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We construct a simple measure of the aggregate illiquidity of hedge fund portfolios, based

on the cross-sectional average first-order autocorrelation coefficient of hedge fund returns,

and show that it has strong and robust in- and out-of-sample forecasting power for 72

portfolios of international equities, U.S. corporate bonds, and currencies over the 1994 to

2013 period. The forecasting ability of hedge fund illiquidity for asset returns is in most

cases greater than, and provides independent information relative to, well-known predict-

ive variables. We rationalize these findings using a simple equilibrium model, in which

hedge funds provide liquidity in asset markets. (JEL G11, G12, G14, G23)

Introduction

Hedge funds are greatly interesting to a number of different constituencies.
Many investors view them as a potential source of low-risk, but outsized,
returns. Academics have studied the relationship between hedge funds’ re-
turns and systematic risk factors and investigated hedge fund fees, capital
accumulation, and disclosure policies. Regulators and policy makers have
been wary of the industry ever since the Long-Term Capital Management
episode in 1998 that nearly sparked awidespread financial crisis. The periodic
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collapses of major hedge funds, such as Amaranth and Madoff, have perpe-
tuated these concerns, leading to perceptions that hedge fund collapses could
destabilize underlying asset markets.
These concerns are intuitively plausible: while the global hedge fund indus-

try has around only US$ 2.8 trillion in assets under management (AUM),
hedge funds’ substantial leverage and the fact that they account for a signifi-
cant fraction of aggregate trading volume in a range of assets suggests that
their impact on markets is large. However, this intuitive plausibility is not
backed by a great deal of evidence linking hedge fund activity to underlying
asset markets.
Our paper attempts to bridge this gap, providing evidence that hedge funds

have a significant and measurable impact on the expected returns of a broad
range of assets. We construct a simple measure of hedge funds’ aggregate
ability to provide liquidity to asset markets and show that time variation in
this measure has strong in- and out-of-sample predictive power for a wide
range of asset returns spanning three asset classes, namely, international
equities, corporate bonds, and currencies. We then build a simple model to
shed light on the economic forces that connect hedge fund activity to returns
in underlying asset markets. The model helps to explain our empirical results
as an equilibrium relationship that naturally arises from hedge funds’ provi-
sion of liquidity to other market participants.
We focus on liquidity provision as a key hedge fund activity that affects

equilibrium in underlying asset markets. This is motivated by much recent
work (see, for example, Aragon 2007; Sadka 2010; Aragon and Strahan
2012; and Jylha, Rinne, and Suominen 2014; among others) that shows that
hedge funds’ return-generation opportunities often arise from liquidity provi-
sion to other market participants. Onemeasure of the importance of liquidity-
provision activity to hedge funds’ enterprise inmarkets is the ubiquitous use of
restrictions, such as lock-up provisions and redemption notice periods on the
premature withdrawal of capital by hedge fund investors. These provisions
attempt to prevent investors from forcing hedge funds to terminate trades over
short horizons when illiquidity-driven price pressure is likely to be most acute;
this is a widely-studied phenomenon in the literature on delegated portfolio
management (see Shleifer and Vishny (1997) for one early example).
Measuring the illiquidity of hedge funds’ holdings is hard, as very limited

data about hedge fund positions and turnover are available. To overcome this
obstacle, we draw on thewidely usedmodel ofGetmansky, Lo, andMakarov
(2004). They propose that hedge funds holding the most illiquid investments
are likely to exhibit the most persistent returns, and provide evidence on the
properties of this measure. We therefore measure return autocorrelations
using a rolling window of twelve months for each fund in our comprehensive
hedge fund database (which tracks the monthly returns of roughly 35,000
hedge funds and spans the period from 1994 to 2013). We then aggregate
this measure across funds by cross-sectionally averaging the fund-specific
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first-order autocorrelation estimates each month. We find that the resulting
index of the aggregate illiquidity of hedge funds, which we dub “�”, has
strong and consistent predictive power for the returns of 72 asset portfolios
that span three major asset classes. In-sample, our index is significant for 20
out of 21 international equity indices, 31 out of 42 U.S. corporate bond
portfolios spanning the ratings and maturity spectrum, and 6 out of 9 de-
veloped-world currencies that we consider.

This predictive power of � is not just in-sample; we also find evidence that
the measure has appreciable out-of-sample forecasting power. Out-of-
sample, our predictor is significantly better than the historical mean return
model for 18 out of 21 international equity portfolios, 24 out of 42 U.S.
corporate bond portfolios, and 4 out of 9 currencies. In both in-sample and
out-of-sample predictive regressions, our proposedmeasure generally outper-
forms, and always contributes incremental explanatory power relative to, a
range of competitor variables that are known from the relevant asset class-
specific literatures to be useful forecasters of asset returns.

We exhaustively eliminate alternative interpretations of the predictive
power of � that are based on � simply proxying for other return predictors
known to the literature. Importantly, we verify that � does notmerely pick up
autocorrelation in the returns of the assets that we forecast, or the autocor-
relation of a range of factors that are known to be related to hedge fund
returns. Our results are also robust to including the lagged asset returns
averaged over different windows as competitors. We do find that � performs
particularlywell during the financial crisis.We view this as consistentwith our
explanation for the source of the predictive power: during this period, capital
constraints on hedge fund portfolios (“funding liquidity” à la Gromb and
Vayanos 2002 and Brunnermeier and Pedersen 2009) were likely most bind-
ing, translating into constraints on hedge funds’ liquidity provision to asset
markets. We also find in a “placebo” test that our measure of hedge fund
illiquidity has no significant predictive power for two extremely liquid assets,
namely, government Treasury-bills and 10-year bonds. Finally, momentum
in underlying asset returns cannot explain the forecasting performance of �,
since high values of � can be generated by sequences of positive or negative
returns, and high values of � positively predict returns regardless of the sign of
past returns. Overall, our empirical results offer significant support for the
importance, and interpretation, of our new hedge fund illiquidity measure.

Our simple model incorporates liquidity constraints into the limits of ar-
bitrage framework of Gromb and Vayanos (2010). In our model, the hedge
fund begins with an exogenous endowment of illiquid assets and cash, and
generates returns in underlying assetmarkets by providing liquidity to absorb
the random demands of noise traders. The hedge fund thus acts as a market
maker for the risky asset. However, the liquidity provision capacity of the
hedge fund is limited by the threat of its outside investors withdrawing their
funds, thereby forcing it to hold a sufficient quantity of “precautionary” cash
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to satisfy potential redemptions. We show that this implies that a hedge fund
with a high initial endowment of illiquid assets will be relatively reluctant to
purchase the underlying risky asset and relatively eager to sell it. We evaluate
the comparative statics in the model as we vary the endowment of illiquid
assets held by the hedge fund and find that in equilibrium, this variation is
associated with significant variation in the expected returns on the underlying
risky asset. The higher the starting illiquidity of the hedge fund’s portfolio, the
higher are expected underlying asset returns. We also show that the extent to
which hedge funds vary their holdings of risky assets in response to changes in
the expected cash shortfall maps into the expected R

2
from our predictive

regressions.We calibrate this elasticity of risky asset demand to expected cash
shortfalls to be between �1% and �3% from our predictive regressions.
The predictions of the model fit well with simple intuition. For example,

we might expect that the level of illiquidity of the hedge fund interacts with
the initial level of illiquidity of the underlying assets.When underlying assets
are more illiquid for any reason, it seems intuitive that the impact of hedge
fund illiquidity will be greater, leading to an even greater ability for � to
forecast underlying asset returns. Consistent with this intuition, we find that
the highest levels of predictability (and hence the greatest hedge fund risky
asset demand elasticities to expected cash shortfalls) are found in relatively
lower market capitalization and lower turnover international equity mar-
kets, high-yield and longmaturityU.S. corporate bonds, and currencieswith
high interest rates andwide bid-ask spreads.As alsomight be expected, these
estimated R

2
statistics, and hence elasticities, rise considerably during crises.

The literature on hedge funds is fast-growing: many authors, such as
Agarwal and Naik (2004), Fung and Hsieh (1997, 2001, 2004), Bollen and
Whaley (2009), and Patton and Ramadorai (2013), have documented that
hedge funds are significantly exposed to systematic risk, proxied by indices of
equity, bond, and options returns. Moreover, Aragon (2007), Sadka (2010),
and Cao et al. (2015) help explain hedge fund performance using measures of
asset illiquidity and illiquidity risk. However, evidence on the reverse direction–
the exposure of markets to hedge funds–has been harder to come by. Two
notable exceptions include Kang, Kondor, and Sadka (2014), who provide
evidence suggesting that hedge funds affect idiosyncratic risk in equitymarkets,
andCao et al. (2013), whosework suggests that hedge funds help in the security
price formation process, pushing equity returns to be more in line with the
efficient frontier. We view our paper as a useful contribution to this emerging
literature, providing evidence that is consistent with hedge funds’ impact on a
variety of asset markets using a relatively easily constructed variable.
Our paper also adds to the literature on the impacts of liquidity and liquid-

ity risk on asset markets by contributing a new empirical variable, �, to the
pre-existing canon. We view this new variable as a complement to a number
of asset-class-specific liquidity measures (see, for example, Acharya and
Pedersen 2005; Pastor and Stambaugh 2003; Khandani and Lo 2011; and
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Bongaerts, de Jong, and Driessen 2012) that have been utilized extensively in
the literature.

1. Data

1.1 Asset return data

Our empirical analysis covers three major asset classes: international equities,
corporate bonds, and currencies. Within each asset class, we study a broad
range of individual assets. As our hedge fund data are available onlymonthly,
and our total time-series length is under 20 years, we focus on monthly asset
return predictability rather than on higher- or lower-frequency returns. For
each of the asset classes, we compare the predictive performance of our hedge
fund illiquidity measure with that of a range of benchmarks from the litera-
ture. Below, we describe this set of “competing” predictor variables utilized
for each asset class.

We employ 21 international equity index returns in our analysis, namely,
Austria, Australia, Belgium, Canada, Denmark, Finland, France, Germany,
Hong Kong, Ireland, Italy, Japan, Netherlands, New Zealand, Norway,
Singapore, Spain, Sweden, Switzerland, the United Kingdom, and the
United States. We source our data on returns from Kenneth French’s Web
site. We compute log excess returns on each of these indices over the sample
period 1995 to 2013. As “competitor” predictor variables, we employ the
dividend yield for each equity index from Kenneth French’s Web site,
lagged returns, short term rate (3-month government bond yield) from
Bloomberg, term spread (difference between 10-year and 3-month govern-
ment bond yields) computed from Bloomberg and IMF data, and the S&P
500 VIX from Datastream detrended by subtracting the mean over the trail-
ing 12 months (see, for example, Campbell 1991 and Ferson, Sarkissian, and
Simin 2003).1

Our dataset on U.S. corporate bonds comprises 42 indices from Bank of
America–Merrill Lynch, of which 24 are investment-grade portfolios and 18
are high-yield portfolios, withmaturities ranging fromone year to over fifteen
years. Our corporate bond data begin in 1997 and end in 2013.

We compare the return prediction performance of our hedge fund illiquid-
ity measure with that of the default yield spread, lagged returns, short term
rate, term spread, and the market-capitalization-weighted (VWM) excess re-
turns on the S&P 500 index from CRSP. In the Internet Appendix we con-
sider alternative competitors proposed by Bongaerts, de Jong, and Driessen
(2012).

