 111 11.71
6-10 High 2 23 112 20.54

High/Low ratio 1.75
p-value 0.04
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Figure 1: Commonality in hedge fund and risk factor returns

This figure shows the evolution over time of the commonality in the returns of the 10 major TASS hedge fund strategies
(solid line) and in the returns of the 12 risk factors, summarized in Table 1, used to model hedge funds’ risk exposure
(dashed line). Commonality is measured by the proportion of variance in each data set explained by the first principal
component. To obtain a time-varying measure of commonality, we use a rolling window of 12 months.
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Figure 2: Commonality within specific hedge fund strategies

This figure shows the evolution over time of the commonality in the returns of hedge funds from the 11 major TASS
investment strategies. Commonality is measured by the proportion of variance in each data set explained by the first
principal component. To obtain a time-varying measure of commonality, we use a rolling window of 12 months. The
average degree of commonality during the sample period is indicated by the dotted line.
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Figure 2: Commonality within specific hedge fund strategies (cont.)
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Figure 3: Time-varying beta coefficient of the MSCIEM risk factor

This figure shows the evolution over time of the beta coefficients of the MSCI Emerging Market index (MSCIEM) for
specific decile portfolios. To obtain time-varying beta coefficients, we use stepwise regressions of the corresponding
decile portfolio returns on the 12 risk factors summarized in Table 1 with a 36 months rolling window.
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Figure 4: Commonality in hedge fund returns using raw returns and residuals

This figure shows the evolution over time of the commonality in hedge fund returns using the raw returns of the decile
portfolios (solid line) and the residuals from a 36 months rolling stepwise regression of the decile portfolio returns
on each of the 12 risk factors, summarized in Table 1, (dashed line). Commonality is measured by the proportion of
variance in each data set explained by the first principal component. To obtain a time-varying measure of commonality,
we use a rolling window of 24 months.
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