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ABSTRACT
| study the performance of hedge fund managersguguarterly stock holdings from
1995 to 2010. | use the holdings-based measure obnilFerson and Mo (2012) to
decompose a manager’s overall performance intk selection and three components
of timing ability: market return, volatility, andguidity. At the aggregate level, | find that
hedge fund managers have stock picking skills loutiming skills, and overall | do not
find strong evidence to support their superioritghow that the lack of abilities is driven
by the large fluctuations of timing performance hwinarket conditions. | find that
conditioning information, equity capital constranand priority in stocks to liquidate can
partly explain the weak evidence. At the individaatd level, bootstrap analysis results
suggest that even top managers’ abilities cannseparated from luck. Also, | find that

hedge fund managers exhibit short-horizon persist@mselectivity skill.
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Chapter 1
INTRODUCTION
Hedge fund managers are often perceived as savegtiment managers who can exploit
their capacity for stock picking and market timiabilities without much limitation in
their trading strategies. To profit from these appoities, the smartest money managers
have migrated to the hedge fund industry, theredridbuting to its dramatic growth in
the last two decadésA large literature has developed contemporaneouslgxamine
whether hedge fund managers truly exhibit supeiwlity. An important theme in this
literature is the difficulty of using the availalflend returns data to measure performance,
due to several potential measurement biases, imgjuskelf-selection, and distortions
between reported and economic returns (e.g., Bateh Pool (2009), Fung and Hsieh
(2000, 2001), Getmansky, Lo, and Makarov (2004ndj Yao and Yu (2007), and Liang
(2000, 2003)). In response to these challengemra recent strand of literature studies
hedge fund managers’ mandatory disclosures of eiwaortfolio holdings contained in
Form 13F filings? This approach can potentially sidestep many ofpitfalls associated
with returns-based performance measures and u#ihizarray of weight-based measures
applied extensively in other settings, like mutugids.

| study hedge fund managers’ performance usingrgelasample of quarterly
holdings from 1995 to 2010. In particular, | budd Ferson and Mo (2012), who use a

stochastic discount factor (SDF) approach that oposes a manager's overall

! According to Griffin and Xu (2009), hedge fund d@ssender management (AUM) have increased roughly
from $38 billion in 1990 to $2.48 trillion in mide®7.

2 According to Section 13(f) of the Securities Exofpar\ct of 1934, hedge funds with over $100 million
under management are required to fill out 13F fooms: quarterly basis for all U.S. equity positievarth
over $200,000, or more than 100,000 shares.
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performance into several components: security 8elecmarket return timing, and
market volatility timing. The three components tenexpressed as a covariance between
a manager’s portfolio weights and idiosyncraticcktoeturns (stock selection), market
returns (return timing), and negative market votgt{volatility timing).

| extend the Ferson and Mo (2012) decompositicadtiress a third component of
timing — liquidity timing — that measures the covariance between a manggetfslio
weights and market liquidity. To examine liquidiiyning ability |1 construct a market-
wide traded liquidity risk factor based on Amihi&D02). This will be discussed more in
detail later.

At the aggregate level, | find that the averagegeddnd manager delivers overall
alpha of 2.08% (t-statistic 0.45), which represesgkectivity alpha of 2.41% (2.54) per
year and timing alpha of -0.32% (-0.07) per y&arAlthough my point estimate can be
economically meaningful as it covers the standereddf management fees of 1 to 2%, the
evidence is weak considering the conventional \oéWwedge fund managers’ superiority
and the high incentive fees of 15 to 20%. GriffildaxXu (2009) also provide weak
evidence on hedge fund managers’ abilities. Thegysthedge fund managers’ stock
holdings using Daniel, Grinblatt, Titman, and WerisdDGTW, 1997) characteristic-
based performance measure, and conclude that Haddemanagers do not possess

superior ability. However, | also explore other dimsions of abilities such as volatility