1 In the Internet Appendix, we consider additional competitors: default yield spread (difference between BAAand
AAA-rated corporate bond yields from Moody’s), hedge fund flows, S&P 500 VIX, and S&P 500 VIX AR(2)
innovations. Goyal andWelch (2008) consider a wider array of predictor variables for the equity premium than
those employed here; however, our focus on international equity returns, rather than just U.S. returns, means
that the number of available competitors is restricted by data limitations.
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Our data on currencies comprise nine currency rates against the U.S.
dollar, namely, the Australian dollar, Canadian dollar, Euro, Japanese yen,
New Zealand dollar, Norwegian krone, Swedish krona, Swiss franc, and
British pound. The data are sourced from Bloomberg and cover the period
1995 to 2013 (we use the Deutsche Mark prior to the introduction of the
Euro). Our monthly log currency returns are measured as a U.S. dollar per
unit of foreign currency.2 Given the findings of Meese and Rogoff (1983), we
expect that these returns will be extremely difficult to predict. The competitor
variables for predicting currency returns include the inflation differential3

(inflation of the respective currency’s country minus US inflation) from the
OECD database, the one-month Libor interest rate differential (rate of the
respective currency minus U.S. rate) from Bloomberg, and lagged currency
returns. We consider hedge fund flows as a competitor in the Internet
Appendix.
Summary statistics for all three asset classes can be found in Table 1. Given

the large number of individual bond return series (42 in total), when reporting
summary statistics we group them into “investment-grade” and “high-yield”

bonds, as well as separate them by maturity, rather than report results for
each bond separately.

1.2 An index of hedge fund illiquidity

To compute our hedge fund illiquidity index, we employ monthly hedge fund
returns over the period from January 1994 to December 2013, consolidated
from data in the BarclayHedge, CISDM, HFR, Morningstar, and TASS
databases. These data represent the most comprehensive set of hedge fund
data available from public sources, and comprise a total of 34,861 individual
hedge funds, including all births and deaths of funds over the period. The
funds in the combined database come from a broad range of vendor-classified
strategies, which we consolidate into nine main strategy groups: directional
traders, emerging markets, fixed income, funds-of-funds, macro, managed
futures, multi-process, relative value, and security selection. Details of the
process followed to consolidate these data and detailed mappings between
self-reported classifications and these nine broad categories of hedge funds
can be found in Patton, Ramadorai, and Streatfield (2015). Reported returns
are net of management and incentive fees.
Getmansky, Lo, and Makarov (2004) and Lo (2008) propose using the

autocorrelation of a hedge fund’s reported returns as a proxy for the illiquid-
ity of its asset holdings. Their rationale is that hedge fund managers attempt
to value their portfolios at the end of eachmonth; this method is simple when

2 Wealso considered excess currency returns (over the interest rate differential) and found that the resultswere very
similar.

3 For Australia and New Zealand, only quarterly CPI data are available to compute the inflation differential.
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all assets in the portfolio are liquid and trade often, but managers may be

forced to usemodels to estimate values for illiquid assets in their portfolios. A

common approach is to linearly extrapolate prices, leading to reported hedge

returns exhibiting positive autocorrelation. Another factor generating

Table 1

Summary statistics of asset returns

Panel A: International equities

Average SD Max Min

Australia 0.650 6.324 15.989 �32.581
Austria 0.465 6.904 17.756 �42.588
Belgium 0.548 5.872 15.331 �36.274
Canada 0.714 5.963 19.901 �31.179
Denmark 0.771 5.859 16.635 �28.925
Finland 0.724 8.955 26.508 �34.564
France 0.568 6.096 13.916 �24.795
Germany 0.516 6.531 19.782 �26.658
Hong Kong 0.508 7.274 27.622 �34.038
Ireland 0.537 6.846 30.572 �26.787
Italy 0.354 7.099 18.914 �27.153
Japan �0.118 5.336 15.200 �14.452
Netherlands 0.539 6.397 15.452 �34.552
New Zealand 0.339 6.266 14.453 �21.282
Norway 0.660 7.679 17.681 �36.923
Singapore 0.321 7.519 25.642 �33.974
Spain 0.612 6.836 18.231 �26.032
Sweden 0.818 7.483 22.440 �32.318
Switzerland 0.624 4.929 12.130 �16.435
United Kingdom 0.509 4.696 13.208 �22.279
United States 0.589 4.478 10.356 �18.347

Panel B: U.S. corporate bonds

Rating

Inv. grade (24 portfolios) 0.344 1.663 15.146 �16.070
High yield (18 Portfolios) 0.458 3.633 31.302 �36.268
Maturity

1–3Y (7 portfolios) 0.339 1.726 31.302 �22.596
3–5Y (7 portfolios) 0.361 1.843 14.882 �24.184
5–7Y (7 portfolios) 0.375 2.184 20.874 �25.359
7–10Y (7 portfolios) 0.312 2.670 17.898 �30.674
10–15Y (7 portfolios) 0.386 3.115 23.176 �36.268
15 + Y (7 portfolios) 0.565 3.539 24.717 �28.694

Panel C: Currencies

Australia 0.061 3.615 9.899 �17.108
Canada 0.122 2.401 8.936 �13.009
Euro 0.043 2.949 9.609 �10.196
Japan �0.024 3.221 16.273 �9.698
New Zealand 0.110 3.636 12.507 �13.931
Norway 0.047 3.161 7.785 �13.739
Sweden 0.063 3.242 9.127 �11.621
Switzerland 0.168 3.149 12.368 �11.945
United Kingdom 0.025 2.409 9.044 �10.215

Reported are the average, standard deviation, maximum, and minimum, for monthly log excess returns in % of
international equities and U.S. corporate bonds. For currencies, the statistics are based on monthly returns with
US$ as the base currency. For international equities and currencies, the time series starts in January 1995 and ends
in December 2013. For U.S. corporate bonds, the time series starts in January 1997 and ends in December 2013.
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spurious positive autocorrelation is the relationship between the liquid and
illiquid assets in hedge fund portfolios, which creates nonsynchroneity of
returns (see, for example, Scholes and Williams 1977; Dimson 1979). For
these reasons, higher levels of autocorrelation in hedge fund returns are asso-
ciated with higher levels of illiquidity in hedge fund portfolios.
Getmansky, Lo, andMakarov (2004) also consider the case in which hedge

fund managers engage in “performance smoothing;” that is reported returns
are a smoothed version of true returns (see Bollen and Pool 2008, 2009 and
Agarwal, Daniel, and Naik 2011 for related work). Intentional smoothing
leads to the same features as the smoothing that arises from “marking to
model;” that is, reported returns will be positively autocorrelated, though in
this case, underlying true returns are not autocorrelated. If managers engage
in return smoothing, which is unrelated to asset illiquidity, this creates meas-
urement error, which biases against us finding a significant result. If, however,
thesemanagers engage in “opportunistic smoothing;” that is, their intentional
smoothing is higher when underlying assets are illiquid, providing greater
opportunities for misrepresentation, this maintains the direction of the rela-
tionship that we expect to see between hedge fund illiquidity and asset
returns.4

We compute the aggregate measure of hedge fund portfolio illiquidity
(which we denote by �t in month t, or simply � in what follows) using the
following simple procedure. In each month t, for all funds for which there are
12 prior months of return data available, we estimate the first-order autocor-
relation of returns. �t is simply the cross-sectional average of these autocor-
relations across all funds in each month. In our main analysis we use an
equally weighted average of these individual illiquidity estimates, and in
our robustness checks we show that using an AUM-weighted measure
leads to similar results.
Given the 12-month “burn-in” period for estimating rolling autocorrel-

ations, the time series of � begins in December 1994 and ends in December
2013. Figure 1.A plots AUM-weighted and equally weighted � over time, and
shows that it spikes during the LTCM crisis of 1998 and the “Quant melt-
down” of August 2007 (see Khandani and Lo 2011), as well as during the
Great Recession. However, the recession following the NASDAQ crash at
the turn of the millennium did not appear to affect the measure greatly. It is
also evident from the plot that equally weighted � has far greater volatility
than the AUM-weighted version, which suggests that larger funds may
have more room to engage in a greater degree of smoothing behavior.
This may not be surprising given that funding liquidity pressure imposed

4 The smoothing mechanisms considered by Getmansky Lo, and Makarov (2004) are related to managerial
expectations of one’s own performance, without assuming any predictive capability of managers for underlying
asset performance in the future. However, if managers do have such predictive ability, and their smoothing
behavior is correlated with future underlying asset returns, that might be an additional rationalization of our
results. We thank the Editor (Wayne Ferson) for bringing this point to our attention.

Review of Asset Pricing Studies / v 5 n 2 2015

192

 at N
ew

 Y
ork U

niversity on A
pril 4, 2016

http://raps.oxfordjournals.org/
D

ow
nloaded from

 

http://raps.oxfordjournals.org/


by prime-brokerage relationships and capital inflows to funds may be less of
an issue for larger, better-established hedge funds, permitting them tomanage
their reported returns to a greater extent.

Figure 1.B plots � and three variations of the Pastor-Stambaugh Liquidity
measure. Pastor and Stambaugh (2003) construct a measure of liquidity that
is based on the volume-induced return reversals of individual stocks. Their
idea is that high volume captures days of high noise trading, à la Campbell,
Grossman, and Wang (1993). The essential idea is that the greater the return
reversal after a day of high volume, the less liquid is the market; that is, a
liquidity provider will receive greater compensation on such days.

The correlation between � and the Pastor-Stambaugh measures is �0.06
for the Level of aggregate liquidity, �0.05 for the Innovations in aggregate
liquidity, and �0.01 for the Traded liquidity factor. This suggests that our
measure captures variation in liquidity arising from a different source than
the one identified in the Pastor-Stambaugh measure.

Table 2 reports summary statistics for hedge fund illiquidity indices com-
puted for each individual style, followed by those computed across all funds,
regardless of style. The table reveals cross-sectional variation in illiquidity that
is consistent with intuition. For example, the fixed income style has a high
mean level of illiquidity, while themanaged futures funds are the least illiquid.

Panel B of Table 2 presents summary statistics on illiquidity indices formed
according to the lock-up or redemption notice period of the fund, for funds

Figure 1 A

Hedge fund illiquidity index over time: This figure shows the AUM-weighted and the equally weighted hedge
fund illiquidity indices from January 1995 to December 2013.
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for which this information is available.5 The table shows that the average level

of the equally weighted indices increases in both the lock-up period and the

redemption notice period, consistent with our interpretation of this index as

measuring illiquidity (see Aragon 2007). The AUM-weighted index levels

increase in redemption notice period length, but not lock-up period.
In our analysis, we focus on � computed using all funds, rather than using

funds belonging to specific styles associated with particular assets. This is

partly motivated by a desire for simplicity, and partly by a desire for robust-

ness to potential style drift and misclassification arising from the static and

self-reported style classifications in our hedge fund databases. The Internet

Appendix shows how self-reported style classifications can create scenarios in

which an index based on all available funds delivers better predictive ability

than subindices which rely on noisy style classifications. Nevertheless, in

Section 4, we show results obtained when employing illiquidity indices

based on hedge funds in styles that are, in theory, more closely related to a

Figure 1 B

Hedge fund illiquidity index and Pastor-Stambaugh Liquidity measures: This figure shows the equally weighted
hedge fund illiquidity index from January 1995 to December 2013 plotted against the Pastor-Stambaugh Level
of aggregate liquidity, Innovations in aggregate liquidity, and Traded liquidity factor. All variables are de-
meaned and divided by their respective standard deviations. The correlation between the equally weighted hedge
fund illiquidity index and the Pastor-Stambaugh measures is �0.06 for the Level of aggregate liquidity, �0.05
for the Innovations in aggregate liquidity, and �0.01 for the Traded liquidity factor.

5 Both of these characteristics tend to bunch at a few points in the cross-section of hedge funds, and so we divide
them into three groups: below median, equal to median, and above median. The “equal to median” group
contains 28% of funds for the redemption notice period (median is 30 days) and 51% of funds for the lock-up
period (median is 360 days).
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given asset class and find that they yield similar results to using the aggregate

measure.
Wenote here thatwhile Figure 1.A reveals� to be reasonably persistent (its

first-order autocorrelation is 0.84, with a 95% confidence interval of

[0.72,0.96]), an augmented Dickey-Fuller test for a unit root strongly rejects
the null in favor of stationarity. Further, the point estimate is sufficiently far

from unity so that it does not represent a cause for concern about standard
statistical inference. We also note that the characteristics of our data are such
that the potential bias arising from our use of a regression with a persistent

predictor variable (Equation (1), below) is small. Stambaugh (1999) shows
that when the predictor variable (�; in our case) is persistent, and the innov-

ations to the predictor variable are (negatively) correlated with the shocks to
the target variable (returns in our case), the finite-sampleOLS estimates of the

predictor variable’s coefficient can be upward biased. In our data, the pre-
dictor variable has an autocorrelation of 0.84, compared with 0.95 to 0.99
in Stambaugh (1999), and the correlation between shocks is only around

�0.15 in our data, compared with �0.90 to �0.94 in Stambaugh’s case.

