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Hedge Fund Contagion and Liquidity Shocks
NICOLE M. BOYSON, CHRISTOF W. STAHEL, and RENÉ M. STULZ∗
ABSTRACT
Defining contagion as correlation over and above that expected from economic fundamentals, we find strong evidence of worst return contagion across hedge fund styles for
1990 to 2008. Large adverse shocks to asset and hedge fund liquidity strongly increase
the probability of contagion. Specifically, large adverse shocks to credit spreads, the
TED spread, prime broker and bank stock prices, stock market liquidity, and hedge
fund flows are associated with a significant increase in the probability of hedge fund
contagion. While shocks to liquidity are important determinants of performance, these
shocks are not captured by commonly used models of hedge fund returns.

USING MONTHLY HEDGE FUND INDEX DATA for the period January 1990 to October
2008, we find that the worst hedge fund returns, defined as returns that fall
in the bottom 10% of a hedge fund style’s monthly returns, cluster across
styles. Further, using both parametric and semi-parametric analyses, we show
that this clustering cannot be explained by risk factors commonly used to
explain hedge fund performance. Bekaert, Harvey, and Ng (2005 p. 40) define
contagion as “correlation over and above what one would expect from economic
fundamentals.” With this definition, the clustering we observe is contagion. To
our knowledge, this is the first study to test for and document the existence of
hedge fund contagion.
To understand the determinants of hedge fund contagion, we turn to a recent paper by Brunnermeier and Pedersen (2009) for theoretical motivation. In
their model, an adverse shock to speculators’ funding liquidity (the availability
of funding) forces them to reduce their leverage and provide less liquidity to
the markets, which reduces asset liquidity (the ease with which assets trade).
When the impact of the funding liquidity shock on asset liquidity is strong
enough, the decrease in asset liquidity makes funding even tighter for speculators, causing a self-reinforcing liquidity spiral in which both funding liquidity
and asset liquidity continue to deteriorate. An important implication of their
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study is that these liquidity spirals affect all assets held by speculators that
face funding liquidity constraints, leading to commonality in the performance
of these assets. Discussions of the recent credit crisis emphasize the role of liquidity spirals, such as the impact of the subprime crisis on margins that led to
a sharp reduction in liquidity in many if not most asset markets by the second
half of 2008, when the clustering of hedge fund worst returns we document
is most dramatic.1 Because hedge funds are quintessential speculators of the
type envisaged by Brunnermeier and Pedersen (2009), their model can be used
to guide an investigation of contagion among hedge fund styles. Their model
predicts that shocks to asset liquidity and hedge fund funding liquidity lead
to poor performance of assets in which hedge funds are marginal investors,
and hence to hedge fund contagion. While the predictions of their model may
be most significant during a severe financial crisis like the credit crunch that
began in 2007, we study periods of coincident poor performance in hedge funds
since 1990 and show that large adverse shocks to asset and hedge fund funding
liquidity make hedge fund contagion more likely.
We use monthly hedge fund index return data from Hedge Fund Research
(HFR) for eight different hedge fund styles to investigate the existence of hedge
fund contagion. Since hedge fund returns are autocorrelated and affected by
a number of risk factors, we first filter the raw hedge fund returns using
AR(1) models augmented with factors from Fama and French (1993), Fung
and Hsieh (2004), and Agarwal and Naik (2004). We then use the residuals
(i.e., “filtered returns”) from these models in our analysis. Using the filtered
returns should strongly reduce the possibility that we attribute to contagion
clustering due to exposure to commonly known risk factors or to autocorrelation
in monthly returns, but it does so at the cost of perhaps making our analysis
too conservative. In particular, the analysis would be too conservative if the
factors themselves were affected by contagion, so that through our filtering we
eliminate part of the effect of contagion. Consistent with this concern, we find
that our results are typically stronger without the filtering.
Our first test of contagion uses the filtered data in a quantile regression
analysis. The quantile regression estimates the conditional probability that a
variable falls below a given threshold (quantile) when another random variable
is also below this same quantile. Advantages to this approach are that it puts
no distributional assumptions on the data, it may be estimated for a large range
of possible quantiles, and it allows for heteroskedasticity. Using this approach,
we show that for all quantiles below the median, the conditional probability
that a given hedge fund style’s returns will be in the same quantile as the
equally weighted average of all other hedge fund styles’ returns is much higher
than would be expected if there were no dependence, providing strong evidence
of clustering in filtered below-median returns. Strikingly, there is no evidence
of clustering for above-median returns.
Next, we implement a parametric test of contagion, a logit model that has
been previously used in the literature (see Eichengreen, Rose, and Wyplosz
1 See