3 For the definition of the “average fund,” see gakef Table 4.

“If 1 look at only “Long/Short Equity Hedge Straigg42% of the managers in my sample), the overall
alpha is -27.22% per year (t-statistic -0.25), Whiepresents selectivity alpha of 38.00% per y2a&52)
and timing alpha of -65.22% (-0.61) per year. ledeine a manager’s investment style as the invegtme
style which is most frequently used by its funddemmanagement.
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and liquidity timing, and more importantly, | shadditional light on why we do not find
strong evidence to support the conventional vieleafge fund managers’ superiority.
One possible explanation for the weak evidencénas the average hedge fund
performance largely fluctuates over time; hencetithe-series mean offsets all extremes
and remains insignificant. To investigate this,elfprm a year-by-year and structural
breakpoint analysis, which reveals that the ovepaiformance varies with market
conditions. | find that the main determinant of tredatile performance is timing ability,
which appears to be strongly pro-cyclical. In gadi@ar, during 2008 the total (timing)
performance is —55.17% p.a. (-59.06% p.a.), whedeasg 2009 it is 23.83% p.a.
(16.69% p.a.)This observation of hedge fund managers’ performmgro-cyclicality is
in line with Patton (2008) who uses various diffeareoncepts of neutrality to present
evidence against the market neutrality of hedgel$tnn a similar context, Jurek and
Stafford (2012) develop a simple state-contingeatework for evaluating the cost of
capital for hedge fund managers’ non-linear riskasures. They use the portfolio of
writing index (S&P 500) put options and holding ltaand argue that the cost of capital
estimated from the traditional linear factor modahnot cover the proper required rate of
capital. Thus, the weak evidence of superior gbilit this paper may suggest that a
holdings-based measure can account for the hedge foanagers’ non-linear risk

exposure and impose proper cost of capital whichigher than that imposed by a

> If I look at only “Equity Market Neutral” manager8.1% of the managers in my sample), the
performance is far from being market neutral. Totaltalpha is -50.59% (-1.77) per month and 23.01%
(1.10) per month during 2008 and 2008, respectively
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returns-based mod@IThat is, a stock-level linear factor model mayalée to overcome
the underestimation issue of cost of capital inhieia a portfolio-level linear factor
model. In fact, with a holdings-based measure wengaasure a fund’s beta directly, and
allow a fund’ beta to change over time (on a montreéquency in this paper), whereas
with a returns-based measure we cannot measunedss fexposure directly, and usually
assume a constant beta over the entire sampledperio

The change in the average fund’s performance wilket conditions may not be
detectable with an unconditional model. Under tlmnditional model in which |
incorporate market conditions into the performamsasure, the timing component (0.17%
p.a.) becomes positive, whereas the selectivithal2.39% p.a.) remains similar to its
level without conditioning information. Moreoveh@ut 20% of the overall performance
during 2008 can be accounted for by conditionirfgrimation. Thus factoring economic
state in the performance measure can help avoidnitbimy the mistakes of undervaluing
managers’ abilities.

The fluctuations of the average fund’s performamwith market conditions may
also be explained by hedge funds’ capital structitiie theoretically well established that
arbitrageurs’ reliance on outside financing liméibitrageurs’ trading activities. (e.g.,
Shleifer and Vishney (1997), Vayanos (2004), Groard Vayanos (2002, 2010),
Brunnermeier and Pedersen (2009)) That is, duniisg@s in response to the first sign of
deteriorating performance, hedge fund investors lemdlers will react promptly by

redeeming their shares and issuing margin callsn&et the surging redemption requests

® For the evidence of hedge fund managers’ positiv "tatistically significant alpha based on a Inea
factor model and returns data, see e.g., AgarwdNaik (2004), Fung and Hsieh (2004), and Hasanhodz
and Lo (2007).
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and the heightened margin requirements, hedge foradsbe forced to liquidate their
positions at fire-sale prices. During market turinthie situation worsens because many
other investors are also forced to sell off th@sipons at the same time. This behavior is
detrimental to hedge funds’ performance becauserevents fund managers from
implementing discretionary trading due to the wiektrbid-ask spread and increased
leverage ratio of funds. Thus, hedge funds thatwalhvestors to withdraw their money
on short notice or rely heavily on leverage mayoan¢er more difficulty in exploiting
their superior ability when the market is tighsHow that hedge funds with strong share
restrictions outperform those with weak share m&gins by 6.23% (2.95) per year
during 2008, and by 2.29% (2.90) per year oveistmaple period. The latter is consistent
with Aragon (2007) who presents the evidence afitiify premium embedded in the
share restrictions in hedge fund industry. The @elpital constraints due to leverage do
not seem to affect performance as much as sharetiess.