Table 2

Summary statistics of hedge fund illiquidity index

Panel A: Hedge fund styles

Equally weighted AUM-weighted

Styles Average SD Corr. with All Average SD Corr. with All

CTA �0.073 0.076 0.694 �0.020 0.024 0.649
Directional traders 0.002 0.093 0.849 0.004 0.038 0.829
Emerging markets 0.024 0.116 0.734 0.001 0.049 0.648
Fixed income 0.071 0.075 0.796 0.021 0.033 0.575
Funds of funds 0.059 0.130 0.951 0.023 0.062 0.933
Global macro �0.055 0.071 0.778 �0.018 0.031 0.639
Multi-strategy 0.037 0.087 0.892 0.017 0.035 0.867
Relative value �0.041 0.074 0.675 �0.009 0.039 0.402
Security selection �0.016 0.068 0.878 �0.006 0.027 0.830
All 0.006 0.085 1.000 0.004 0.032 1.000

Panel B: Hedge funds with lock-up and redemption periods

Lock-up<median 0.013 0.094 0.846 �0.007 0.045 0.582
Lock-up¼median 0.034 0.095 0.931 0.016 0.034 0.881
Lock-up>median 0.044 0.097 0.928 0.010 0.028 0.809
Lock-up all 0.031 0.093 0.941 0.009 0.031 0.904
Redemption<median �0.022 0.079 0.964 �0.008 0.028 0.911
Redemption¼median 0.012 0.078 0.947 0.004 0.027 0.941
Redemption>median 0.057 0.105 0.964 0.021 0.044 0.947
Redemption all 0.021 0.088 0.991 0.008 0.033 0.984
All 0.006 0.085 1.000 0.004 0.032 1.000

For the illiquidity index of each investment style, lock-up period, and redemption period, we report the average,
the standard deviation, and the correlation with the All hedge fund illiquidity index. The hedge fund illiquidity
index for a specific hedge fund in month t is the autocorrelation of the hedge fund’s monthly returns estimated
over the last 12 months. The hedge fund illiquidity index shown in the table is an equally or AUM-weighted
average across all the hedge funds with a particular investment style, lock-up period, or redemption period. The
time series starts in January 1995 and ends in December 2013.
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Implementing the bias adjustment proposed by Stambaugh (1999) for our
data leads to a change only in the fourth decimal place, at most, confirming
the lack of bias here.

2. Results

We now present our main analysis of the predictive power of the hedge fund
illiquiditymeasures for future asset returns.We study this relationship using a
variety of simple models. Our first set of results are based on a full-sample
estimation of the relationship, and followed by an out-of-sample forecasting
analysis.

2.1 Does hedge fund illiquidity predict asset returns?

Our first analysis of the relationship between hedge fund illiquidity and asset
returns is based on a simple predictive regression, in which we use the hedge
fund illiquidity measure, denoted �t, to predict one-month-ahead returns
ri;t + 1 on asset i:

ri;t + 1 ¼ �i + � i�t + ei;t + 1: ð1Þ

For comparison, we also estimate the same univariate model using various
competitor variables, suggested by the asset-class-specific literatures, in place
of �t. We also include hedge fund flows as a competitor in the Internet
Appendix, as they affect the liquidity of a hedge fund’s portfolio, and
Jylha, Rinne, and Suominen (2014) find that increases in hedge fund flows
reduce the amount of short-term return reversal and volatility in the U.S.
equity market. Moreover, our model (below) discusses the different roles of
flows and the starting endowment of a fund’s illiquid assets, making hedge
fund net capital inflows a natural competitor for �. Flows have a negative
correlation of�0.2with �, implying that fund inflows improve the liquidity of
a hedge fund’s portfolio.6

The results of estimating this model on international equity indices are
presented in panel A of Table 3, where the standard errors of Newey and
West (1987) are employed, as in all of our in-sample time-series regressions.7

This panel shows that the coefficient on � is positive and significant at least at
the 10% level for 20 of 21 countries, generating an R

2
of between 0.7%

(Germany) and 7.5% (Australia), with an average of 2.7%.

6 We compute these annual flows fund-by-fund using the standard approach of taking differences in end-of-month
AUM accounting for growth in assets arising from returns (see, for example, Fung et al. 2008) over a 3-month
and 12-month rolling window, winsorize the resultant flows at the 1% and 99% percentile points, and
AUM-weight them to construct an aggregate flow index. We find that AUM-weighted flows generally have
greater predictive power than equally weighted flows.

7 We select the number of lags for the Newey-West standard errors based on the rule T1=3. In the Internet
Appendix, we check the robustness of our results for variations in the number of lags.
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How economically significant are these R
2
values? We use the model to

shed light on this issue. Once we calibrate several parameters of the model to
empirical moments, we find that the theoretically predicted R

2
from the

model is highly dependent on l, which represents the sensitivity of the
hedge fund’s demand for risky assets to the cash shortfall, that is, the shortfall
between a possible redemption request, and the hedge fund’s ability to satisfy
this redemption request by providing cash to outside investors in response. As
we increase l in the model, the hedge fund’s response to the shortfall penalty
increases in the sense that the fund will respond to a given shortfall penalty by
shedding more of its risky assets.

In reality, this response parameter l will depend on a range of factors that
we do not explicitly consider in our simple model, such as margin require-
ments faced by the hedge fund, and the perceived illiquidity of the risky asset.
However, we can use themodel’s insight tomake some important predictions.
For one, the model would suggest that during a crisis, when funding is tight,
hedge funds are likely to react more sensitively to a shortfall in cash, implying
a greater l, and consequently a higher R

2
. In support of this prediction, we

find that the hedge fund illiquidity index hasmore predictive power during the
financial crisis.

We use the model to attempt to uncover the values of l that are implied by
theR

2
values thatwe observe in our empirical exercise. This provides away to

ascertain the economic significance of the R
2
statistics that we find, in the

sense that we can map this back to a deeper microeconomic parameter l and
check whether we obtain theoretically reasonable values for this parameter
that are consistent with the observed empirical results. In Table A.2 in the
theoretical appendix, we observe that tomatch the range ofR

2
values that we

observe across different assets, themodel generates implied values of l, which
map to shortfall elasticities of demand (shown in the last column of
Table A.2) between �1% and �3%. In other words, for a 1% change in
the cash shortfall, to match the empirically observed R

2
statistics, we need a

percentage change in the expected holdings of the risky asset of between -1%
and�3%. This is economically quite large, for the representative hedge fund,
since an expected change in holdings of this amount will translate into sub-
stantial reductions in trading volume given the high turnover of hedge funds.

There is an alternative way to assess the economic significance of the R
2

statistics that we uncover. This is the usual Campbell and Thompson (2008)
fashion, in which the R2 maps to a utility gain associated with predictability.
These authors show that even with a seemingly tiny out-of-sample (OOS)R2

of 0.0025, an investor with CRRA utility and a risk aversion coefficient of
three experiences a certainty equivalent gain of roughly 1% when predicting
the U.S. index. Taking into account that we predict multiple indices across
multiple asset classes, and that our OOS R2 statistics are far higher than this
level, as we show below, we believe that the economic significance of our
predictive strategy is substantial.
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Turning to the other results in the table, not one of the five competing

predictor variables is able to match the performance of �. The term spread is

the best performing, with 5 out of 21 index returns having a coefficient on the

term spread that is significant at the 5% level, and another five significant at

the 10% level. Using the term spread, the averageR
2
from themodel is 1.4%.

The lagged returns are the best competitor variable in terms of average R
2

with 1.5%. The short-term rate performs slightly worse than the term spread

with 9 out of 21 index returns being significantly predicted at least at the 10%

level and an average R
2
of 0.9%. The dividend yield and the VIX detrended

have five and six significant coefficients (10%) level, respectively. We also

consider aggregate hedge fund flows, the VIX level, and the VIX AR(2) in-

novations as competitors in the Internet Appendix. However, we find that the

these predictors perform worse than the predictors shown in Table 3.
Next, we estimate amultivariate regressionmodel inwhichwe include all of

the “competitor” predictor variables, together with � in a single in-sample

predictive regression:

ri;t + 1 ¼ �i + �0iXi;t + � i�t + ei;t + 1; ð2Þ

where Xi;t is a matrix that contains all of the competitor variables. The last

two columns of panel A present the results from this model with and without

the inclusion of �, to reveal additional explanatory power derived from

including our measure of hedge fund illiquidity. We see that the average R
2

jumps from 2.6% to 4.9% with the inclusion of our measure. Furthermore,

our measure is positive and significant at least at the 10% level for all 21

country indices, even after the inclusion of the competitor variables. This

provides strong support that there is substantial incremental predictive

power in hedge fund illiquidity for international equity returns.
The next panel of Table 3 conducts the same in-sample predictive analysis

using returns data on U.S. corporate bonds. Given the large number of in-

dividual bonds (42) in our sample, we report summaries of the individual

regression results, aggregating first by ratings class (investment-grade or high-

yield) and then by maturity.8 For investment-grade bonds, the hedge fund

illiquidity index generates an average R
2
of 2.3% and has a significant coef-

ficient for 14 out of the 24 individual bonds.9 The default yield spread and the

term spread perform better with 15 and 20 significant coefficients, respect-

ively. For high-yield bonds, the hedge fund illiquidity index is significant for

8 Full results for all individual bonds are reported in the Internet Appendix. Additional competitors are also
considered in the Internet Appendix.

9 We investigate whether finding 14 out of 24 individual series to have a significant coefficient is jointly significant
when considering the multiple testing aspect of this problem. Taking into account the correlation across indi-
vidual assets, and using the joint asymptotic distribution across all estimated coefficients, we find that we would
expect to see no more than 4 out of 24 with significant coefficients at the 95% confidence level, and so the
observed proportion of 14 out of 24 is strongly significant. The proportions we observe for the other asset classes
are greater and thus even more significant.
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17 out of the 18 portfolios and generates an average R
2
of 5.0%. The only

competitor variable that performs better is the VWM excess return with 18

significant coefficients and an average R
2
of 7.0%. The lagged returns have a

higher averageR
2
with 7.9%, but fewer significant coefficients than the hedge

fund illiquidity index (14 compared to 17).
Turning to the results from the multiple regression model, we see that the

hedge fund illiquidity index adds substantial predictive power beyond the

four competitor variables: the R
2
rises from 6.7% to 7.4% for investment-

grade bonds, and from 12.6% to 15.3% for high-yield bonds. The number of

bonds with significant coefficients on the hedge fund illiquidity index is 8 out

of 24 for investment-grade bonds, and 18 out of 18 for high-yield bonds. The
hedge fund illiquidity index is a significant predictor of U.S. corporate bond

returns, and particularly so for high yield bonds.
The lower part of panel B of Table 3 presents results across bondmaturity.

We find that the results are robust across both the short and long ends of the

yield curve, with a slight increase in predictive ability as measured by R
2
for

the longest maturity instruments. We further explore the cross-sectional vari-

ation in predictive ability along both the maturity and the ratings dimensions
further whenwe test the predictions of the equilibriummodel presented in the

next section.
Panel C of Table 3 presents the results of in-sample regressions for currency

returns. As is well known (see, for example, Meese and Rogoff 1983 and a

large literature thereafter), currencies are generally very hard to predict, and

this is confirmed by our analysis. However, our hedge fund illiquidity index

performs well: in univariate regressions it generates an average R
2
of 2.0%

(slightly lower than that for the inflation differential, with 2.2%), and is stat-

istically significant for six out of the nine currencies under consideration. In

themultiple regression results we see that theR
2
increases from 1.9% to 3.1%

with the inclusion of �, which is significant for five out of the nine currencies.