Brunnermeier (2009).
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(1996), and Bae, Karolyi, and Stulz (2003)). Our analysis, which is performed
separately for each hedge fund style index, uses as the dependent variable
an indicator variable set to one if the index of interest has a return in the
bottom decile (a “worst return”) of that index’s entire time series of returns,
and zero otherwise. The key independent variable for this analysis is COUNT,
which ranges in value from zero to seven and is defined as the number of other
hedge fund styles that have worst returns in the same month. The logit results
are consistent with the quantile analysis in that the coefficients on COUNT
are positive and statistically significant for all eight hedge fund style indices.
Hence, both the semi-parametric and parametric approaches provide evidence
of clustering in worst returns that cannot be attributed to autocorrelation in
returns or to changes in factors commonly used to explain hedge fund returns,
or in other words, contagion.
The second part of the paper investigates whether shocks to asset liquidity
and hedge fund funding liquidity increase the probability of contagion. For this
investigation, we identify variables for which an extreme adverse realization
is likely associated with a tightening of asset liquidity and hedge fund funding
liquidity. We call these variables contagion channel variables. These variables
include the Chordia, Sarkar, and Subrahmanyam (2005) measure of stock market liquidity, a measure of credit spreads, the TED spread, returns to banks
and prime brokers, changes in repo volume, and flows to hedge funds. We investigate whether extreme adverse shocks to the contagion channel variables
can explain hedge fund contagion using a multinomial regression analysis.
The dependent variable is a measure of the intensity of contagion. To model
extreme adverse shocks for each of the contagion channel variables, we create
dummy variables set to one when the corresponding channel variable experiences a large adverse shock that decreases liquidity (defined as a realization
in the worst 25th percentile for that variable) and zero otherwise. Since we use
monthly data, it is not obvious how quickly shocks to contagion channel variables will be reflected in hedge fund performance. We therefore perform two
separate analyses for each of the contagion channel shock dummy variables,
one in which the shock is measured contemporaneously and one in which the
shock is lagged one month. We find that both contemporaneous and lagged
channel shock dummies are linked to high levels of contagion intensity across
hedge fund styles.
Since we show that liquidity shocks are strongly related to hedge fund contagion, our final analysis examines whether our finding of contagion could
be due to an omitted liquidity risk factor in the initial filtering regressions.
The idea of liquidity as a risk factor is consistent with work by Amihud (2002),
Pástor and Stambaugh (2003), Acharya and Pedersen (2005), and Chordia et al.
(2005). To test this idea, we add to the initial filtering process innovations to
the continuous measures of the contagion channel variables. We find that while
most of the coefficients on the innovation factors are statistically insignificant,
the coefficient on TED spread innovations is negative and significant for five of
the eight hedge fund indices, indicating that hedge fund returns are negatively
impacted by widening TED spreads. However, despite the addition of these new
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factors to the filtering process, results from the logit models (that use the residuals from this process) still provide strong evidence of contagion, and results
from the multinomial regressions still indicate a strong relationship between
shocks to liquidity and contagion, with the exception that shocks to the TED
spread have a somewhat weaker effect. Thus, while commonly used models of
hedge fund returns do not capture the exposure of hedge funds to large shocks
to liquidity, this exposure cannot be accounted for by simply adding changes in
liquidity proxies to these models.
To our knowledge, we are the first to document the existence of contagion
in hedge fund returns, after controlling for autocorrelation and common risk
factors. Additionally, we are the first to link hedge fund contagion to liquidity
shocks, and thus to provide an initial test of the Brunnermeier and Pedersen
(2009) model. In a related paper, Adrian and Brunnermeier (2009) use quantile
regressions to document the increase in a measure of the risk of financial institutions, that is, value-at-risk (VaR), conditional on other financial institutions
experiencing financial distress. They explain financial institution VaR contagion using various factors including credit spreads, repo spreads, and returns
on the main markets. In a recent paper, Dudley and Nimalendran (2009) investigate correlations among hedge fund styles conditional on extreme returns
of hedge fund styles and find support for a role for funding liquidity. Consistent
with our finding that shocks to bank stock performance increase the probability of hedge fund contagion, Chan et al. (2006) find a positive correlation
between bank returns (measured using a broad-based bank index from CRSP)
and hedge fund returns. Billio, Getmansky, and Pelizzon (2009) examine hedge
fund risk exposures in a regime switching model and show that when volatility
is high, the four strategies they examine have exposures to proxies for liquidity and credit risk, consistent with our results that shocks to credit spreads
increase the probability of hedge fund contagion. Finally, while we use index
data and find contagion across hedge fund styles, Klaus and Rzepkowski (2009)
use individual fund data and provide evidence of contagion effects within hedge
fund styles.
The paper is organized as follows. In Section I we describe the data for
the hedge fund index returns and the explanatory variables. Section II uses
monthly hedge fund indices and documents contagion within the hedge fund
sector. Section III examines possible economic explanations for hedge fund
contagion using a number of contagion channel variables. Section IV examines
the possibility that our contagion results are driven by an omitted variable. We
attempt to interpret our results and conclude in Section V.
I. Hedge Fund Data
The hedge fund style returns are the monthly style index returns provided by
HFR. The returns are equally weighted and net of fees. The indices include both
domestic and offshore funds. These data extend from January 1990 to October
2008 for a total of 226 monthly observations. There are eight single-strategy
indices: Convertible Arbitrage, Distressed Securities, Event Driven, Equity
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Hedge, Equity Market Neutral, Global Macro, Merger Arbitrage, and Relative
Value Arbitrage.2 These indices include over 1,600 funds, with no required
minimum track record or asset size. Additionally, these indices are not directly
investible; that is, they include some funds that are closed to new investors. To
address backfilling and survivorship bias, when a fund is added to an index, the
index is not recomputed with past returns of that fund. Similarly, when a fund
is dropped from an index, past returns of the index are left unchanged. We use
the HFR database for the analyses we report in the paper, but we also repeat
all our tests using the Credit Suisse/Tremont indices, since recent research
suggests that funds sometimes migrate from one database to another and that
no database provides comprehensive coverage of all funds.3 Results using the
latter indices are reported in the Internet Appendix.4
II. Tests for Contagion Using HFR Index Data
A. Filtering the Index Data
A preliminary review of the raw hedge fund index data in the Internet Appendix indicates relatively high positive correlations among hedge fund styles,
significant autocorrelation within hedge fund styles, and significantly nonnormal returns. For example, simple correlations range from a low of 0.27
between Convertible Arbitrage and Global Macro indices to a high of 0.83 between Distressed and Event Driven. In addition, the correlations between the
hedge fund indices and the Russell 3000 index are also high, ranging from 0.32
for Equity Market Neutral to 0.75 for Equity Hedge. Ljung-Box autocorrelation tests reject the null hypothesis of no autocorrelation for up to six lags at
the 1% level for all indices except Merger Arbitrage, which is significant at
the 2% level. Finally, Jarque-Bera tests indicate that for all indices the null
hypothesis of normally distributed returns is rejected at the 1% significance
level.
To control for the exposure to common risk factors, we regress the returns
of each style individually on a number of variables. We use these factors here
so that in later tests we do not mistakenly attribute to contagion correlations in returns that are related to common risk factors, consistent with our
definition of contagion as correlation over and above that expected based on
economic fundamentals. To control for broad market exposure, we use three
market factors: an equity market index (the Russell 3000), a broad-based bond
index (the Lehman Brothers bond index), and a broad currency index (the
change in the trade-weighted U.S. dollar exchange rate index published by
the Board of Governors of the U.S. Federal Reserve System), as well as the
return on the 3-month T-bill. We include the monthly change in the 10-year
constant maturity Treasury yield and the change in the monthly spread of
2 See

www.hedgefundresearch.com for definitions of each style category.
Fung and Hsieh (2009).
4 An Internet Appendix for this article is available online in the “Supplements and Datasets”
section at http://www.afajof.org/supplements.asp.
3 See
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Moody’s Baa yield over the 10-year constant maturity Treasury yield, based on
Fama and French (1993) and Fung and Hsieh (2004). We also use ABS (assetbased strategy) factors and a size spread factor (Wilshire Small Cap 1750
monthly return minus Wilshire Large Cap 750 monthly return), both from
Fung and Hsieh (2004).5 The ABS factors are lookback straddles on bonds,
currencies, commodities, short-term interest rates, and equities. We also include the negative portion of the S&P 500 to proxy for a put option, based
on Agarwal and Naik (2004). We received the ABS factors from William Fung
and David Hsieh; all other factors are from Thomson Datastream. Finally, we
use an AR(1) term in each model to control for autocorrelation. The residuals from these filtering models are then used in our analyses. The regression
results (see the Internet Appendix) indicate that the explanatory variables
are relevant in explaining the performance of hedge funds, with adjustedR2 values ranging from 0.23 for Equity Market Neutral to 0.79 for Event
Driven.
Table I presents summary statistics, autocorrelations, and normality tests
for the filtered residuals. Comparing these results to the raw data, there is a
significant decrease in correlations among hedge fund indices. The correlations
between filtered hedge fund indices and the filtered Russell 3000 index also
drop dramatically. Finally, autocorrelation has been reduced greatly as only
three of the eight indices exhibit significant autocorrelation, as compared to
seven out of eight for raw returns.
B. Contagion Tests Using Quantile Regressions
We next investigate whether hedge fund indices exhibit excess correlations
in the tails of the distributions, using the filtered index data. We use two
different approaches for the investigation. The first approach uses quantile
regressions, which make it possible to estimate the probability of a given hedge
fund return conditional on the performance of all other hedge fund indices. The
second approach uses logit regressions. The two approaches provide consistent
results.
Based on a quantile regression approach, we show visually the existence of
contagion among hedge fund styles using a so-called “co-movement box” as in
Cappiello, Gérard, and Manganelli (2005).6 The quantile regression estimates
the conditional probability that a random variable yt falls below a given quantile qY,θ conditional on a different random variable xt also falling below the
same quantile qX,θ . In an unconditional setting the probability Pr(yt ≤ qY,θ )
is by definition equal to θ , but the conditional probability is different from
θ when the two variables are not independent. Other financial studies using
the quantile regression approach include Koenker and Bassett (1978), Engle
5 See, for example, Fung and Hsieh (1997, 1999, 2001, 2004), Ackermann, McEnally, and Ravenscraft (1999), Liang (2004), Mitchell and Pulvino (2001), and Agarwal and Naik (2004).
6 Much of the following description of the model follows Cappiello et al. (2005). For further detail
on quantile regressions and the co-movement box, see Cappiello et al. (2005).