Also, given that the main determinant of the badfgsemmance during market
downturns is market return timing component, passible that facing forced liquidation
hedge funds may prefer to sell off low market ksttaks, or that low market beta stocks
happen to be those stocks subject to be liquidiatet like liquid stocks. This priority
may expose hedge funds more to the market whem#hnket return is low, causing their
performance to deteriorate. This idea is similaatguments in the previous literature
which posits that there is a pecking order in s$ottk sell off in the face of forced
liquidation. (e.g., Ben-David, Franzoni and Mousg2011), Brown, Carlin and Lobo
(2010), and Scholes (2000) argue that investorsaaphigher priority on liquid stocks in
the face of forced liquidation.) However, | findaththey reduced their market return
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exposure during crisis both by selling high betecks and buying low beta stocks. Also,
they spent more money in buying low market betakstdhan earned by selling high
market beta stocks. But, the exposure was stiltipesand the market excess return was
way below its historical average, which yields nagamarket return timing ability. In
addition, we observe that the market beta of tbhekst purchased by the average fund
was highest during the tech bubble.

In contrast, | find that the average hedge fund aganincreased its exposure to
the market liquidity during crisis by selling lesgnsitive stocks and buying more
sensitive stocks. That is, they increased theioswpe to the market liquidity when they
were supposed to decrease. This implies theirdadkuidity timing ability. Indeed, | do
not detect any significant results with respediquidity timing ability.

In addition, consistent with prior literature theesage hedge fund appears to
prefer to sell off liquid stocks during market dawms. So it seems that the average
hedge fund manager liquidated liquid stocks witghhsensitivity to market return and
low sensitivity to market liquidity. In fact, the@aelation coefficients among market beta,
liquidity beta, and liquidity confirm these obsetivas. Also, although | find that the
correlation coefficient between liquidity and lidity beta of the stocks held by hedge
fund managers is overall negative over the samgi®g, it closes to zero during crisis.
This may advocate Sadka and Lou (2011) who argae gtock-level liquidity and
liquidity risk (beta) are different concepts by slog that liquid stocks underperformed
illiquid stocks during the recent financial crisisd that the performance of stocks during

the crisis can be better explained by historigplitlity beta than stock-level liquidity.



Another possible story for the pro-cyclical movemead the average fund
performance is that 13F data does not provide cetagdicture of all holdings, so we
cannot observe their other positions which can ipbssieliver positive alpha. Using
funds’ returns data which reflect the performarroenf complete holdings, and 36-month
rolling window, | find that the average fund exhgopositive market return timing, but
negative liquidity- and volatility timing abilitiesluring the recent financial crisis, but
overall they do not appear to possess any timingtieb. In addition, the use of
derivatives does not seem to be related to the-vamiation of performance. Thus it is
possible that during crisis, hedge funds attempaettime the market return during crisis
using short positions, but it does not look likbestpositions are material in the average
manager’s performance.

Although | do not find much evidence supportive safperior ability at the
aggregate level, it is possible that there are sporaragers in the extreme of the cross-
section who exhibit significantly positive perforne@. However, to investigate top
managers, we need to rank managers according to alphas, and consider order
statistics. So our statistical inference needsetp on the joint distribution of over 600
managers’ skill distributions. Moreover, hedge fundnagers’ abilities are likely to be
non-normal, correlated with each other, and hetaregus, which makes it more difficult
to impose an ex-ante parametric distribution frotaolw fund returns are assumed to be
drawn. In this situation | follow previous studigsd employ a bootstrap procedure which
does not rely on an ex-ante parametric distributboh on an ex-post empirical joint
distribution. (e.g., Kosowski et al. (2006), KosdiysNaik, and Teo (2007), Jiang, Yao,
and Yu (2007)). | find that even top managers do ecdhibit skill which can be
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distinguishable from luck. This is in contrast wiKlbbsowski, Naik, and Teo (2007), who
study hedge fund performance using returns databaotstrap and Bayesian approach,
and conclude that top hedge fund performance cadmm@xplained by luck alone. This
may suggest that the performance effect of marla@tditions outweighs that of
randomness.