Despite the notoriously challenging task of predicting currency returns, it

appears that � appears to be able to add some value.
Figure 2 shows the length of time over which � retains predictive ability for

future equity, bond, and currency returns. The top panel of the figure shows

the results for the single-variable predictive regressions, and the bottom panel

shows the results for the multiple-variable predictive regressions. The line in

each figure shows the average R
2
, and the bars show the number of assets for

which � is statistically significant. Along the horizontal axis, we vary the

forecast horizon: h¼ 1 corresponds to our baseline regression, in which we

forecast returns using one-month lagged �, and h¼ 6 corresponds to fore-

casting returns using six-month lagged values of �. The figure shows that the
forecasting power of � is quite long-lasting: the forecasting performance for

all three asset classes deteriorates significantly at the seven- to eight-month

horizons.
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Figure 2 A

Single predictor forecast horizon: This figure shows the average adjusted R2 (line, right y-axis) and number of
significant coefficients (bars, left y-axis) of the hedge fund illiquidity index for different forecast horizons (in
months). The results are for single predictor in-sample regressions, that is, the only predictor is the hedge fund
illiquidity index.

Figure 2 B

Multiple predictors forecast horizon: This figure shows the average adjustedR2 (line, right y-axis) and number of
significant coefficients (bars, left y-axis) of the hedge fund illiquidity index for different forecast horizons (in
months). The results are for multiple predictor in-sample regressions, that is, the hedge fund illiquidity index is
included together with competitor variables.
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This result on the long-lasting nature of the forecasting power is consistent
with our explanation for the predictive power of �; it could easily take up to
six months for an illiquid hedge fund to unwind its portfolio before it can
recommence providing liquidity to asset markets. We motivate this insight
more rigorously in our discussion of the model in Section 3.

Table 4 reports the number of significantly positive and significantly nega-
tive coefficients on � in-sample, when we include three important additional
control variables. These are the 12-month rolling average asset returns, auto-
correlations of the asset returns, and autocorrelations of risk factors, which
help to explain hedge fund returns. We include these controls on the right-
hand side in order to assuage concerns that � simply proxies for attributes of
the underlying asset returns or risk factors. The top row of the table (labeled
“No controls”) reports the number of positive and negative significant coef-
ficients for the single predictor in-sample regressions and is repeated from
Table 3 for ease of comparison. Further below, the table shows that the
performance of � is virtually unchanged by the addition of the average
asset returns or the autocorrelation coefficients of the asset returns them-
selves. The results are similarly robust when including the autocorrelation
coefficients of the risk factors,

It is also worth noting here that these results cannot be explained by mo-
mentum in underlying asset returns. Time-series momentum corresponds to
positive autocorrelation in asset returns, meaning that positive or negative
returns will predict returns that rise or fall in the future, respectively. In con-
trast, high values of � are generated by continuations of returns regardless of
whether these returns are positive or negative. We find, regardless of the sign
of past returns, that high � predicts higher future returns.

In panel B of Table 4 we undertake a “placebo” test, where we attempt to
use our hedge fund illiquidity index to predict returns on extremely liquid
assets. If our rationalization of the predictive capability of � is correct, we
should not be able to predict the returns of very liquid assets using this meas-
ure. We consider excess returns on Treasury bills and 10-year bonds for ten
countries (with data taken from Global Financial Data and Bloomberg) for
this test and show that � has virtually no predictive power for either of these
assets in any country, providing support for our interpretation of the mech-
anism through which � predicts asset returns.

2.2 The out-of-sample predictive power of hedge fund illiquidity

The above analyses used the full sample of data to estimate the relationship
between � and asset returns. In this section we consider the out-of-sample
performance of models based on �, as well as the performance of competitor
predictor variables. Out-of-sample evaluation is increasingly an important
metric for predictive models of asset returns, on account of its greater rele-
vance for real-world investors (see, for example, Goyal and Welch 2008, and
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Campbell andThompson 2008 for analyses of the predictive ability of various
models for the equity premium). In this subsectionwe take the perspective of a
real-world investor who attempts to forecast asset returns in real time using �.

Table 4

Other competitors and assets

Panel A: Additional control variables

Significance of HF illiq. index (# of pos./neg. coeff.)

Control variables Int. equities U.S. corp. bonds Currencies

No controls (20/0) (31/0) (6/0)

12M average asset return (20/0) (34/0) (6/0)

12M asset return autocorrel. (20/0) (31/0) (6/0)

12M risk factor autocorrel.
HML U.S. (20/0) (30/0) (6/0)
Mkt-Rf U.S. (21/0) (26/0) (5/0)
Momentum U.S. (20/0) (31/0) (6/0)
SMB U.S. (20/0) (31/0) (6/0)
HML Global (20/0) (30/0) (6/0)
Mkt-Rf Global (21/0) (31/0) (5/0)
SMB Global (18/0) (31/0) (6/0)
WML Global (20/0) (31/0) (6/0)
PTFSBD (18/0) (28/0) (6/0)
PTFSCOM (21/0) (27/0) (4/0)
PTFSFX (19/0) (27/0) (6/0)

Panel B: HF illiquidity index in-sample predictability for government bonds

Treasury bills 10-year bonds

Australia (+ ) �0.314 (�) �0.068
Canada (+ ) �0.251 (+ ) �0.432
Denmark (+ ) �0.041 (�) �0.443
Germany (�) �0.440 (�) �0.444
Japan (+ ) �0.062 (�) �0.209
Norway (�) 0.248 (+ ) �0.247
Sweden (�) 0.145 (�) �0.441
Switzerland (�) �0.173 (+ ) �0.380
United Kingdom (+ ) �0.184 (+ ) �0.253
United States (+ ) �0.418 (+ ) �0.397
Across 9 countries �0.149 (0/0) �0.331 (0/0)

PanelA of this table presents the significance at the 10% level of the hedge fund illiquidity indexwhen adding the
12-month average asset returns, the 12-month autocorrelation of the asset returns, or the 12-month autocorrel-
ation of various risk factors, as controls to the single variable predictive regression. The first number stands for
the number of assets with positive significant coefficients on the hedge fund illiquidity index and the second for
negative significant coefficients. Thedependent variables are themonthly log excess returns, except for currencies,
wherewe use themonthly log return. The time series forU.S. corporate bonds starts in January 1997 and ends in
December 2013. For currencies and international equities, the time series starts in January 1995 and ends in
December 2013. Panel B presents the predictive power of the hedge fund illiquidity index for monthly log excess
returns on government bonds in a single variable predictive regression. The time series starts in January 1995 and
ends in December 2013. For Norway, Sweden, and Switzerland, bonds with 7- to 10-year maturity are used
instead of 10-year bonds. The sign of the hedge fund illiquidity index, the adjustedR2 of the in-sample predictive
regression in%, and the significance of the hedge fund illiquidity index (* for 10% and ** for 5%) are reported.
The last row shows the average adjustedR2, the total number of assets forwhich the coefficient of the predictor is
significant (at the 10% level) and positive, and the total number of assets forwhich the coefficient of the predictor
is significant and negative.
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Given the well-known difficulty of out-of-sample asset return prediction,

we focus on simple single-variable predictive models, as in Equation (1). We

estimate the parameters of themodels using a rollingwindowof 60months of

data. So for international equities and currencies, our out-of-sample period is

January 2000 to December 2013. For U.S. corporate bonds, the out-of-

sample period is January 2002 to December 2013. We report the OOS R2

from each of the models, and we modify the Clark and West (2006) test to

enable formal comparison of the performance of models employing � against
a model that only includes a constant. (The original Clark-West test requires

the smaller model to contain no parameters at all, whereas for asset returns it

is more reasonable to take a model with just a constant term as the bench-

mark. Clark andWest (2007) consider comparisons of general nestedmodels,

but do not obtain explicit asymptotic critical values for their test statistic.) The

details of this simple extension are presented in Appendix B, and a small

simulation study in the Internet Appendix verifies that it performs well in

finite samples.
Panel A of Table 5 presents the out-of-sample results for predicting inter-

national equity index returns. Forecasts based on � generate an average OOS

R2 of 1.9%, ranging from�0.5% for Japan to 6.7% for Australia. The OOS

R2 is negative in only two cases, and for 18 out of the 21 countries, the

extended Clark-West test rejects the constant model in favor of a model

based on �.10 In contrast, out-of-sample forecasts based on the competitor

variables (dividend yield, lagged returns, short-term rate, term spread, and

detrended VIX) generate mostly negative average OOSR2 and are significant

for a maximum of 13 countries in the sample. These results provide support

for the result obtained in our full-sample analysis that � is useful for predict-
ing international equity index returns.

In panel B of Table 5 we find similarly good results for U.S. corporate

bonds. The average OOSR2 from forecasts based on � is 2.8% and is positive

for all ratings andmaturity subsets of these bonds.We also formally reject the

constantmodel in favor of ourmodel for 24 out of the 42 bonds. The forecasts

based on the competitors (default yield spread, lagged returns, short-term

rate, term spread, and VWM excess return) all perform worse: all five gener-

ate negative averageOOSR2. Forecasts based on the term spread perform the

best of these five variables in terms ofOOSR2, with an average of�0.6%, and

significantly beating the benchmark constant model for 20 out of 42 bond

portfolios. For the VWM excess return, the only subset of bonds for which

the average OOS R2 is positive is the high-yield group, and even there the

performance of this predictor variable is inferior to �.

10 Note that a higher OOS R2 does not necessarily translate to greater significance in the Clark-West test. For
example, the forecasts basedon the hedge fund liquidity indexhave anOOSR2 of 2.3%for Sweden, andwe reject
the null that the constantmodel is best at the 10% level, while forHongKong theOOSR2 is 2.1%, andwe reject
the null in favor of the larger model at the 5% level.
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Table 5

Out-of-sample forecast performance

Panel A: International equities

Country Hedge fund
illiq. index

Dividend
yield

Lagged
returns

Short-term
rate

Term
spread

VIX
detrended

Australia 6.672** �2.717 �1.650 �1.881 �2.585 �4.861
Austria 2.732** �1.196 0.972 6.076* 4.229 �3.899
Belgium 2.094* �1.500 4.437* 7.596** 2.858* �2.072
Canada 2.093** �3.352 �3.519 �3.964 �3.390 �4.282
Denmark 1.481* �2.348 �0.658 2.247* 0.865* �2.860
Finland 0.692** �5.907 1.694** 0.529** �2.263* �1.421
France 0.784* �7.682 �1.637 3.965** �0.073 �4.029
Germany �0.154 �15.602* �2.456 1.744** 0.123 �3.514
Hong Kong 2.082** �4.849 �1.194 �5.918 �7.908 �11.102
Ireland 0.088* �7.887 2.089 8.286** �1.337 �1.172
Italy 0.058* �3.154 �2.038 2.393* �0.194 �3.718
Japan �0.465 �2.396 �0.160 �4.607 �4.197 �2.510*
Netherlands 2.040* �8.383 �2.656 2.373** �1.513 �5.435
New Zealand 4.629** �41.890 �2.490 1.257 �0.328 �0.346
Norway 3.524** �4.288 �3.290 5.697* 6.105** �1.955
Singapore 2.892** �6.545 �2.715 �4.024 �3.076 �8.605
Spain 1.954** �4.150 �2.695 1.557* �0.046 �4.673
Sweden 2.269* �10.378 �1.463 5.341** 5.748** �5.016
Switzerland 0.779 �5.740 �0.046 4.149* �0.438 �0.770
United Kingdom 2.364* �6.655 �0.003 �2.675 �6.210 �1.176
United States 1.021* �0.980 �1.317 �5.304 �4.931 �0.888*
21 countries 1.887 (18) �7.029 (1) �0.990 (2) 1.183 (13) �0.853 (5) �3.540 (2)