Table I

Convertible arbitrage
Distressed securities
Event driven
Equity hedge
Equity market neutral
Merger arbitrage
Global macro
Relative value
Russell 3000 return
Return on LB bond Index
 in FRB Dollar Index

Median
Standard deviation
Skewness
Excess kurtosis

0.30∗
1.00

−0.047
0.953
0.330
2.336

−0.040
0.906
−0.994
8.956

1.00

Distressed
Securities

Convertible
Arbitrage

Equity
Hedge

Equity
Market
Neutral
Merger
Arbitrage

−0.002
1.268
−0.098
3.842
0.006
0.785
0.019
0.319

0.057
0.827
−1.219
5.025

0.31∗
0.54
1.00

0.25∗
0.27∗
0.34∗
1.00

0.15∗
0.19∗
0.20∗
0.35∗
1.00

0.27∗
0.33∗
0.49∗
0.00
0.16∗
1.00

Panel B: Simple Correlations

0.022
0.874
0.214
1.401

Panel A: Summary Statistics

Event
Driven

HFR Hedge Fund Indices

0.05
0.27∗
0.40∗
0.43∗
0.14∗
0.08
1.00

0.010
1.750
0.120
0.571

Global
Macro

0.49∗
0.49∗
0.40∗
0.31∗
0.25∗
0.26∗
0.14∗
1.00

−0.024
0.806
0.434
4.983

Relative
Value

0.00
0.00
0.00
0.01
0.00
−0.01
0.00
0.00
1.00

0.537
4.220
−0.757
1.730

Russell
3000
Index

−0.03
−0.01
−0.01
0.02
−0.01
−0.03
0.01
−0.02
0.16∗
1.00

0.098
1.006
−0.445
0.650

Return on
LB bond
Index

(continued)

−0.03
−0.01
0.00
0.01
0.00
0.01
−0.01
−0.03
0.15∗
0.22∗
1.00

0.020
1.002
−0.468
0.917

 in FRB
Dollar
Index

Main Market Factors

Summary statistics for monthly data on filtered returns for eight HFR monthly hedge fund indices and three market factors used in the paper
are reported below. The indices include Convertible Arbitrage, Distressed Securities, Event Driven, Equity Hedge, Equity Market Neutral, Merger
Arbitrage, Global Macro, and Relative Value and are described more fully in Section II. The market factors are from Datastream and include the
return on the Russell 3000 Index, the change in the Federal Reserve Bank competitiveness-weighted dollar index (the FRB Dollar Index), and the
return on the Lehman Brothers U.S. Bond Index. The number of observations is 224. Correlations between the variables, the autocorrelations, as
well as Jarque-Bera test statistics for normality are reported below the summary statistics. A ∗ indicates significance at the 5% level.

Summary Statistics of Filtered Monthly Returns on HFR Indices and Market Factors:
January 1990 to October 2008
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Jarque-Bera Test
p-value

Ljung-Box test (1–6)
p-value

Event
Driven

Equity
Hedge

Equity
Market
Neutral
Merger
Arbitrage

Global
Macro

15.3∗
0.02

51.6∗
0.00

747.8∗
0.00

4.8
0.57

16.7∗
0.01
3.2
0.79

18.5∗
0.00

130.2∗
0.00
0.8
0.68

277.6∗
0.00

Panel D: Jarque Bera Normality Test

8.8
0.19

3.2
0.20

16.3∗
0.01

Panel C: Autocorrelation Test for Significance at Six Lags

Distressed
Securities

6.7
0.35

Convertible
Arbitrage

HFR Hedge Fund Indices

Table I—Continued

226.1∗
0.00

7.5
0.28

Relative
Value

–
–

–
–

Russell
3000
Index

–
–

–
–

Return on
LB bond
Index

–
–

–
–

 in FRB
Dollar
Index

Main Market Factors
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and Manganelli (2004), and Adrian and Brunnermeier (2009). The conditional
probability is easily estimated through an OLS regression using quantile coexceedance indicators.7 Advantages to this semi-parametric methodology are
that OLS estimates are consistent and that no distributional assumptions need
be imposed on the data, which allows for heteroskedasticity.
The estimated co-dependence is plotted in a co-movement box, which is a
square of unit side where the conditional probabilities are plotted against quantiles. When the plot of the conditional probability lies above (below) the 45◦ line,
which represents the unconditional probability of no dependence between the
variables, there is evidence of positive (negative) conditional co-movement between xt and yt . In our analysis, yt represents the return on an individual hedge
fund index, while xt is the equally weighted average return on all other hedge
fund indices. Results from the analysis are presented in Figure 1. To construct
the figure, we calculate the probabilities at the 1st and 99th quantiles, as well
as for 5% increments between the 5th and 95th quantiles. These results provide
strong evidence that the conditional probability of a hedge fund index having a
return in any quantile below the 50th percentile is increased significantly when
the equally weighted index of other hedge fund returns is also below the same
quantile. For example, at the 10th quantile, the Event Driven index has about
a 55% probability of being in the 10th quantile when the equally weighted
index of other hedge fund styles is also in the 10th quantile, compared to an
unconditional probability of 10% if there were no dependence.
Importantly, this conditional probability for quantile returns above the 50th
percentile is close to (and often lower than) the unconditional probability of
no dependence. The co-movement box thus illustrates an asymmetry in the
data: when returns are low, dependence among hedge fund indices increases
but there is no corresponding increase when returns are high. Although the
results hold for all indices, they are strongest for the Equity Hedge and Event
Driven styles and weakest for the Equity Market Neutral style.
These results provide preliminary evidence of contagion among poor returns
in hedge fund indices. However, it is difficult to interpret the statistical significance of this analysis. We next perform logit analyses to further test for
contagion in the sense that we directly estimate the probability of an extreme
return in a hedge fund style conditional on whether other hedge fund styles
experience extreme returns.
C. Contagion Tests Using a Logit Model
For the logit model tests of contagion, we use a lower 10% cutoff of the
overall distribution of returns to identify worst returns among hedge fund
styles (i.e., returns that are in the bottom decile of all returns for an index’s
entire time series). Since there are 224 observations for each style, we have 23
worst returns for each style. A 5% cutoff gives only 11 observations, too few for a
7 Co-exceedance

quantile).

occurs when both random variables exceed a pre-specified threshold (i.e.,
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Figure 1. Co-movement box: Relationship between individual hedge fund index performance and average of all other hedge fund indices. The estimated co-dependence between
the return on an individual hedge fund index and the equally weighted average return on all other
hedge fund indices is estimated using a quantile regression approach, and the results are plotted
in a co-movement box. This box is a square of unit side that plots the conditional probability that
a hedge fund index has a return below or above a certain percentile conditional on the same event
occurring in an equally weighted average of all other hedge funds. This plot of conditional probability is graphed for each index at 5th percentile increments. When the plot of the conditional
probability lies above (below) the 45◦ line, which represents the unconditional probability of no
dependence between the variables, there is evidence of positive (negative) co-movement between
the two variables.

meaningful analysis, but the results from Figure 1 indicate that there is nothing
special about the 10% cutoff in that we find strong evidence of clustering for all
quantiles below the median. The logit model is a parametric test that addresses
the issue of contagion by estimating whether a given hedge fund style is more
likely to have a worst return when other styles also have worst returns. Logit
models have been used extensively in the contagion literature (see, for instance,
Eichengreen et al. (1996), and Bae et al. (2003)).
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Table II

Contagion Tests Using Filtered Return Data
The event of a worst return in each hedge fund style is separately modeled as the outcome of a
binary variable and estimated as a logit regression. The independent variable is COUNT, which
takes a value from zero to seven and is the number of other hedge fund indices that also have
worst returns for the month. Below the coefficients are the t-statistics in parentheses. R2 MAX is
the scaled coefficient of determination suggested by Nagelkerke (1991). Coefficients with ∗∗∗ , ∗∗ ,
and ∗ are statistically significant at the 1%, 5%, and 10% levels, respectively.