Furthermore, hedge funds exhibit a short-horizorfopmance persistence in
selectivity skill, but not long-horizon persistenddis result may be in accordance with
Berk and Green’s (2004) model in which the comhamatof managers’ differential
ability, decreasing returns to scale, and investatsonal provision of capital to funds
results in zero risk-adjusted, after-fee returnsthte investors. Also, considering the
volatile movement of performance the lack of peéesise in performance is not that
surprising.

The main contribution of this paper is that (i)ptovide several possible
explanations for the weak evidence on hedge funthagexs’ superiority by exploring the
time-variation and decomposition of hedge fund ngensi performance, share
restrictions, forced liquidation, and conditionimjormation, (ii) | introduce a liquidity
timing ability under a holdings-based measure for first time, and (iii) 1 conduct
bootstrap analysis using holdings data to studygtbss-section of hedge fund managers’

various abilities for the first time.

" Fung et al. (2008) provide empirical evidence ipport of the rational model, using fund-of-funds
returns data. Also, Griffin and Xu (2009) find &laof performance persistence with the DGTW measure
using hedge fund equity holdings data during 199@42 In contrast, Jagannathan, Malakhov, and Neviko
(2010) find significant performance persistence agnsuperior funds, but little evidence of persisgen
among inferior funds.
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The remainder of the paper is organized as follo@sapter 2 looks at the
relevant literature. Chapter 3 discusses performaneasure and estimation method.
Chapter 4 describes the sample. Chapter 5 docuntbetgesults, and Chapter 6

concludes.



Chapter 2

LITERATURE

The current article is related to three strandslitdrature: (i) a holdings-based
performance measure, (ii) hedge fund managers’itygbiand (iii) performance
decomposition.

This paper relies on a holdings-based performameasure to investigate hedge
fund managers’ ability. A number of empirical seslihave provided a good amount of
evidence that hedge fund returns data suffer fremersl measurement biases. Fung and
Hsieh (2000) discuss a selection-, an instant tyistoand survivorship bias. A selection
bias occurs because only funds with good performavent to be included in a database
and funds with poor performance can refuse to @pdie in a vendor’'s database. An
instant history bias occurs when hedge funds caomte database vendors with instant
histories which usually exhibit good track recordsd the database vendors backfill the
hedge funds’ performance. Lastly, survivorship baxurs if funds drop out of a
database because of poor performance and datadaders only contain information for
those hedge funds that are still operating. Getkyan, and Makarov (2004) argue that
the high serial correlation in hedge fund returaslikely the outcome of liquidity
exposure and smoothed returns. If funds hold illlgeecurities which are not actively
traded and the market prices of which are not headiailable, then the reported returns
of these funds appear to be smoother than the edoneturns which fully reflect all the
available market information about the securitigsich in turn will impart a downward
bias on the estimated return variance. FurthermBadlen and Pool (2009) find a
significant discontinuity in the distribution of mthly hedge fund returns at return of
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zero after controlling for database biases sucsuagvorship bias. By showing that this
discontinuity disappears when using bi-monthly mesuor three months’ returns before
an audit, they argue that hedge fund managers temiyodistort monthly returns to
avoid reporting losses. Moreover, Liang (2000, 3003ds significant differences in
reported returns of the same funds between diffefatabases.