Panel B: U.S. corporate bonds

Rating/Maturity Hedge fund
illiq. index

Default
yield spread

Lagged
returns

Short-term
rate

Term
spread

VWM
excess
return

Inv. grade (24 port.) 1.853 (7) �13.592 (0) �6.170 (1) �2.916 (4) 0.986 (20) �6.809 (0)
High-yield (18 port.) 4.029 (17) �20.749 (0) �4.156 (10) �2.412 (1) �2.704 (0) 2.265 (16)
1–3Y (7 port.) 2.809 (4) �18.018 (0) �16.762 (1) �3.602 (1) �2.389 (1) �3.980 (2)
3–5Y (7 port.) 2.900 (3) �14.167 (0) �2.141 (3) �2.497 (1) �0.389 (4) �1.909 (3)
5–7Y (7 port.) 2.724 (3) �15.010 (0) �3.352 (2) �2.233 (1) �0.070 (4) �2.678 (3)
7–10Y (7 port.) 3.024 (5) �17.200 (0) �4.819 (1) �2.385 (1) 0.109 (4) �3.728 (2)
10–15Y (7 port.) 2.127 (4) �16.496 (0) �0.044 (1) �3.162 (0) �0.778 (4) �2.599 (3)
15+Y (7 port.) 3.132 (5) �19.064 (0) �4.721 (3) �2.321 (1) 0.395 (3) �2.628 (3)
42 portfolios 2.786 (24) �16.659 (0) �5.306 (11) �2.700 (5) �0.595 (20) �2.920 (16)

Panel C: Currencies

Currency Hedge fund
illiq. index

Inflation
differential

Interest rate
differential

Lagged
returns

Australia 4.149** �1.524 �3.421 �2.656
Canada 1.323** 0.759** �1.835 �1.800
Euro �1.287 4.742** �1.441 �2.312
Japan �2.983 �2.041 �4.620 �3.213
New Zealand 2.567** �1.954 3.478** �1.629
Norway 0.060* �2.906 �1.915 �4.708
Sweden �1.698 �0.281 �0.909 �3.180
Switzerland �2.208 �0.432* �2.269 �1.802
United Kingdom �2.889 �3.436 0.566 �1.695
9 currencies �0.329 (4) �0.786 (3) �1.374 (1) �2.555 (0)

The results of rolling 5-year OOS forecasts with single predictor regressions are reported. The results for the
hedge fund illiquidity index and the competitor variables are shown. The dependent variable is the monthly log
excess return for international equities andU.S. corporate bonds, and themonthly log return for currencies. For
international equities and currencies, we report the OOS R2 and whether we can reject the historical average
model based on an extension of the Clark-West test-statistic, which is denoted by * for 10% significance and **
for 5% significance. For U.S. corporate bonds, the number of portfolios for which we can reject the historical
average model at the 10% level is in parentheses. The last row in every panel shows the average OOSR2 and the
total number of portfolios for which the historical average model is rejected. For international equities and
currencies, the time series starts in January 1995 and ends in December 2013. The time series for U.S. corporate
bonds starts in January 1997 and ends in December 2013.
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Panel C of Table 5 presents results for out-of-sample currency return
prediction. As might be expected given the well-documented difficulty of
predicting currency returns, the OOS R2 is lower for this asset class, and
indeed for all four variables we find a negative average OOS R2, with the
highest (�0.3%) coming from �. For four of these currencies, we are able
to reject the constant model in favor of using �: Australia, Canada, New
Zealand, and Norway. Notably, these are all relatively high interest-rate
commodity currencies, which are generally associated with the long side
of the frequently studied carry trade (see Burnside, Eichenbaum, and
Rebelo 2011 for an overview of the carry trade literature). We explore
this finding further when we test our model predictions below. Finally,
when we compare the performance of � to forecasts of currency returns
based on competing variables, the primary significant result is the use-
fulness of the inflation differential for predicting the euro return: this
forecast generated an OOS R2 of 4.7% and is significantly better than
the constant model; the interest rate differential rejects the constant
model for New Zealand.11 Lagged currency returns fail to generate a
positive OOS R2 or reject the constant model for all currencies.

It is worth noting that our out-of-sample period spans the financial
crisis and the “great recession.” Unfortunately, hedge fund data only
became available in the early to mid-1990s, and so we are unable to
conduct formal analysis of the impact of recessions on the predictive
relationships we document here. To gain some insight into the impact,
however, we construct a time series of the cumulative sum of squared
errors of the historical mean return model and the predictive regression,
similar to that used in Goyal and Welch (2008). Plots of these time series
are shown in Figure 3. For all three asset classes, we find that � performs
particularly well during the financial crisis. We view this as consistent
with our explanation for the source of the predictive power: during this
period, capital constraints on hedge fund portfolios (“funding liquidity”

à la Gromb and Vayanos (2002) and Brunnermeier and Pedersen (2009))
were likely most binding, translating into constraints on hedge funds’
liquidity provision to asset markets.

The next section presents a simple model that provides a more rigorous
foundation for this and our other results, and generates additional empirical
predictions, which we subsequently test.

3. Simple Model and Predictions

Consider an economy with three types of assets: cash, a risky asset, and an
illiquid asset, which can be traded only over longer intervals. The first two of

11 The inflation differentials for Australia andNewZealand have a look-ahead bias, as we have only quarterly CPI
data available.
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Figure 3

Cumulative forecasting errors:The in-sample line shows the difference of the cumulative sumof squared residuals
of a model with just a constant and the residuals of a single variable model with the equally weighted hedge fund
illiquidity index as predictor. The OOS line shows the difference of the cumulative OOS squared forecasting
errors of the historical average model and the single variable model with the equally weighted hedge fund
illiquidity index as predictor. Five-year rolling windows are used. The cumulative differences are averaged across
all assets.
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these assets, cash and the risky asset, are fungible with one another, but the

third is not fungible with either of the first two over short periods of time.
The agents in this economy are a hedge fund, which acts as the market

maker for the risky asset, noise traders who subject the asset to demand
shocks, and outside investors of the hedge fund, who occasionally demand
cash from the fund when they decide to redeem their investments. In this

economy, the hedge fund receives compensation for providing liquidity to the
noise traders, in the form of return reversals (see, for example, Campbell,
Grossman, and Wang 1993).

In this economy, the mechanism that rationalizes our empirical results is

the precautionarymotive of the hedge fund: the fund can only satisfy redemp-
tion requests from outside investors using cash. As a result of the fund’s need
for cash, the greater the proportion of the highly illiquid asset in the hedge

fund’s portfolio, the more willing the hedge fund will be to sell the risky asset
to the noise traders for cash, and the less inclined the fund will be to buy the
risky asset and expend cash.12 In other words, the (exogenously given) en-
dowment of the highly illiquid asset in the hedge fund’s portfolio endogen-

ously generates illiquidity in the risky asset. In Appendix A, we formalize this
insight using a model based on the limits of arbitrage framework laid out in
Gromb and Vayanos (2010).

This simple mechanism generates four empirical predictions. First, high

measured illiquidity of the hedge fund’s portfolio (in our empirical implemen-
tation, �) will positively predict future returns. Second, this predictability for
returns will be positive regardless of the direction (buy or sell) of the noise

trader demand shock. Third, return reversals will be smaller in magnitude
when noise traders buy and larger when noise traders sell, reflecting the asym-
metry in the hedge fund’s willingness to provide market-making services: the

hedge fund is more inclined to sell the risky asset than it is to buy the risky
asset. Finally, this mechanism suggests that the above predictions will be even
more pronounced when the risky asset is more illiquid, even if this illiquidity

arises from unmodeled sources.
In the previous section, we found evidence to support the first of these

predictions, namely, that � positively predicts future returns on a range of
assets. We therefore conduct tests of the remaining predictions of the model.
First, we test whether the coefficient on � is positive regardless of the sign of

the noise trader shock. To identify the sign of these noise trader demand
shocks, we adopt the approach of Pastor and Stambaugh (2003), who identify
positive and negative noise trader demand shocks using the sign of lagged

returns on the underlying asset. We estimate a specification that includes the

12 Note that Ben-David, Franzoni, and Moussawi (2012) find empirically that hedge fund redemption concerns
lead to the selling off of more liquid assets.Mitchell, Pedersen, and Pulvino (2007) also find evidence that capital
outflows of arbitrageurs can lead to depressed prices that later rebound.
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set of all competitor variablesXi for the asset returns in a given class, aswell as

a dummy for the sign of the lagged return that we interact with �:

ri;t + 1 ¼ �i +�0Xi;t + �NT Sell�tIfri;t<0g + �
NT Buy�tIfri;t>0g + ei;t + 1: ð3Þ

The prediction of our model is that both �NT Sell and �NT Buy are positive. To

increase the precision of the parameter estimates, we estimate the above spe-

cification as a panel, grouping all assets i within each of the three broad asset

classes. We allow for an asset-specific fixed effect in estimation, and we

impose that the slope coefficients are the same across all assets within each

class. In all panel regressions, standard errors are adjusted for contemporan-

eous correlation using a delete-cross-section jackknife method (see Shao and

Wu 1989 and Shao 1989).
Table 6 presents the results from this model for the three asset classes. Note

that Equation (3) nests our specification from Section 2.1, as when

�NT Sell ¼ �NT Buy the indicator variable drops out. We report results for

this special case in the first column of Table 6 for comparison. In the more

general model we see that the coefficients �NT Sell and �NT Buy are positive for

all three asset classes. The estimate of �NT Sell is always significant, while the

estimate of �NT Buy is not significant for international equities and currencies.
The next prediction of the model is that �NT Sell should be larger than

�NT Buy, reflecting that selling the risky asset to noise traders will alleviate

the cash constraints due to possible redemption requests but buying the risky

asset has the opposite effect.13 Table 6 shows that the point estimates from

estimating Equation (3) support this prediction for international equities and

currencies, but not for corporate bonds. In no asset class, however, is the

difference significantly greater than zero. It is worth noting that our use of the

sign of the lagged return as a proxy for noise trader demands shocks inevit-

ably introduces additional variability into the model, reducing the power of

these tests.
Finally, we test whether � has greater predictability for assets that aremore

illiquid. To test this prediction, we run another fixed effect panel regression

for each asset class, in which we again include the set of all competitor vari-

ablesXi for the asset returns in a given class, �, and � interacted with an asset-
specific dummy for assets within each broad group that we expect will be

more illiquid. As before, the model is estimated for each asset class. The

specification is:

ri;t + 1 ¼ �i + �0Xi;t + ��t + �Illiq:�tI
Illiq:
i + ei;t + 1; ð4Þ

To assign the I
Illiq:
i dummy, which takes the value of one if portfolio i belongs

to a more illiquid subgroup of the asset class, we borrow insight from the

13 Equation (A.1) in the Appendix accounts for this in our model. The equation shows that the shortfall penalty is
less likely to be triggered when noise traders buy than when noise traders sell.
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Table 6

Panel estimation conditioning on sign of lagged return

Panel A: International equities (1) (2)

Dividend yield �0.088 �0.046
(�0.370) (�0.197)

Lagged returns 0.645 0.654
(1.439) (1.455)

Short-term rate �0.277 �0.239
(�0.861) (�0.735)

Term spread 0.473** 0.462**
(2.055) (2.029)

VIX detrended �0.059 �0.174
(�0.114) (�0.325)

HF illiq. index 1.044**
(2.999)

HF illiq. index�Negative lag ret. dummy 1.057**
(2.925)

HF Illiq. Index�Positive lag ret. dummy 0.516
(1.606)

Adj. R2 (in %) 5.103 5.699

Panel B: U.S. corporate bonds (1) (2)

Default yield spread 0.127 0.130
(0.485) (0.502)

Lagged returns 0.390** 0.402**
(2.178) (2.064)

Short-term rate 0.020 0.028
(0.096) (0.136)

Term spread 0.214 0.221
(1.189) (1.238)

VWM excess returns 0.263** 0.268**
(1.998) (1.994)

HF illiq. index 0.397**
(3.087)

HF illiq. index�Negative lag ret. dummy 0.267*
(1.717)

HF illiq. index�Positive lag ret. dummy 0.296**
(2.813)

Adj. R2 (in %) 6.993 7.022

Panel C: Currencies (1) (2)

Inflation differential 0.366** 0.365**
(2.768) (2.772)

Interest rate differential 0.042 0.042
(0.301) (0.298)

Lagged returns �0.014 0.019
(�0.081) (0.108)

HF Illiq. Index 0.351**
(2.155)

HF illiq. index�Negative lag ret. dummy 0.403**
(2.588)

HF illiq. index�Positive lag ret. dummy 0.126
(0.883)

Adj. R2 (in %) 3.192 3.710

The results of a fixed effects panel estimation with jackknife standard errors clustered by time are reported. The
dependent variables are monthly log excess returns or monthly log returns in the case of currencies. The inde-
pendent variables are lagged by onemonth and divided by their respective standard deviations. For international
equities and currencies, the time series starts in January 1995 and ends inDecember 2013. The time series forU.S.
corporate bonds starts in January 1997 and ends in December 2013. Estimates significant at the 10% level are
denoted by *, and estimates significant at the 5% level are denoted by **.
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extensive work on illiquidity in a range of asset classes (see, for example,
Pastor and Stambaugh 2003; Sadka 2010; and Bongaerts, de Jong and
Driessen 2012). For international equities, we use market capitalization and
the turnover average over the whole sample period as illiquidity proxies (for
values below the median across all equity markets in the sample, the dummy
variable takes the value one). ForU.S. corporate bonds, high-yield and longer
maturity (over 5 years) bonds are considered more illiquid. In the case of
currencies, we use the Libor interest rates14 and the percentage bid-ask spread
averaged over the whole sample period as indicators for illiquidity (for values
above the median across all currencies in the sample, the dummy variable
takes the value one). We expect the coefficient of the illiquidity dummy to be
significant and positive, and Table 7 shows that this is indeed the case: �Illiq: is
positive and strongly statistically significant for bothmeasures of illiquidity in
each of the three asset classes.
Taken together, this section shows that a simple mechanism in which a

market-making hedge fund is sensitive to the threat of redemption requests
from outside investors generates empirical predictions that are largely borne
out by the data.
The next section outlines a number of robustness checks that we conduct

on our results.