Convertible Distressed
Arbitrage Securities

Event
Driven

Equity
Hedge

Equity
Market Merger
Neutral Arbitrage

Global
Macro

Constant −2.62∗∗∗ −2.97∗∗∗ −3.07∗∗∗ −2.96∗∗∗ −2.62∗∗∗ −2.83∗∗∗ −2.51∗∗∗
(−7.73)
(−7.91)
(−7.16) (−5.82) (−8.47) (−7.16) (−6.64)
Other hedge fund index indicator variable
0.73∗∗∗
0.81∗∗∗
COUNT
0.46∗∗∗
(2.70)
(3.82)
(3.71)

0.73∗∗∗
(2.78)

R2 MAX

16.4

7.7

18.1

20.3

0.45∗∗∗
(2.94)
8.0

0.63∗∗∗
(3.19)
13.8

0.36∗
(1.86)
4.5

Relative
Value
−3.01∗∗∗
(−8.90)
0.77∗∗∗
(4.45)
20.5

The dependent variable is an indicator variable set to one if the hedge fund
index under study has a filtered return in the bottom decile of all returns for
that index and zero otherwise. To measure the extent of clustering of worst returns, we add the variable COUNT, which is equal to the number of hedge fund
styles—other than the style whose performance is under study—that have a
worst return in the same month. A positive and significant coefficient on this
variable indicates that worst returns for a particular style cluster with worst
returns in the other styles. Results are presented in Table II.8 The coefficients
on COUNT are always positive and statistically significant, providing strong
evidence that returns cluster across hedge fund styles. These results are consistent with the co-movement box from Figure 1.9 In reaching this result, we
attempt to explain hedge fund style worst returns using a large number of
factors from the literature and controlling for autocorrelation in hedge fund
returns, yet these factors do not explain the clustering we observe. As a result,
we believe this clustering can be referred to as contagion, where contagion is
8 We relax the distributional assumptions underlying the logit models and allow for overdispersion by adjusting the standard errors when estimating the regressions.
9 As a robustness check, we also perform an analysis that includes as an independent variable
the 10% winsorized equally weighted return on all other hedge fund indices except the index
under study. We also include indicator variables based on the main market variables from the
filtering exercise (stocks, bonds, and currencies) that are set to one if the main market variable
has a 10% negative tail return, and we include measures of volatility from the main markets since
prior literature suggests that volatility itself may be related to clustering. Coefficients on the main
market indicator variables are not consistent in sign or significance, indicating no evidence of
contagion from main markets to hedge funds. Also, coefficients on the volatility variables and the
equally weighted hedge fund variable are rarely significant. Most important, seven of the eight
coefficients on the COUNT variable remain positive and statistically significant at the 5% level.
These results are available in the Internet Appendix.
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defined as in Bekaert et al. (2005) as correlation over and above what one would
expect based on fundamentals.
We also perform a test to assess the economic significance of our results in
Table II. For each of the eight styles, we calculate the probability of observing an extreme negative return conditional on the various realizations of the
COUNT variable (zero to seven) using the estimated coefficients from the logit
regression analyses. The results indicate that when COUNT is set to zero, the
average probability across the eight hedge fund styles of a worst return is about
6%. However, when COUNT is set to seven, the probability of a worst return
averaged across hedge fund styles increases dramatically to above 70%.
Since we use hedge fund index data, one concern is that hedge funds might
be misclassified in the indices. In this case, we could find that performance of
indices is similar because some hedge funds pursue the same strategies even
though they are classified into different styles. However, while this explanation
could lead to an increase in return correlations across hedge fund indices,
there is no reason to believe that this problem would cause contagion of worst
returns. As a robustness test, we repeat all our analyses using the Credit
Suisse/Tremont hedge fund indices.10 The results are consistent with those
obtained using the HFR database. Hence, we reject this explanation.
III. Channels of Hedge Fund Contagion
Figure 2 shows COUNT8, the number of hedge fund styles per month that
have simultaneous worst returns over our sample period, using both the raw
and the filtered return data. The figure has two striking features. First, the extent of clustering in worst returns during the recent financial crisis is dramatic.
Second, the risk factors used in the filtering process explain some of the clustering. The extent of clustering in the recent financial crisis does not explain our
results since we presented similar results in the first draft of this paper despite
including hedge fund returns up to 2007 only. Besides the most recent crisis,
the next two most important episodes of clustering in the figure are August
1998 (the Long Term Capital Management crisis) and April 2005 (the month
immediately before Ford and GM lost their investment grade ratings).
To put the magnitude of the clustering of filtered returns into perspective,
we conduct a Monte Carlo analysis using the correlations estimated from days
without clustering and drawing 1,000 independent multivariate normal samples of eight series of 224 observations.11 Based on these simulations, we find
that our sample exhibits more clustering than we would expect, particularly
for larger values of COUNT8. Specifically, while we observe 20, 7, 6, 5, and 2
10 The Credit Suisse/Tremont index family does not contain a separate relative value strategy.
Further, the Credit Suisse/Tremont indices only date back to 1994 and are value-weighted. We
therefore restrict this analysis to seven hedge fund styles and the period January 1994 to October
2008. Summary statistics and logit results from the Credit Suisse/Tremont index analysis are
presented in the Internet Appendix.
11 We recognize that our return series are not normally distributed. Our results should thus be
interpreted with this in mind.