To overcome such biases of hedge funds’ reporegdrns, several recent
empirical papers examine hedge fund performanaggusoldings dat& Griffin and Xu
(2009) study hedge fund managers’ performance ugiragterly 13F holdings of hedge
funds, and conclude that hedge funds exhibit nlityb time sectors or pick better stock

styles and raise serious questions about the pertesuperior skill of hedge fund

8 The literature notes several weaknesses in empjdyidings data instead of returns data: (i) Finst,
have to limit our investigation to long equity piomns. According to Fung and Hsieh (2006), 43% exddre
funds in the TASS database (and 32% of AUM) wekested in long/short equity strategies as of 2004.
Also, 81% of hedge funds (76% of AUM) in their itigation are categorized as equity-oriented funds,
i.e., convertible arbitrage, emerging market, gquitarket neutral, event driven, global macro, and
long/short equity. Further, Aragon and Martin (2pXhanually collect 13F filings and document that
filings in options are a small proportion of hedgad equity positions, although this observatiobased
only on the set of 13F-reportable securities anthange-traded derivatives, which is small compaoed
OTC derivatives. (ii) Also, we can observe holdiogsa quarterly basis. But the average quarterhyoter
rate for the sample in this study is 21.9%. Asdkénition of turnover, | use the minimum of totallys
and total sales, divided by the mean of currentlagded total equity holdings. (Brunnermeier andy®a
(2004) and Ben-David, Franzoni, and Moussawi (20&pdrt the average quarterly turnover in theirgeed
fund sample as 25% and 39.4%, respectively.) Thiwt/er rate legitimizes the use of a quarterlypshat

of holdings data to capture the low-frequency congmd of hedge fund trading. By splitting the sample
into terciles according to the average quarteripduer, and forming an equally weighted portfolib o
going long the top turnover funds (average quarternover of 37.0%) and short the bottom fund§%a),

| find that the turnover matters only during thehtidubble (see Figure 7). However, | acknowledge ith
hedge fund managers employ the strategies of bugimselling the same stocks within a quarter, we
cannot capture such an activity. (iii) Furthermave,can observe only large managers, which aressutyj
13F filings requirements. We cannot observe the lequity positions of those hedge funds that ate no
subject to 13F filings. To address this issue,drnexe the size effect within 13F hedge fund maraggr
splitting the sample into terciles and quintilesading to the AUM (I aggregate the time-seriesrage
AUM across funds under a management firm). | findsignificant difference in performance between the
top and bottom portfolios. (iv) Finally, the holdminformation is at the management firm level, atathe
fund level as in mutual funds. To address thisass$isplit the manager sample into terciles degendn

the number of funds under a manager. | find noifiggmt difference in overall performance betweba t
top portfolio (the average number of funds underamager is 14.3) and the bottom (the average nuofber
funds under a manager is 1.0, i.e., the managet is\the same as the fund level). However, théntim
alpha of the top portfolio is 0.48% p.a. (t-statis1.88) lower than that of the bottom.
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managers. To measure performance they rely on aeaistics-matched benchmarks
(DGTW), which control for size, value, and momentaffects. Brunnermeir and Nagel
(2004) focus on hedge funds’ positions in tech ktqbigh price-to-sale stocks) during
the technology bubble from 1998 to 2000, and fimat hedge funds were able to adjust
their positions in tech stocks to capture the uptand avoid the downturn. Using a
unique dataset Aragon and Martin (2012) show tleaigh fund managers’ long equity
option positions can predict the directional andn-doectional movement of the
underlying stocks. Agarwal et al. (2012), and Amagdertzel and Shi (2012) investigate
confidential positions in 13F filings and find eeitte of hedge fund managers’ capacity
for informed trading.