4. Robustness

This section presents a variety of robustness checks of ourmain analyses. The
top row of Table 8 (labeled “Base case multiple predictors”) corresponds to
the bottom-right elements of panels A, B, and C of Table 3. The figures
reported are the average R

2
from the multiple predictor regression, and the

number of coefficients (across the individual assets in a given asset class) that
are significantly positive and significantly negative at the 10% level.
First, we useAUM-weighting rather than equal weighting, to construct the

index. Constructing the index using AUM-weights slightly worsens perform-
ance relative to the baseline case, consistent with Figure 1.A, which showed
that the AUM-weighted index had smaller fluctuations than the equally
weighted index. As noted above, this is not too surprising, as larger funds
may be less sensitive to funding liquidity pressures imposed by prime-broker-
age relationships and capital inflows.
Second, we check the performance of � constructed using funds in style

categories that are “close” to the asset class under consideration.15 For inter-
national equities, we consider two hedge fund styles, “Directional traders”

14 We expect that these popular long carry trade currencies will be the first to be avoided in the event of a “flight to
liquidity” or to a “safe haven,” resulting in their liquidity being lower. See, for example, Campbell, Serfaty-de
Medeiros, and Viceira (2010).

15 Details on the mapping from individual fund styles, as reported to a given hedge fund database, to the ten style
categories that we consider in this paper, are provided in Patton, Ramadorai, and Streatfield (2015).
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Table 7

Panel estimation with illiquidity dummy variables

Panel A: International equities (1) (2) (3)

Dividend yield �0.088 �0.087 �0.087
(�0.370) (�0.366) (�0.369)

Lagged returns 0.645 0.644 0.641
(1.439) (1.437) (1.429)

Short-term rate �0.277 �0.278 �0.276
(�0.861) (�0.863) (�0.857)

Term spread 0.473** 0.474** 0.480**
(2.055) (2.060) (2.079)

VIX detrended �0.059 �0.059 �0.060
(�0.114) (�0.114) (�0.116)

HF illiq. index 1.044** 0.918** 0.912**
(2.999) (2.809) (2.622)

HF illiq. index�Low mkt. cap. dummy 0.265**
(2.312)

HF illiq. index�Low turnover dummy 0.277**
(2.497)

Adj. R2 (in %) 5.103 5.124 5.128

Panel B: U.S. corporate bonds (1) (2) (3)

Default yield spread 0.127 0.126 0.127
(0.485) (0.485) (0.485)

Lagged returns 0.390** 0.392** 0.390**
(2.178) (2.189) (2.174)

Short-term rate 0.020 0.018 0.020
(0.096) (0.087) (0.094)

Term spread 0.214 0.213 0.214
(1.189) (1.184) (1.188)

VWM excess returns 0.263** 0.262** 0.263**
(1.998) (1.987) (2.000)

HF illiq. index 0.397** 0.151 0.265**
(3.087) (1.243) (2.539)

HF illiq. index�High-yield dummy 0.577**
(2.468)

HF illiq. index�Maturity> 5Y dummy 0.199**
(2.754)

Adj. R2 (in %) 6.993 7.948 7.087

Panel C: Currencies (1) (2) (3)

Inflation differential 0.366** 0.365** 0.368**
(2.768) (2.762) (2.780)

Interest rate differential 0.042 0.042 0.047
(0.301) (0.298) (0.332)

Lagged returns �0.014 �0.014 �0.018
(�0.081) (�0.082) (�0.105)

HF illiq. index 0.351** 0.248 0.179
(2.155) (1.575) (1.281)

HF illiq. index�High int. rate dummy 0.234**
(2.234)

HF illiq. index�High avg. spread in % 0.388**
(3.314)

Adj. R2 (in %) 3.192 3.283 3.524

The coefficient estimates and t-statistics based on jackknife standard errors clustered by time are reported. The
dependent variables are monthly log excess returns, except for currencies, where we use the monthly log return.
The regressors are lagged by one month and standardized. For international equities, the illiquidity dummy
depends on either the total sample averagemarket cap or average turnover standardized bymarket cap (the asset
class median is the benchmark). For U.S. corporate bonds, we use a high-yield dummy and a long-maturity
dummy. For currencies, the illiquidity dummy depends on either the total sample average 1M Libor rate or the
average percentage spread (the asset class median is the benchmark). The time series starts in January 1995 and
ends inDecember 2013, except forU.S. corporate bonds the start is in January 1997. 10% significance is denoted
by * and 5% is denoted by **.
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and “Security selection.” For corporate bonds, the natural style to consider is
“Fixed income,” and for currencies, we use “Global macro.” For interna-
tional equities, we find that the two style-specific illiquidity indices generate
slightly lower numbers of significant coefficients and average R2. For

Table 8

Robustness checks

Variations of the hedge fund illiquidity index

Int. equities U.S. corp. bonds Currencies

Base case multiple predictors 4.909 (21/0) 10.816 (26/0) 3.050 (5/0)

AUM-weighted 4.891 (21/0) 10.628 (25/0) 2.758 (4/0)

Different styles
Directional traders 4.150 (19/0)
Security selection 4.477 (16/0)
Fixed income 11.055 (33/0)
Global macro 2.079 (4/0)

Backfill bias robustness
Delete first 12 months 5.162 (19/0) 10.828 (26/0) 3.247 (5/0)
Delete first 24 months 5.364 (16/0) 10.887 (28/0) 3.176 (5/0)

Offshore/Onshore funds
Offshore funds 5.113 (21/0) 11.034 (29/0) 2.996 (5/0)
Onshore funds 4.861 (20/0) 10.499 (24/0) 2.983 (5/0)

Size adjustment
Delete smallest 5% of funds 5.089 (21/0) 11.046 (30/0) 3.023 (5/0)
Delete smallest 10% of funds 4.972 (21/0) 11.035 (29/0) 3.028 (5/0)
Delete smallest 25% of funds 5.012 (21/0) 11.053 (29/0) 3.022 (5/0)

Trimmed 4.570 (21/0) 10.825 (26/0) 2.786 (5/0)

Varying autocorrelation
AR(2) 2.860 (6/0) 9.918 (21/0) 1.958 (1/0)
MA(1) 5.139 (20/0) 10.562 (24/0) 2.984 (5/0)
MA(2) 3.408 (16/0) 8.083 (26/0) 2.042 (1/0)

Varying window length
9 months 3.134 (9/0) 10.608 (31/0) 1.855 (1/0)
18 months 3.523 (9/0) 9.726 (19/0) 2.565 (3/0)
24 months 2.916 (3/0) 9.174 (10/0) 2.096 (2/0)

This table presents robustness checks of ourmain results. The first row corresponds to the bottom-right elements
of panels A, B, and C, of Table 3.We present the average adjustedR2 of multiple predictor regressions across all
assets within an asset class and the number of assets for which the coefficient of the hedge fund illiquidity index is
significantly (at the 10% level) positive and significantly negative. All predictors are lagged by one month. The
dependent variables are the monthly log excess returns, except for currencies, where we use the monthly log
return. The time series for U.S. corporate bonds starts in January 1997 and ends in December 2013. For
currencies and international equities, the time series starts in January 1995 and ends in December 2013. The
earliest starting point for the hedge fund illiquidity index is in January 1995. The AUM-weighted index averages
the autocorrelation across hedge fund weighted by AUM. The style-specific hedge fund illiquidity indices are
computed with only funds of the corresponding investment style. To control for a potential backfill bias the first
12-months (24-months) of each hedge fund return series are deleted. The offshore (onshore) index is computed
with offshore (onshore) hedge funds only. Under size adjustment, the smallest hedge funds are deleted for each
month. The trimmed hedge fund illiquidity index sets negative autocorrelations of hedge funds to zero when
computing the equally weighted average. Under varying autocorrelation, different measures of autocorrelation
are used.Under varyingwindow length,we vary the rollingwindowoverwhich the autocorrelation of returns for
each hedge fund is computed.
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currencies, the global macro index also performs slightly worse than the ag-
gregate. For U.S. corporate bonds the fixed income hedge fund illiquidity
index generates slightly stronger results than those based on all funds. As
mentioned earlier, in the Internet Appendix we present a theoretical analysis
of the choice between asset-specific indices and a broader “all” index, high-
lighting the trade-offs between averaging across more funds and gaining ro-
bustness to style misclassification, against greater precision of the illiquidity
information.

Third, we test whether our results are robust when we account for a po-
tential backfill bias. We delete the first 12 months and the first 24 months of
return observations for each hedge fund and see that the results are very
similar to the base case.

Fourth, we construct the hedge fund illiquidity index based on offshore and
onshore funds, respectively. The results show that the offshore fund illiquidity
index does better for all three asset classes. This result is in line with Aragon,
Liang, and Park (2014), who find that offshore hedge funds tend to invest in
more illiquid assets, and thus, illiquidity induced trading is more likely for
offshore than onshore funds.

Fifth, we delete the smallest 5%, 10%, and 25% of hedge funds, respect-
ively, when constructing the hedge fund illiquidity index. Themotivation is to
account for the possibility that some of the smaller hedge funds are not viable
businesses. We find that deleting the smaller hedge funds from our sample
leads to an improved performance for international equities andU.S. corpor-
ate bonds. For currencies, the performance is unchanged compared to the
base case.

Sixth, we estimate autocorrelations that are “trimmed” to impose nonne-
gativity, in keeping with the interpretation of � as a measure of positive
autocorrelation. We see that the index based on trimmed autocorrelations
performs slightly worse than our baseline index.

Next, we consider alternative models for obtaining an estimate of the
degree of autocorrelation in hedge fund returns. Our baseline model uses
simple first-order autocorrelation, which can be interpreted as the autoregres-
sive parameter in an AR(1) model. We consider variations based on an
AR(2), MA(1), and MA(2), all estimated using a rolling 12-month window.
For the second-order models, there are two parameters that capture autocor-
relation, and to summarize these into a single number, we use theR2 from the
model. For the MA(1) model, we simply use the estimated MA parameter.
Table 8 shows that the second-order models tend to do worse than the first-
order models, likely due to the increased estimation error from the additional
parameter. TheMA(1)model performs almost as good as our baseline AR(1)
model.

Finally, we consider varying the length of the window over which we com-
pute return autocorrelations. Our baseline analysis uses 12 months, and this
table considers the use of 9, 18, and 24 months to compute �. The trade-off
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here is estimation error (longer windows have less estimation error) against
timeliness (shorter windows are less “stale”). For international equities and
currencies, we see that a 12-month window strikes the optimum balance be-
tween these competing goals, outperforming the other choices. The results for
U.S. corporate bonds, on the other hand, are less sensitive to the choice of
window length, with the window of 9 months outperforming the base case
window of 12 months.