Figure 2. Number of hedge funds experiencing worst returns based on raw and filtered data.
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incidents with COUNT8 equal to or larger than three, four, five, six, or seven,
respectively, the Monte Carlo analysis indicates that we should expect to find
15.9, 4.6, 1.1, 0.2, and 0 incidents, respectively.
We are interested in identifying factors that explain the contagion we observe. Brunnermeier and Pedersen (2009) provide a theoretical framework
from which to conduct our investigation. They argue that speculators, notably
hedge funds, help smooth price fluctuations in markets that are caused by
order imbalances across buyers and sellers by providing liquidity. In order to
provide liquidity, speculators must finance their trades through collateralized
borrowing from financiers, including commercial and investment banks. As a
result, speculators can face funding liquidity constraints, either through higher
margins, a decline in the value of the assets they hold, or both. For example, in
the case of a liquidity shock, a financier may raise its margin rate, forcing the
speculator to delever in a time of crisis, reducing prices and market liquidity
even further (a margin liquidity spiral).12 Concurrently, any large positions
that the speculator holds will lose value, which can lead to margin calls at
the now higher margin rate, causing further delevering in a weak market (a
loss liquidity spiral). As a result, both funding liquidity and asset liquidity are
diminished.
One implication of Brunnermeier and Pedersen (2009) is that liquidity has
commonality across securities because shocks to funding liquidity (capital constraints) affect all securities in which speculators are marginal investors.13
Empirically, there is support for the hypothesis that there is commonality in
liquidity: Chordia et al. (2005) document commonality in stock and bond market liquidity; Acharya, Schaefer, and Zhang (2008) document an increase in
co-movement in CDS spreads during the GM/Ford downgrade period when
dealers faced liquidity shocks; and Coughenour and Saad (2004) show that
commonality in liquidity across stocks is higher for stocks handled by NYSE
specialist firms that face funding constraints. Another implication is that since
most market makers have net long positions, liquidity will tend to dry up most
quickly when markets perform poorly, and will have a stronger relationship
with asset prices during these times than during normal times.
To test the predictions of Brunnermeier and Pedersen (2009) for hedge fund
contagion, we identify seven contagion channel variables, that is, variables
whose extreme adverse realizations are associated with a tightening of asset
and hedge fund funding liquidity, and then test whether large adverse shocks
to these variables can explain the hedge fund contagion we document. These
variables include the Baa–10-year Treasury constant maturity yield spread
(CRSPRD), the Treasury–Eurodollar (TEDSPRD) spread, the difference between overnight repo and reverse overnight repo volume (REPO), the liquidity
12 Brunnermeier and Pedersen (2009) note that the liquidity shock could be caused by a shock
to liquidity demand, fundamentals, or volatility.
13 In addition, a large literature shows that shocks to liquidity and liquidity risk affect asset
returns and that there is co-movement in liquidity and liquidity risk across asset classes (e.g.,
Amihud and Mendelson (1986), Amihud (2002), Pástor and Stambaugh (2003), Chordia et al.
(2005), and Acharya and Pedersen (2005)).
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measure of Chordia et al. (2005) (STKLIQ), a stock index for commercial banks
(BANK), a stock index for prime brokers (PBI) and, finally, hedge fund redemptions (FLOW). The construction of these variables, their foundation in
the literature, and their relationship to liquidity is detailed in Table III.
Table IV presents summary statistics for the liquidity proxies. For all variables, the number of observations is the same as for the hedge fund indices (with
the exception of the percent change in repo volume, which is only available
since August 1994 for 171 unfiltered or 169 filtered observations). To remove
autocorrelation, each contagion channel variable is filtered using a univariate
AR(1) model. The correlations between the variables are positive and significant among CRSPRD, TEDSPRD, and STKLIQ and between PBI and BANK.
The high correlation between PBI and BANK is not too surprising, since the
firms in these indices are all in the financial services industry. Correlations
among the other variables are generally insignificant and the signs vary.
Also calculated, and reported in the Internet Appendix, are correlations
between each of the hedge fund indices’ filtered returns and the contagion
channel variables. As would be expected, the correlations between TEDSPRD,
CRSPRD, FLOW, and STKLIQ and hedge fund returns are generally negative,
although fairly small and typically statistically insignificant. Similarly, the correlations between PBI, BANK, and REPO and hedge fund indices are generally positive. The correlations are never statistically significant for BANK and
REPO, and are rarely significant for PBI. The correlation results using lagged
realizations of the contagion channel variables are weaker for most measures,
with the exception that the correlations between lagged BANK and the hedge
fund indices are somewhat stronger.
To test whether large adverse shocks to liquidity can help explain hedge
fund contagion, we create indicator variables for each of the seven contagion
channel variables. These indicators are set to one if the contagion channel
variable has a realization in its lowest (highest) quartile over the time series
and zero otherwise for variables that are positively (negatively) related to liquidity shocks. To distinguish these variables from their continuous measures,
we add the prefix “IND” (for indicator) to each. Hence, INDPBI, INDFLOWt,
INDFLOWt+1 , INDBANK, and INDREPO are set to one if the changes in their
corresponding contagion channel variables are in the bottom 25% of all respective values, and INDSTKLIQ, INDCRSPRD, and INDTEDSPRD are set to one
if the realizations are in the top 25% of all respective values.
To perform this analysis, we create a categorical dependent variable OCCUR
that indicates the severity of contagion, estimate a multinomial logistic regression model following Bae et al. (2003), and then calculate the likelihood of
observing each category of OCCUR.14 We set OCCURt equal to zero in a given
month t, which we call “base case” or “no” contagion, if zero or one hedge fund
style indices have a worst return during the month; equal to one, which we call
“low” contagion, if two or three hedge fund style indices have worst returns
14 For

a general exposition on multinomial logistic regression models see, for example, Maddala
(1986) or Hosmer and Lemeshow (1989).
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Table III

Contagion Channel Variables
This table presents details on the contagion channel variables from Section III.

Variable and Source

Basis for Inclusion

Prior Literature Using
This Variable

Relationship
with
Liquidity

CRSPRD: Change in
Baa-10-year Constant
Maturity Treasury
credit spread from the
Federal Reserve
Board’s website.

Increased spreads imply
higher borrowing costs
and/or counterparty
risk.

Longstaff, Mithal, and
Neis (2005),
Dick-Nielsen,
Feldhütter, and Lando
(2009)

Inverse

TEDSPRD: Change in
Treasury-Eurodollar
(TED) spread from the
Federal Reserve
Board’s website.

Increased spreads imply
higher borrowing costs
and/or higher credit
risk.

Gupta and
Subrahmanyam (2000),
Campbell and Taksler
(2003), Taylor and
Williams (2009)

Inverse

REPO: Change in the
difference between
overnight repurchase
and reverse repurchase
volume since 1994,
constructed using
weekly data from John
Kambhu and Tobias
Adrian of the Federal
Reserve Bank of New
York.

Reduced volume indicates
tighter availability of
funding liquidity and
low repo volume is
related to hedge fund
distress.
Net repo volume is
related to dealer
leverage.

Kambhu (2006)

Direct

Adrian and Fleming
(2005)

Direct

STKLIQ: Change in
average round-trip cost
of a trade on the NYSE
within a month;
calculated as the
monthly average of
daily changes of the
NYSE stock market
liquidity after
removing deterministic
day-of-the-week effects
and effects related to
changes in tick size.
The daily changes are
calculated from daily
cross-sectional
value-weighted
averages of individual
stock proportional
bid-ask spreads.

Higher trading costs
imply lower liquidity.
Other common
liquidity measures
include Amihud (2002),
Pástor and Stambaugh
(2003), and Acharya
and Pedersen (2005);
we choose the measure
based on recent work
by Goyenko, Holden,
and Trzcinka (2009)
suggesting that bid-ask
spreads are the most
appropriate measure of
liquidity.

Chordia et al. (2005),
Goyenko et al. (2009)

Inverse

(continued)
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Table III—Continued

Variable and Source

Basis for Inclusion

Prior Literature Using
This Variable

Relationship
with
Liquidity

BANK: Monthly change
in the equally weighted
stock price index of
large commercial banks
from Datastream.

Shocks that decrease the
financial strength of
hedge fund
intermediaries could be
transmitted to hedge
funds through
increased margin
requirements as they
curtail their lending.

Chan, et al. (2006)

Direct

PBI: Monthly change in
the equally weighted
stock price index of
prime broker firms
including Goldman
Sachs, Morgan Stanley,
Bear Stearns, UBS AG,
Bank of America,
Citigroup, Merrill
Lynch, Lehman
Brothers, Credit
Suisse, Deutsche Bank,
and Bank of New York
Mellon, adjusted for
mergers and including
bankruptcy returns.
Data are from CRSP.

Shocks that decrease the
financial strength of
hedge fund
intermediaries could be
transmitted to hedge
funds through
increased margin
requirements as they
curtail their lending.

N/A

Direct

FLOW: Monthly change
in hedge fund outflows
as a percentage of
assets under
management calculated
from individual hedge
fund data from Lipper
TASS and matched to
HFR index data based
on style description. We
use both
contemporaneous
FLOW t and
one-month-ahead
FLOW t+1 since many
hedge funds have
redemption notice
periods.

Redemption requests
force hedge funds to
liquidate more assets
than required to meet
redemptions if they are
levered, and make it
harder for hedge funds
to borrow. Redemption
requests may come
about from poor
performance, shifts in
sentiment, or other
reasons. An alternative
to accepting
redemption requests is
to put up redemption
gates, which are
unpopular.