Although portfolio managers’ performance can bal@ated in various respects,
the existing literature mostly focuses on a spe@s8pect of ability. Namely, they look at
only one of the following: market return timing, rkat volatility timing, and stock-
picking skill. The literature on timing measuremsefrom Treynor and Mazuy (1966)
who look at the characteristic line of fund raterefurn against the market return. If a
manager can outguess the market, the managernasitase the portfolio sensitivity to
the market (slope of the line) in anticipation cdinket rise and decrease in anticipation of
market fall, so the characteristic line would exth# convex upward line. But they find
that all but one of the mutual funds they inveseda(57 funds) exhibit no curvature, so
they conclude that managers cannot anticipate thprnturns in the stock market.
Henriksson and Merton (1981) investigate mutuabfamanagers’ market timing ability
based on the covariance between market beta anddivator variable for the sign of
excess market return, to measure managers’ abditiprecast positive market excess
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return. This permits them to identify the sepa@atributions from stock picking and
market timing skills, which are mixed in the Jeriseaipha from the linear regression.
Busse (1999) studies mutual fund managers’ aliityme market volatility considering
that market volatility is persistent and so prealt¢ and that performance measures are
risk-adjusted. Using mutual funds’ daily returngadde shows that funds that reduce
systematic risk when market volatility is high edmgher risk-adjusted returns. Jiang,
Yao, and Yu (2007) investigate mutual fund mandgaesket return timing ability using
holdings data. They directly measure funds’ maldedt as the weighted average of the
betas of the individual stocks held in the portgpland timing ability as the covariance
between fund betas at the beginning of a holdirgg®@ and the holding period market
returns. They find that mutual managers can tinee rtharket, which opposes to the
previous evidence of insignificant or negative nedrkming ability of mutual funds
based on returns data.

A couple of papers deal with various abilities gsiholdings data. Daniel,
Grinblatt, Titman, and Wermers (DGTW, 1997) studytnal fund managers’ holdings
data and develop a characteristic-based performameasure. They construct
benchmarks by matching stocks held by a mangdretd 25 passive portfolios of similar
characteristics such as market capitalization, Hoakarket ratio, and prior performance.
They find evidence supportive of characteristiceselity but no evidence of
characteristic timing. Ferson and Mo (2012) devedopoldings-based performance
measures which accommodate market level timingtiidy timing, and stock selectivity
skills based on a stochastic discount factor ambro&hey find no significant evidence of
investment ability in mutual fund industry.
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Also, some studies use returns data to investigatmus abilities. Cao et al.
(2012) use hedge fund returns and Treynor and Md29$6) approach of CAPM
regression to explore market liquidity timing atyilat the individual fund level. They
find that top managers can adjust their portfoliosarket exposure to time market
liquidity. But | do not find any evidence of liquty timing ability in this paper. The main
difference in results may be due to the fact thatytassume a one-factor asset pricing
model (CAPM), and measure liquidity timing abili&g the covariance between market
beta and liquidity risk (Pastor and Stambaugh’sitiqy level factor), while | assume a
two-factor model consisting of market return andkatliquidity, and measure liquidity
timing ability as the covariance between liquidigta and liquidity risk.Chen and Liang
(2007) investigate hedge fund returns data to sthdymarket timing ability of self-
described market timing managers. They proposerganaming measure which jointly
evaluates market return level- and volatility tigniability by regressing fund returns on
the squared Sharpe ratio of the market portfolireylfind evidence of timing ability at

both the aggregate and the fund level.

°If | use Pastor and Stambaugh (2002) traded liiisk factor, liquidity innovation, or liquidityevel, |
still do not have any significant results.
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Chapter 3

PERFORMANC MEASURE AND ESTIMATION

In this section, | briefly discuss the performameeasure used in this papgéi.assume a
two-factor model consisting of market excess retmd traded liquidity risk® That is,

the benchmark portfolio is

g = (rn 1),

wherer,, andr; represent market excess return and liquidity nesg&pectively.
The asset pricing model basically says that thetgsgce is equal to the expected

value of discounted asset payoff,

E(Mis1%e41|Q) =y,
or in net return term,

E(m117e411Q0) = 0,
wherem, is a (inter-temporal) marginal rate of substitnfi@lso called the stochastic
discount factor (SDF) at timeg andp;, x;, 1, and(); are, respectively, asset price, an
asset payoff, return in excess of risk-free raténa¢t, and an information set available
up to time t. In our setting the primitive assets market excess return, liquidity risk

portfolio return, and risk-free rate, so the prgcfiormula prices these assets.