5. Conclusion

Detecting evidence of hedge funds’ impact on asset markets is an important
endeavor given their size, leverage, and significant role in the provision of
liquidity.Motivated by the work ofGetmansky, Lo, andMakarov (2004), we
create a simple time-varying measure of aggregate hedge fund illiquidity,
which we dub �, by cross-sectionally averaging fund-specific return autocor-
relations computed using rolling windows across a large universe of hedge
funds. We find that � is a highly significant and robust predictor of returns,
both in-sample and out-of-sample, for international equity indices, U.S. cor-
porate bonds, and currencies.
We build a simple model of liquidity provision by hedge funds who are

endowed with illiquid asset holdings, and face a shortfall penalty for not
holding sufficient cash to cover the threat of withdrawals by their outside
investors. The model is able to explain our main empirical findings as natur-
ally arising in equilibrium from hedge funds’ liquidity provision activity in
financial markets and yields additional testable implications which are sup-
ported in the data.
We view these results as a useful addition to the literature on hedge funds

and the effects of liquidity on asset returns. In futurework, we hope to explore
the implications of this and other measures of the impact of hedge funds on
asset markets to explain a broader range of asset market outcomes.

Appendix A: A Model of Hedge Fund Illiquidity and Asset Return

Determination

The model contains three periods, with a time line as follows. In period 0, the hedge fund in our

model inherits an illiquid endowment �, which we assume it cannot sell, and a cash endowment

C0. For simplicity, the return on both the illiquid endowment and the cash endowment are set to

zero. In period 1, the hedge fund determines its demand for the risky asset as a function of price.

The net demand of the noise traders is then realized and trading occurs, which determines the

equilibrium price and quantity traded for the risky asset. In period 2, the dividend on the risky

asset is realized and paid.

A.1: The Hedge Fund’s Objective Function
The objective function of the hedge fund is assumed to take a simple quadratic form, and the fund

is subject to one additional, important constraint. In our model, the hedge fund is concerned
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about the illiquidity of its portfolio, because it potentially faces outflows from its investors. As a

result, it requires a sufficient quantity of liquid assets in each period to pay out investors who

withdraw their funds.

We model the illiquidity constraint in a straightforward fashion. The hedge fund has an

expectation of the maximum level of fund outflows in a given time period, denoted �max,

which we assume to be increasing in both C0 and �. We model a convex “shortfall penalty” if

the fund does not hold sufficient liquid assets to cover �max once it trades in the risky asset.

Letting x1 denote the demand of the hedge fund for the risky asset, and p1 the equilibrium price of

the risky asset in period 1, the convex shortfall penalty is given by

0 if �max < C1;

1

2
ð�max � C1Þ

2 if �max � C1;
ðA:1Þ

where C1 ¼ C0 � x1p1 is the new level of liquid assets that the fund holds after its purchases or

sales of the risky asset.

The fund’s objective function can therefore be written as

Qðx1Þ ¼ x1ðE½d2� � p1Þ �
 

2
x2
1�

2
d � l

1

2
ð�max � C0 + x1p1Þ

21f�max � C0 � x1p1g: ðA:2Þ

Here, d2 is the dividend, which has variance �
2
d , is the risk aversion of the fund, and l > 0 is the

weight on the illiquidity constraint in the fund’s objective function.

The first-order condition of the hedge fund’s maximization problem is16

ðE½d2� � p1Þ �  x1�
2
d � lð�max � C0 + x1p1Þp11f�max � C0 � x1p1g ¼ 0; ðA:3Þ

This results in the period 1 demand function

x1 ¼
ðE½d2� � p1Þ � lð�max � C0Þp11f�max � C0 � x1p1g

 �2d + lp2
11f�max � C0 � x1p1g

: ðA:4Þ

The demand function reveals that the lower the value of C0, and the higher the illiquid

endowment � (which raises �max), the lower is the quantity of the risky asset x1 that the hedge

fund will hold. This yields an important prediction: an illiquid hedge fund is more willing to sell

the risky asset than to buy it. This feature of the model, which we explain more fully below, is

what underpins the model’s explanation for the predictive power of our hedge fund illiquidity

index for asset returns.

A.2: Market Clearing and the Equilibrium Price
The demand of the noise traders u1 is an exogenous shock, and determines the price that the hedge

fund demands to absorb this shock in equilibrium. To compute the equilibrium price we need to

clear markets. As in Gromb and Vayanos (2010), we interpret the demand shock u1 as net

aggregate demand, which implies that the risky asset is in zero net supply. The market clearing

condition therefore takes the form

ðE½d2� � p1Þ � lð�max � C0Þp11f�max � C0 � x1p1g

 �2d + lp211f�max � C0 � x1p1g
+ u1 ¼ 0: ðA:5Þ

16 We note that the first derivative exists for every x1 in the domain. A proof that the first derivative exists at the
jump of the indicator function xo

1, where �max � C0 + xo
1p1 ¼ 0; can be found in the Internet Appendix.
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For the case in which �max � C0 � x1p1, solving for p1 results in the following equilibrium

price17

p1 ¼
ð1+ lð�max � C0ÞÞ �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1+ lð�max � C0ÞÞ

2
� 4ðlu1ÞðE½d2�+ �2d u1Þ

q

2lu1
: ðA:6Þ

For �max < C0 � x1p1, the equilibrium price is

p1 ¼ E½d2�+ u1 �
2
d : ðA:7Þ

A.3: Model-Implied Hedge Fund Illiquidity and Asset Returns
Wemeasure the model-implied illiquidity level of the hedge fund’s portfolio at time 1 as the ratio

of the value of its holdings of illiquid assets to the value of its total assets under management

before trading the risky asset:

�Model
1 ¼

�

�+ C0
: ðA:8Þ

Hence, the lower C0 relative to �, the greater the illiquidity of the hedge fund’s portfolio. The

implicit assumption here is that the illiquid endowment and the risky asset contribute equally to

illiquidity–an assumption that can of course be relaxed; we look at comparative statics along this

dimension when testing model-implied predictions.

Next, we specify parameters and simulate the model to better understand its predictions. For

this analysis, we set�max ¼ �maxð�+ C0Þ. For example, when �max ¼ 0:5, the hedge fund expects

that in the worst-case scenario its investors will withdraw 50% of the AUM in the next period.

�max is determined endogenously.We set �max ¼ ð�=ð�+ C0ÞÞ
2. The intuition is that the higher

the ratio of the illiquid endowment to the total AUM, the more concerned investors become

about the illiquidity of the hedge fund. Due to stronger investor illiquidity concerns, redemptions

are expected to be higher. We assume a convex relationship between portfolio illiquidity and

redemptions, although a linear relationship would lead to similar results.

Panel A of Table A.1 shows the specific parameter values that we use. The starting

endowment of cash is set to 4. The two sources of uncertainty in our model, d2 and u1, are

drawn from Normal distributions with means E½d2� ¼ 1 and E½u1� ¼ 0, and variances

�2d ¼ 0:002 and �2u ¼ 0:25, respectively. Different parameter values would lead to predictions

of the model that are qualitatively the same. However, �2d ¼ 0:002 is chosen to match the

empirical variance of monthly U.S. equity excess returns. The variance of u1 is more difficult

to pin down empirically. However, a value of 0.25 causes the hedge fund in our model to use on

average around 3% of its AUM for liquidity provision, which seems to be a reasonable assump-

tion. l, the weight on the shortfall penalty in the hedge fund’s objective function, is 0.002, and  ,

the risk-aversion of the hedge fund, is set to 3.18 Due to the two regimes shown in Equation (A.1),

we need a numerical procedure to simulate the model. The numerical procedure is described in

detail in Section A.4.

Panel B of Table A.1 looks at comparative statics as we vary �, which determines the level of

illiquidity of the fund. In this exercise, values for d2 and u1 are drawn from their distributions

whose parameters are given in panel A, while the value of � is varied across different simulations.

We simulate the two-period model 10,000 times for each value of � and compute the average

expected return, �Model
1 , and the “price discounts” (relative to the price when l¼ 0) at which noise

17 The quadratic equation for the equilibrium price has a second root. However, we ignore the second root, as the
implied equilibrium price is not sensible for the parameter values in our model simulation.

18 The choice of l is discussed in more detail below.
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traders buy from and sell to the hedge fund. Since the form of the demand function depends on

�max � C0 � x1p1, we need a numerical procedure to simulate the model. The procedure is

shown in Appendix A.4.

The top row in this panel simply sets the liquidity constraint on the fund to zero, that is, l¼ 0,

as a benchmark, so the values of � and �max are not relevant. The expected return is computed as

the average realization of 1
p1
. The noise traders buy from the hedge fund at a price slightly above

expected fundamental value and sell to the hedge fund at a slightly lower price than expected

fundamental value as compensation for the hedge fund’s market-making services.

As we move down the rows of panel B of the table, we impose the liquidity constraint, and

vary the level of the illiquid endowment, �, resulting in a cash-to-liquid-assets ratio of 50%, 40%,

and 33%, respectively, for each of the bottom three rows. The �Model
1 values that these correspond

to are shown in the fourth column, and we can see that an increase in � leads to a higher average

Table Appendix A.1

Model simulation

Panel A: Parameter values

C0 l  E½d2� �2d E½u1� �2u

4 0.002 3 1 0.002 0 0.25

Panel B: Model simulation for fixed �

No liquidity
constraint

Expected Noise traders Noise traders
� C 0=� �max ð�+ C 0Þ �Model

1 return buy price sell price

na na na na 0.000% 1.002 0.998

With liquidity
constraint

Expected Price discount
� C 0=� �max ð�+ C 0Þ �Model

1 return NT buy NT sell

8.0 0.5 5.3 0.667 0.266% 0.187% �0.345%
10.0 0.4 7.1 0.714 0.624% 0.546% �0.702%
12.0 0.3 9.0 0.750 0.992% 0.911% �1.066%

Panel C: Predictive regression on simulated data

Parameter estimates

(1) (2)

�Model
�0.016 �0.012

�Model 0.033
�Model;NT Buy 0.028
�Model;NT Sell 0.037

Panel A reports the parameter values used for the model simulations in panel B and C. Panel B reports the
statistics for model simulations based on fixed values of �. For each value of �, the model is simulated 10,000
times.The parameters d2 and u1 are drawn randomly fromNormal distributionswithmeansof 1 and 0 (variances
0.002 and 0.25), respectively, for each of the 10,000 simulations. The �Model

1 , returns, and prices are averaged
across the 10,000 simulations. Panel C reports the estimates of �Model and �Model for the predictive regression
r2 ¼ �

Model + �Model�Model
1 + e2 estimatedwith 10,000 data points of simulated data from ourmodel. The values

for d2, u1, and � are drawn randomly for each of the 10,000 simulations. The values for d2 and u1 are drawn from
the same distributions as in panel B. � is drawn fromauniformdistributionwith a lower boundof 0 and an upper
bound of 20. The value for C0 is 4.
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�Model
1 , as well as in the next column, to a higher average expected return. This expected return is

higher than the return in the benchmark case, which reflects the extra compensation needed to

convince the illiquid hedge fund to purchase more of the risky asset, as well as the price discount

offered by the hedge fund to the noise traders when they purchase the risky asset. While the

illiquid hedge fund is willing to sell the risky asset for a lower price in the face of a positive noise

trader demand shock, to increase the liquidity of its portfolio and avoid hitting the shortfall

penalty, the fund is reluctant to buy the risky asset and requires more compensation to do so.

Relative to expected fundamental value, the price discount to the noise traders is substantial given

our parameter values–reaching roughly 0.9% when the hedge fund discounts the price to sell to

noise traders, and roughly �1.1% when the hedge fund demands compensation in order to

accept more of the risky asset into its portfolio, when �¼ 12.