N/A

Direct

Table IV

Baa-10y Treasury CMT Spread
TED spread
CSS liquidity measure
Repo Volume
Contemporaneous Hedge fund flows
Bank index
Prime broker index

Median
Standard deviation
Skewness
Excess kurtosis

1.00

0.00
0.18
1.67
11.53

Baa-10-year
CMT
Spread

CSS
Liquidity
Measure

−0.16
0.76
2.38
9.32

0.27∗
1.00

0.37∗
0.26∗
1.00

Panel B: Correlations

−0.61
10.70
1.84
10.29

Panel A: Summary Statistics

TED
Spread

−0.06
0.00
−0.10
1.00

−0.05
4.29
0.26
0.61

Repo
Volume

−0.19∗
−0.11
−0.12
0.02
1.00

−0.02
2.19
−0.11
16.11

Contemporaneous
Hedge Fund
Flows

−0.15∗
−0.04
−0.31∗
0.01
0.06
1.00

0.08
6.02
−0.54
2.03

Bank
Index

(continued)

−0.32∗
−0.13∗
−0.43∗
0.02
0.05
0.78∗
1.00

−0.14
7.37
−0.19
1.46

Prime
Broker
Index

Summary statistics for monthly data on seven contagion channel variables are described below. The variables include: the monthly percent change
in the Baa-10-year CMT spread, the monthly percent change in the Treasury-Eurodollar (TED) spread, the monthly percent change in the Chordia et
al. (2005) liquidity measure, the monthly percent change in repo volume, the monthly percent change in hedge fund flows as a percentage of assets
(contemporaneous), the monthly returns from the Datastream Bank Index, and the monthly returns from the Prime Broker Index. The liquidity
variables are filtered using an AR(1) approach. Further description of these variables is in Section III. The number of filtered observations is 224,
except for repo volume, which is only available as of January 1994 and has 169 observations. Correlations between the variables are reported below
the summary statistics. A ∗ indicates significance at the 5% level.

Summary Statistics for Filtered Contagion Channel Variables: January 1990 to October 2008
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Jarque-Bera test
p-value

Ljung-Box test (1–6)
p-value

1,283.3∗
0.00

5.0
0.54

Baa-10-year
CMT
Spread

CSS
Liquidity
Measure
Repo
Volume

14.0∗
0.03

13.7∗
0.03

1,064.4∗
0.00

978.9∗
0.00

4.1
0.13

Panel D: Jarque-Bera Normality Test

35.6∗
0.00

2,307.6∗
0.00

10.5
0.11

Contemporaneous
Hedge Fund
Flows

Panel C: Autocorrelation Test for Significance at Six Lags

TED
Spread

Table IV—Continued

46.5∗
0.00

4.6
0.59

Bank
Index

19.5∗
0.00

5.2
0.52

Prime
Broker
Index

Hedge Fund Contagion and Liquidity Shocks
1807

1808

The Journal of FinanceR

during the month; and equal to two, which we call “high” contagion, if four or
more hedge fund style indices have worst returns during the month.
Since contemporaneous as well as lagged liquidity shocks could affect hedge
fund returns, we investigate these effects in two separate tables. Regressions
are performed separately for each contagion channel variable, for a total of
seven regressions for each of the contemporaneous and lagged analyses. The
seven regressions in Table V include the relevant continuous contemporaneous contagion channel variables, winsorized at the 25th percentile lower tail
to avoid double counting extreme realizations, and the relevant contemporaneous measures of the channel indicator variable (for hedge fund flows, we
include both INDFLOWt and INDFLOWt+1 , since, as we argued earlier, flows
in the subsequent period are likely related to a tightening of funding liquidity
in the current period). The seven regressions in Table VI are identical to the
regressions in Table V except these regressions use the one-month lagged measure of the channel indicator variable instead of the contemporaneous measure
(for the flow proxy, we include both INDFLOWt−1 and INDFLOWt ). While we
would prefer using decile realizations of these variables, using decile indicator
variables in the multivariate setting creates quasi-complete separation problems in the regressions, so we resort to using quartiles. Finding a positive and
significant coefficient on a contagion channel indicator variable means that
the variable is associated with an increased probability that hedge fund worst
returns exhibit contagion relative to the base case.
The multinomial logistic approach simultaneously estimates the parameters
of the model for the low and high contagion categories of OCCURt relative to
the base case. The results in Table V provide evidence that several of the indicator variables are related to high levels of contagion. Specifically, the credit
spread indicator variable (INDCRSPRDt ), the TED spread indicator variable
(INDTEDSPRDt ), the contemporaneous and leading hedge fund flows indicator
variables (INDFLOWt+1 and INDFLOWt ), and the bank index indicator variable (INDBANKt ) all have positive and statistically significant coefficients for
high realizations of the dependent variable, while the TED spread indicator
variable (INDTEDSPRDt ) and the contemporaneous hedge fund flows indicator variable (INDFLOWt ) both have positive and significant coefficients for the
low realizations of the dependent variable.
To understand the economic significance of these results, we perform the
following analysis for each of the seven regression specifications (one for each
contagion channel). We set the continuous contemporaneous contagion channel
variable to its time-series mean and calculate the probability associated with
each of the three possible realizations of OCCURt (zero, one, or two representing no, low, or high contagion) conditional on the contagion channel indicator
variable taking on either zero or one. We then calculate the change in the probability of each realization of OCCURt when the contagion channel indicator
variable changes from zero to one. For the above results that are statistically
significant, the economic significance is as follows. A shock to the credit spread
increases the probability of a high realization of OCCURt from 1% to an impressive 15%. While a shock to the TED spread increases the probability of

Hedge Fund Contagion and Liquidity Shocks

1809

Table V

Liquidity Shocks and Hedge Fund Contagion, Contemporaneous
Contagion Channel Variables
The co-occurrence of worst returns in hedge fund style indices is modeled as the outcome of a
variable (OCCURt ) that takes the value of zero if zero or one hedge fund indices have a worst
return during a given month (base case), one if two or three hedge fund indices have a worst return
during a given month (low), and two if four or more hedge fund indices have a worst return in
a given month (high), and is estimated as a multinomial logistic regression. A monthly return
is classified as a “worst return” if it belongs to the bottom 10% of all returns of that style. The
regressions also include the continuous contagion channel variables (winsorized at the 25th percentile) and indicator variables corresponding to contemporaneous negative quartile realizations
of the contagion channel variables. The contagion channel variables and their corresponding indicator variables include: the change in the Baa-10-year CMT Credit Spread (CRSPRD), the change
in the Treasury-Eurodollar spread (TEDSPRD), the change in the Chordia et al. (2005) Liquidity Measure (STKLIQ), the change in Repo Volume (REPO), flows from other hedge funds, both
contemporaneous and one month in the future (FLOW), the monthly change in the Datastream
Bank Index (BANK), and the monthly change in the Prime Broker Index (PBI). The t-statistics
are shown below the coefficients in parentheses. The pseudo R2 is McFadden’s likelihood ratio
index. Coefficients with ∗∗∗ , ∗∗ , and ∗ are statistically significant at the 1%, 5%, and 10% levels,
respectively.
Dependent Variable: OCCUR

Constant
(LOW)
Constant
(HIGH)

Channel
Variable =
CRSPRD

Channel
Variable =
TEDSPRD

Channel
Variable =
STKLIQ

Channel
Variable =
REPO

Channel
Variable =
FLOW

Channel
Channel
Variable = Variable =
BANK
PBI

−1.66∗∗∗
(−9.40)
−4.89∗∗∗
(−6.79)

−1.99∗∗∗
(−10.10)
−3.91∗∗∗
(−7.93)

−1.70∗∗∗
(−7.64)
−3.14∗∗∗
(−6.51)

−1.72∗∗∗
(−8.18)
−3.01∗∗∗
(−7.92)

−1.95∗∗∗
(−10.91)
−4.53∗∗∗
(−8.04)

−1.86∗∗∗
(−9.30)
−3.99∗∗∗
(−7.76)

−1.88∗∗∗
(−9.65)
−3.60∗∗∗
(−8.23)

0.07∗
(1.88)

0.05
(1.65)

0.18∗∗∗
(2.55)

0.02
(0.26)

0.36
(0.88)
1.49∗
(1.66)

0.48
(1.26)
0.99
(1.29)

4.4

2.4

Winsorized Continuous Channel Variables
Cont. Chan.
−0.33
Winsorized (−0.24)
variablet
(LOW)
Cont. Chan.
−5.72∗∗
Winsorized (−1.96)
variablet
(HIGH)

−0.04
(−1.57)

−0.11
(−0.22)

−0.07
(−1.11)

0.09
(1.21)

−0.01
(−0.21)

1.62
(1.04)

−0.03
(−0.26)

−0.07
(−0.20)

Indicator Variables
Indicatort+1
(LOW)
Indicatort+1
(HIGH)
Indicatort
(LOW)
Indicatort
(HIGH)
Pseudo R2

−0.15
(−0.41)
3.10∗∗∗
(3.33)
8.2

0.83∗∗
(2.31)
1.64∗∗
(2.10)
5.9

−0.01
(−0.02)
0.18
(0.23)

−0.50
(−1.02)
−0.69
(−0.72)

1.7

1.4

0.23
(0.77)
1.06∗
(1.90)
0.68∗∗
(2.10)
1.86∗∗∗
(2.43)
11.4
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Table VI

Liquidity Shocks and Hedge Fund Contagion, Lagged Contagion
Channel Variables
The co-occurrence of worst returns in hedge fund style indices is modeled as the outcome of a
variable (OCCURt ) that takes the value of zero if zero or one hedge fund indices have a worst
return during a given month (base case), one if two or three hedge fund indices have a worst
return during a given month (low), and two if four or more hedge fund indices have a worst
return in a given month (high), and is estimated as a multinomial logistic regression. A monthly
return is classified as a “worst return” if it belongs to the bottom 10% of all returns of that style.
The regressions also include the continuous contagion channel variables (winsorized at the 25th
percentile) and indicator variables corresponding to lagged negative quartile realizations of the
contagion channel variables. The contagion channel variables and their corresponding indicator
variables include: the change in the Baa-10-year CMT Credit Spread (CRSPRD), the change in the
Treasury-Eurodollar spread (TEDSPRD), the change in the Chordia et al. (2005) Liquidity Measure
(STKLIQ), changes in Repo Volume (REPO), flows from other hedge funds both contemporaneous
and one month in the future (FLOW), the monthly change in the Datastream Bank Index (BANK),
and the monthly change in the Prime Broker Index (PBI). The t-statistics are shown below the
coefficients in parentheses. The pseudo R2 is McFadden’s likelihood ratio index. Coefficients with
∗∗∗ , ∗∗ , and ∗ are statistically significant at the 1%, 5%, and 10% levels, respectively.
Dependent Variable: OCCURt

Constant
(LOW)
Constant
(HIGH)

Channel
Channel
Channel
Channel
Channel
Channel
Variable = Variable = Variable = Variable = Variable = Variable =
CRSPRD TEDSPRD STKLIQ
REPO
FLOW
BANK

Channel
Variable =
PBI

−1.56∗∗∗
−1.96∗∗∗ −1.63∗∗∗
(−10.27)
(−11.68)
(−9.73)
−3.26∗∗∗
−3.33∗∗∗ −3.64∗∗∗
(−9.93)
(−10.44)
(−8.49)

−1.85∗∗∗
(−11.08)
−3.83∗∗∗
(−9.04)

−1.91∗∗∗
−1.85∗∗∗
−2.02∗∗∗
(−9.62)
(−10.60)
(−11.09)
−3.60∗∗∗
−4.28∗∗∗
−3.72∗∗∗
(−8.24)
(−7.91)
(−9.38)

Winsorized Continuous Channel Variables
Cont. Chan.
−1.21
Winsorized (−1.00)
variablet
(LOW)
Cont. Chan.
3.23
Winsorized
(1.00)
variablet
(HIGH)

0.01
(0.41)

−0.24
(−0.58)

−0.05
(−0.89)

0.12
(1.48)

0.04
(1.46)

0.02
(0.95)

0.09
(1.58)

1.85∗
(1.80)

0.01
(0.16)

−0.09
(−0.24)

0.09∗
(1.69)

−0.04
(−0.74)

0.86∗∗∗
(2.63)
2.00∗∗∗
(2.43)
−0.45
(−1.37)
0.29
(0.51)

0.96∗∗∗
(3.25)
0.96∗
(1.61)

Indicator Variables
Indicatort
(LOW)
Indicatort
(HIGH)
Indicatort−1
(LOW)
Indicatort−1
(HIGH)
Pseudo R2

−0.80∗∗
(−2.12)
0.23
(0.38)
3.4

0.97∗∗∗ −0.47
(3.46)
(−1.30)
0.50
1.53∗∗∗
(0.84)
(2.66)
7.1

6.4

0.01
(0.02)
1.16∗
(1.87)
2.9

10.8

8.4

0.51∗
(1.71)
1.56∗∗∗
(2.74)
5.6
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a low realization of OCCURt from a 13% probability with no shock to a 23%
probability with a shock, the same shock increases the probability of a high
realization of OCCURt from 2% to 7%. For a shock to hedge fund flows, the
probability of a low realization of OCCURt increases from 13% to 23%, and the
probability of a high realization of OCCURt increases from 1% to 13%. Finally,
a shock to bank stock returns increases the probability of a high realization
of OCCURt from 2% to 7%. Clearly, these results for statistically significant
coefficients are also economically relevant.
The exact timing of the impact of liquidity shocks is not known. It could be
the case that a shock in month t takes place towards the end of the month,
in which case it would mostly impact the probability of contagion in the next
month. To account for this possibility, we also estimate the regressions of Table V lagging the contagion channel indicator variables. Table VI reports the
results. Here, the TED spread indicator variable (INDTEDSPRDt−1 ) and the
bank index indicator variable (INDBANKt−1 ) have positive and significant coefficients for the low realizations of OCCURt , while the coefficient on the stock
illiquidity indicator variable (INDSTKLIQt−1 ) and the coefficient on the repo
indicator variable (INDREPOt−1 ) are each significant for the high realizations
of OCCURt . Further, for both the low and the high realizations of OCCURt ,
the coefficients on the prime broker indicator variable are positive and significant. In sum, Tables V and VI indicate that all the contagion channel indicator
variables have positive and statistically significant coefficients for at least one
regression specification. We take this finding as strong evidence that shocks to
asset liquidity and hedge fund funding liquidity are important in explaining
hedge fund contagion.
We perform the same tests for economic significance for the lagged channel
indicator variables as for the contemporaneous indicator variables. A lagged
shock to the TED spread increases the probability of a low realization of
OCCURt from 12% to 26%. A shock to stock market liquidity (repo volume) in
the previous month increases the probability of a high realization of OCCURt
from 1% to 7% (2% to 7%). A lagged shock to hedge fund flows increases the
probability of a low realization of OCCURt from 14% to 18%. Finally, a lagged
shock to bank and prime broker stock returns increases the probability of low
(high) realizations of OCCURt from approximately 13% to around 20% (2% to
around 6%). Again, these results for the statistically significant coefficients are
economically relevant.
As robustness tests of our results and methodology, we perform several additional analyses, for which all results are reported in the Internet Appendix.
We first repeat all analyses of the paper using raw returns rather than filtered returns. In these analyses we include the common risk factors from the
filtering stage directly in the logit and multinomial logit analyses. The results are strongly consistent with and sometimes stronger than the results
using filtered data. However, because using raw returns does not control for
autocorrelation and common risk factors in the raw return data, we believe
the results reported in the paper are more conservative. We next perform the
multinomial logit analyses using the Credit Suisse/Tremont indices. These
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results are consistent with the HFR results. In a third test we repeat all the
analyses in Tables V and VI using an OLS specification with the dependent
variable taking a value ranging from zero to eight, which captures the number
of hedge fund indices that experience worst returns (COUNT8). The results
are broadly consistent with the multinomial regressions reported in Tables V
and VI. As a fourth robustness test, we create a count variable for shocks to
contagion channel variables (LIQSHOCK6) that equals the sum of the values
of the channel indicator variables.15 The Pearson (Spearman rank) correlation between COUNT8 and LIQSHOCK6 is 0.20 (0.09), significant at the 1%
(19%) level.16 We then estimate an OLS regression of COUNT8 on the continuous liquidity variables and either the contemporaneous LIQSHOCK6 or
the lagged LIQSHOCK6. For the contemporaneous regression the coefficient
on LIQSHOCK6 is 0.29 with a t-statistic of 3.85, and for the lagged regression
the coefficient on lagged LIQSHOCK6 is 0.17 with a t-statistic of 2.80, indicating that shocks to a large number of contagion channel variables increase the
probability of hedge fund contagion. Fifth, we repeat all our tests by splitting
the sample period into two equal subperiods. The results from this analysis
indicate that the coefficients are fairly stable over time, although perhaps not
surprisingly, the statistical significance of the coefficients is generally stronger
for the second half of the sample period. Finally, we perform a principal components analysis and extract eight principal components (PCs) from the filtered
hedge fund return indices to determine whether these indices contain a common factor that we can interpret as a driver for clustering. We find that the
first PC explains about 38% of the correlation between the indices with positive
loadings for all styles, although the PC with the largest loading for each style
varies across styles. We then perform a correlation analysis between the first
PC and the continuous contagion channel variables and find that the first PC is
negatively correlated with all but one of our contagion channel variables with
an average of −0.07 and values ranging from −0.21 to 0.02. This result suggests that shocks to our liquidity variables are reflected to some extent in this
common component of style returns. However, since we are interested in the
effect of “large shock” events of the contagion channel variables on the probability of extreme negative returns, the low average correlation may simply
confirm the known issue that correlations, on which the principal components
analysis is based, are often poor measures of tail dependence.
An important concern with our contagion channel variables is that they could
also be related to a flight to safety or panic effect. As investors become more
risk averse, risk premia increase across a wide range of assets, which hurts
15 We exclude REPO from this analysis because it is only available since 1994. Results including
REPO are similar.
16 We also create a categorical contagion channel variable (LIQOCCUR) that takes on a value of
zero if zero or one of the contagion channel variables has an extreme shock, one if two or three of
the contagion channel variables have an extreme shock, and two if four or more contagion channel
variables have an extreme shock and perform a correlation test between this variable and the
OCCUR variable used in the paper. This Pearson (Spearman rank) correlation is 0.17 (0.11) and
significant at the 1% (11%) level.
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hedge funds if hedge funds are net long on average. It is quite possible that such
an effect could explain some of the success of our contagion channel variables.
However, there are two limitations to this explanation for our results. First,
there is little evidence of contagion from the main markets to hedge funds, but
the panic explanation would imply such contagion. Second, the panic explanation would explain a contemporaneous effect much more than a lagged effect.
The VIX index is sometimes used as a proxy for a panic effect. We estimate our
multinomial regressions using the VIX as a channel variable. These results
indicate that contemporaneous large shocks to the VIX significantly increase
the probability of a low realization of OCCUR. Hence, these results suggest
that our contagion channel variables measure something other than a panic
factor for severe contagion when we use contemporaneous shocks, and for any
type of contagion when we use lagged variables.