Finally, we again simulate the model 10,000 times, with � drawn from a uniform distribution

with a lower bound of 0 and an upper bound of 20, and d2 and u1 drawn as described above. We

then take the 10,000 observations of �Model
1 derived from each one of these simulations and the

realized returns in the second period r2, derived from these simulations, and regress:

r2 ¼ �
Model + �Model�Model

1 + e2: ðA:9Þ

Themodel-implied �Model and �Model are reported in the first column of panel C of Table A.1.We

also estimate separate coefficients on �Model
1 for noise traders buying and selling. The results are

shown in Column 2. They reveal that the coefficient � is positive regardless of the sign of the

shock, which is consistent with the intuition of the model, and a feature that we confirm in our

auxiliary empirical tests. We can see that �Model NT Buy is smaller than �Model NT Sell . The reason is

that the shortfall penalty is less likely to be triggered when noise traders buy than when noise

traders sell. This can be seen in Equation (A.1).

Figure A.1 provides a graphical representation of the model predictions: the figure shows the

comparative static of the price path compared across levels of illiquidity �Model
1 of the hedge fund.

Compared to a liquid hedge fund, an illiquid hedge fund buys for a lower price when noise traders

sell, implying a greater return reversal. It also sells for a lower price when noise traders buy the

Figure Appendix A.1

Model return reversal: This figure depicts the average return reversal implied by the model for the parameter
values given in Table Appendix A.1. The high � case corresponds to �¼ 8 and l ¼ 0:002, and the low � case
corresponds to the model without shortfall penalty, that is, l¼ 0.
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risky asset, implying a smaller return reversal in absolute values.When these predictions are taken

together, the model implies that high �Model
1 predicts high returns.

The model also provides some insight into the R2 we can expect in our empirical regressions.

The parameter l, whichmeasures the sensitivity of the hedge fund to a shortfall in cash, is difficult

to match empirically but has a big impact on the predictive power of �Model
1 . Table A.2 shows the

sensitivity of theModelR2 from regression (A.9) to l. The parameter values are the same as used

in Table A.1, panel C, except that � is drawn from a uniform distribution with a lower bound of 5

and an upper bound of 35 to match the empirical standard deviation of �, which is 0.085. An

increase in l leads to the hedge fund reactingmore sensitively to a cash shortfall, which results in a

lower average price for the risky asset and stronger predictive power of �Model
1 . Correspondingly,

the �Model estimate also increases. The empirical value of l is determined by a range of factors, as,

for example, margin requirements and illiquidity of the risky asset. This explains why we find that

� has more predictive power during the financial crisis as shown in Figure 3: funding constraints

make hedge fundsmore sensitive to a cash shortfall, and thus, the predictive power of � is greater.

Our simple model does not account for margin requirements or variations in the illiquidity of the

risky asset. However, the empirical predictability of � that we find can be closely matched by the

model R2 for a range of l values. For example, the predictive power of � for Australia’s equity

index is 7.487% andmatched by the model with a l between 0.0015 and 0.0020, but the empirical

R
2
for the United States is 1.027% and closely matched by the model with a l of 0.0005. The last

column of Table A.2 shows the average shortfall elasticity of demand for these l values.

The elasticity is averaged across the price range from 0.95 to 1.05 (for the expected value of �)

and is defined as the percentage change in quantity of the risky asset demanded based on a 1%

change in the cash shortfall, �max � C0. We see that the greater l, the more elastic the demand

becomes.

A.4: Numerical Procedure for Model Simulation
As the form of the demand function depends on x1 due to the indicator function, we need a

numerical procedure to simulate the model. The procedure has three steps:

1. Use the demand function x1 ¼
Eðd2Þ�p1
 �2

d

and determine p�1 at which the noise trader

demand u�1 ¼ �x�1 clears.

2. Check whether �max < C0 � x�1p�1. If the inequality holds, the solution is found. If the

inequality does not hold, proceed with 3.

3. Use the demand function x1 ¼
Eðd2Þ�p1�lð�max�C0Þp1

 �2
d

+ lp2
1

, and determine p̂1 at which the noise

trader demand û1 ¼ �x̂1 clears. �max � C0 � x̂1p̂1 will hold conditional on

�max � C0 � x�1p�1.

Table Appendix A.2

k sensitivity of model R2

l Model R2 Avg. price SD �Model
1 �Model �Model Shortfall elasticity of demand

0.0005 0.779% 0.994 0.086 �0.031 0.047 �0.781%
0.0010 2.720% 0.987 0.085 �0.060 0.091 �1.435%
0.0015 5.749% 0.981 0.087 �0.084 0.129 �2.183%
0.0020 9.878% 0.975 0.087 �0.118 0.179 �2.962%

l, themodelR2, the average price, the standard deviation of �Model
1 , and the estimates of �Model and �Model for the

predictive regression r2 ¼ �
Model + �Model�Model

1 + e2 estimated with 10,000 data points of simulated data from
ourmodel are reported. The last columnpresents the average shortfall elasticity of demand across the price range
from 0.95 to 1.05 (for the expected value of �): the percentage change in quantity of the risky asset demanded
basedona1%change in the cash short fall,�max � C0. The values ford2, u1, and �, are drawn randomly for each
of the 10,000 simulations. The values for d2 and u1 are drawn fromNormal distributions with means of 1 and 0
(variances 0.002 and0.25), respectively, for eachof the 10,000 simulations. � is drawn fromauniformdistribution
with a lower bound of 5 and an upper bound of 35. C0 is set equal to 4, and the value of  is 3.
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Appendix B: A Modification of Clark and West (2006)

Clark and West (2006) consider the problem of testing equal predictive accuracy of a linear

regression and a model with no parameters. In this Appendix we propose a simple modification

that allows the “smaller” model to include a constant. (Clark and West 2007 extend their 2006

paper to consider cases in which the smaller model includes predictor variables, but they do not

obtain asymptotic critical values for their testing approach. Our focus on the case that the smaller

model includes only a constant means our problem is simpler, and leads us to a simple testing

procedure.)

Denote the two forecasts as

Ŷ
ð1Þ

t + 1jt ¼ �̂ t;

Ŷ
ð2Þ

t + 1jt ¼ X 0t + 1�̂ t:

ðB:1Þ

The second forecast is based on a set of predictor variables Xt + 1; which includes a constant, and

so nests the smaller model. Both forecasts are based on parameters estimated using a rolling

window of data (and so they are not constant through the sample) of fixed length R. The sample

period runs from t ¼ 1; 2; . . .;R;R + 1; . . .;R + P + 1 � T : The mean squared prediction errors

(MSPEs) over the out-of-sample period (t ¼ R + 1; . . .;R + PÞ are

�̂ 2
1 ¼

1

P

XR + P

t¼R + 1

ðyt + 1 � �̂ tÞ
2;

�̂ 2
2 ¼

1

P

XR + P

t¼R + 1

ðyt + 1 � X 0t + 1�̂ tÞ
2:

ðB:2Þ

The null and alternative hypotheses are

H0 : �21 ¼ �
2
2 vs:H1 : �21 > �22; ðB:3Þ

That is, the small and largemodels are equally good under the null, while under the alternative the

small model is worse than the large model. Note that under the null, where the smaller model is

correct, we have

yt + 1 ¼ �
� + "t + 1; Et½"t + 1� ¼ 0: ðB:4Þ

The difference in the MSPEs of these two forecasts is

�̂ 2
1 � �̂

2
2 ¼

1

P

XR + P

t¼R + 1

ðyt + 1 � �̂ tÞ
2
� ðyt + 1 � X 0t + 1�̂ tÞ

2
n o

¼
1

P

XR + P

t¼R + 1

�̂ 2
t � 2

1

P

XR + P

t¼R + 1

yt + 1�̂ t �
1

P

XR + P

t¼R + 1

ðX 0t + 1�̂ tÞ
2 + 2

1

P

XR + P

t¼R + 1

yt + 1X 0t + 1�̂ t

ðB:5Þ

and so

�̂ 2
1 � �̂

2
2!

p
E½�̂ 2

t � � E½ðX 0t + 1�̂ tÞ
2
� � 2��E½ð�̂ t � X 0t + 1�̂ tÞ� under H0 asP!1 ðB:6Þ

using the fact that E½"t + 1X 0t + 1�̂ t� ¼ E½"t + 1�̂ t� ¼ 0:

When �̂ t ¼ 08t and �� ¼ 0, we are in the Clark-West framework, and they note that

�̂ 2
1 � �̂

2
2!

p
�E½ðX 0t + 1�̂ tÞ

2
�underH0 asP!1; ðB:7Þ

That is, when the smaller model is correct, the difference inMSPEs will be centered on a negative

value, even though the twomodels are both correct (the largermodel nests the smaller model, so it

is also correct). This makes the test conservative (since we use a standard Normal as the
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asymptotic distribution of the test statistic, which is centered on zero) and so it will be hard to

reject in favor of the larger model when it is correct. Clark andWest suggest adjusting �̂ 2
2 so that

the difference between the MSPEs is centered on zero under the null:

�̂ 2
2;adj ¼ �̂

2
2 �

1

P

XR + P

t¼R + 1

ðX 0t + 1�̂ tÞ
2: ðB:8Þ

They show that this provides better properties under the null and under the alternative.

We extend this adjustment to allow the smaller model to include a constant. Intuitively,

allowing for a constant adds a small amount of variability to forecast 1, making the extra penalty

faced by forecast 2 slightly lower in relative terms. It also introduces some cross-product terms

that need to be handled. Let us define an adjusted difference inMSPEs to correct for these terms:

�̂adj ¼ �̂
2
1 � �̂

2
2 �

1

P

XR + P

t¼R + 1

�̂ 2
t +

1

P

XR + P

t¼R + 1

ðX 0t + 1�̂ tÞ
2

+ 2�̂ �
1

P

XR + P

t¼R + 1

ð�̂ t � X 0t + 1�̂ tÞ;

ðB:9Þ

where

�̂ � ¼
1

P

XR + P

t¼R + 1

yt + 1: ðB:10Þ

Next, we need to get a limiting distribution for �̂adj : In the Clark-West case �̂adj is just a linear

combination of sample averages, and so this can be obtained by defining an “adjusted difference

in per-period loss variable” ( f̂t + 1 in their equation 3.3), and conducting a t-test that that variable

is zero mean. In our case, the cross-product term introduces a product of sample averages, and so

we cannot use that approach. Instead, we use the delta method to get the limiting distribution of

our test statistic. Let

gt
ð6�1Þ

¼ ½ðyt + 1 � �̂ tÞ
2;�ðyt + 1 � X 0t + 1�̂ tÞ

2;��̂ 2
t ; ðX

0
t + 1�̂ tÞ

2; 2ð�̂ t � X 0t + 1�̂ tÞ; yt + 1�
0: ðB:11Þ

Under standard regularity conditions, we obtain

ffiffiffiffi
P
p
ðgP � g0Þ!

d
Nð0;VgÞ asP!1: ðB:12Þ

As in Clark andWest (2006), the asymptotic covariance matrix, Vg; should be estimated using a

HAC estimator (for example, Newey-West). Our test statistic is a nonlinear function of gP

�̂adj ¼ f ðgPÞ ¼ g1 + g2 + g3 + g4 + g5g6 ðB:13Þ

and so by the delta method we obtain

ffiffiffiffi
P
p �

f ðgPÞ � f ðg0Þ
�
¼

ffiffiffiffi
P
p
ð�̂adj ��0Þ!

d
N
�
0;rgf ðgPÞVgrgf ðgPÞ

0
�
; ðB:14Þ

wherergf ðgPÞ ¼ @f ðgPÞ=@g
0 ¼ ½1; 1; 1; 1; g6; g5�:

We can use this to obtain a Clark-West style test for the larger model versus a model just

including a constant. Specifically, we compute the statistic
ffiffiffiffi
P
p

�̂adj=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
@f ðgPÞV̂ g@f ðgPÞ

0

q
and

compare it to the right-tail critical values of the Nð0; 1Þ distribution (1.28, 1.65, 2.33) to get a

test at the 10%, 5%, or 1% level.

The Internet Appendix presents a small simulation study verifying that this test has satisfac-

tory finite-sample properties and confirming that it also leads to power gains relative to the

unadjusted test.
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