IV. Omitted Factor Tests
Though the prior analyses indicate strong evidence of hedge fund contagion,
it could be the case that the models used in the literature to explain hedge
fund returns might omit one or more relevant factors. If this is the case, then
the inclusion of the omitted factors might preclude or weaken our finding of
hedge fund contagion. While it is impossible to identify all potential omitted
factors, our multinomial logit analysis that links contagion channel variables to
hedge fund contagion, as well as prior literature by Amihud (2002), Pástor and
Stambaugh (2003), Acharya and Pedersen (2005), Chordia et al. (2005), and
Sadka (2010), among others, that proposes liquidity as a possible risk factor
provide a starting point. In this section, we test (and report in the Internet
Appendix) whether including in the filtering process the contagion channel
variables themselves (as opposed to the shocks to the channel variables that
we use in the multinomial logit model) changes our results.
To do so, we first repeat the filtering analysis including the continuous measures of the contagion channel variables. Since the credit spread measure is
already included in the filtering analysis, as it is one of the Fung and Hsieh
(2004) factors, and since the REPO volume is only available as of August 1994,
we add the other five channel variables (TEDSPRD, STKLIQ, BANK, PBI, and
FLOW). The results indicate that the coefficients on BANK, PBI, STKLIQ, and
FLOW are inconsistent in sign and rarely significant, while the coefficient on
TEDSPRD is negative and significant in five of the eight regression specifications, providing evidence that an increase in the TED spread is negatively
related to hedge fund performance. Hence, it is possible that the TED spread
is an omitted factor in our filtering analysis.
We next use the residuals from this analysis in a logit model to test for hedge
fund contagion. The results indicate that six of the eight coefficients on the
COUNT variable remain significant, still providing strong evidence of contagion consistent with the results presented in Table II. Finally, we re-run the
multinomial analysis of contagion as in Tables V and VI. Since the contagion
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channel variables are included in the filtering process, they are not included
in the multinomial logit analysis to avoid double counting. Results from the
multinomial analysis presented in the Internet Appendix provide strong evidence that shocks to contagion channel variables are positively correlated with
hedge fund contagion, consistent with the results in Tables V and VI. The only
possible exception is for shocks to the TED spread. The results from Tables
V and VI (where the filtering process does not include the contagion channel
variables) indicate that the coefficient on the TED spread shock indicator variable is positive and significant for three of the four analyses performed: for
the low and high cases of the contemporaneous shock analysis in Table V and
for the low case of the lagged shock in Table VI. By contrast, the results in
the Internet Appendix, where the filtering process does include the contagion
channel variables, indicate that shocks to the TED spread are significant in
only one of the four cases: the high case for the lagged shock variable.
Hence, the results from this section indicate that although one of the contagion channel variables, the TED spread, appears to be a possible omitted factor
in the filtering regression, its inclusion does not change the main results of the
paper that hedge funds exhibit contagion and that this contagion is linked to
shocks in contagion channel variables.
V. Implications and Conclusions
In this paper, we use quantile, binomial logit, and multinomial logit regression models to study contagion among worst returns in the hedge fund
industry. We define contagion following Bekaert et al. (2005) as correlation
that cannot be explained by economic fundamentals. We seek to answer the
following questions. First, when we control for common risk factors in hedge
fund performance, is there evidence of contagion among worst returns of hedge
fund styles? Second, is this contagion in worst returns systematically linked to
shocks to liquidity?
To answer these questions, the first part of the paper performs a filtering
analysis where hedge fund index returns are regressed against a number of
common risk factors in an AR(1) model that also controls for autocorrelation
in hedge fund returns. We then use the residuals from these filtering models
to study contagion across hedge fund indices using both a quantile regression
approach and a logit model. Results from both of these analyses indicate very
strong evidence of contagion in hedge fund returns. Given these results, the
second part of the paper examines whether this contagion is linked to shocks
in liquidity, as in the model of Brunnermeier and Pedersen (2009). In their
model, shocks to asset liquidity can lead to funding constraints that force hedge
funds to reduce their leverage. As a result of this deleveraging, asset liquidity
worsens, which leads to further deleveraging. Alternatively, a shock to funding
liquidity leads to deleveraging, which reduces asset liquidity. These spirals
affect all assets for which hedge funds are the marginal investors, not only the
assets affected directly by the initial shock. Therefore, their model explains
contagion.
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Based on their model, we perform a multinomial logit analysis and show that
liquidity shocks to a number of contagion channel variables help explain the
hedge fund contagion we document. One possible alternative explanation for
this result is that liquidity itself is a risk factor in hedge fund performance,
and that its inclusion in models explaining hedge fund returns could explain
the existence of hedge fund contagion. We test this idea and find little evidence
to support it. Thus, we conclude that while small changes to liquidity are not
associated with hedge fund contagion, large shocks to liquidity are associated
with it. Further, hedge funds appear to share a common exposure to large
liquidity shocks, and existing models used to explain hedge fund returns do not
capture this exposure.
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