9 For details, see Cochrane (1996, 2005), FersorLan¢(2012), Ferson and Mo (2012), and Ferson and
Schadt (1996).

M f | use Carhart four factors along with traded iAod liquidity risk or traded Pastor and Stamba(®8)
liquidity risk factor, the magnitude of alpha idueed but the overall pattern is similar. The ressare
available upon request. For simplicity, | develbp intuition based on a two-factor model.
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Assuming a linear factor model is equivalent torespnting SDF as a linear
function of factors (Ross (1978), Dybvig and Ingdrg1982), Cochrane (1996)).
Therefore, assuming a two-factor pricing model,haee

m=a—b'rg, (1)
whererg is our benchmark portfolio consisting of marketurat and liquidity risk

portfolio return, and: andb are market-wide parameters.

Section 1

Unconditional Model

If a manager possesses superior information ndtded in the public-information set
Q;, and can take advantage of it to realize supewatfgdio returns, the model does not
price the fund return. Then we can define an unitimmél SDF-based abnormal
performance measure as
a, = E (mn,) — 0, (2)
wherem is the SDF and, is the return of the fund in excess of a shomt&reasury bill.
By restricting to an unconditional measure - thgtanly a constant term is in the
information set - | assume any information can tgpetary.
Now consider a factor model regression for the sxaeturns of N underlying
securities in a portfolio:
r=a+Brs +tu v=a+u, (3)
wheref is theN x 2 matrix of betasy the vector of abnormal or idiosyncratic returns,
andE (urg) = 0 = E(w).

If a fund forms a portfolio using weights then the portfolio return is given by
16



r,=x1= (B +x. (4)
Note thatw := x'f is the weighted average of betas of individuatlstcheld by a fund,
which represents the fund’'s beta to benchmark glastf Substituting equation (1) into
the definition of alpha (2) we obtain
a, =aEwTrg) —bE(rgrgw) +E {(a—b'rp)xv} (+w=xB)
= a {Cov(wy, i) + Cov(wy, 1)} — b'E{[rsrs — E(rsrp)|w}+ E{(a — b'15)x v}
(- Cov (x,y) = Exy — ExEy; E{(a — brg)rg} = 0)
= a Cov(wy, 1) + a Cov(wy, 1) — b E{[rgrs — E(rsrs)|w}
+[aE(x'v) — b'E(rgv x)]. (5)
The first term in (5) captures market return letmaling through the covariance between
the portfolio weights set at the beginning of aigekrand the subsequent factor market
returns. Similarly, the second term captures ligquitiming ability. The third term relates
to volatility timing through the covariation betwegortfolio weights and the second
moment matrix of benchmark returns, which is whanfatt and Titman (1989, 1993)
missed* The last term captures selectivity skill, whichtie expected value of the
interaction between portfolio weights and idiosytar abnormal returns, and excludes
the part contributable to factors, which does mqtear in traditional selectivity measures.
The market-wide parametets and b = (b, b,) are estimated based on the
assumption that the benchmark portfolio and rigle fasset satisfy the pricing model, as

shown in equations (6a) and (6b) below. For eaald,fliestimate a market return timing

2 They look at the covariance between portfolio \nesgand the returns of securities held in a padctfol
but view it in a little different way from the priditerature. They estimate a covariance as theewgol
value of security return multiplied by the deviatiof portfolio weight from expected weight, and ythe
proxy the expected weight as lagged weight. By glaipn, they can address survivorship bias and the
critique of the impact of a benchmark portfolio merformance measure.
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component denoted as,, market liquidity risk timing abilityr,, a volatility timing
componenta,, and a selectivity component,. The model is estimated using the

generalized method of moments (GMM, Hansen, 198&)ugh the following moment

conditions:
g =(@—->b'rg)rg (6a)
& =(a—-b'rg)Rr—1 (6b)
€3 =T — U (6¢)
E41 = Oy — a(rM —,uM)’w (6d1)
E4y = — a(rL — ,aL)’w (6d2)
& = ag + b’ (rgrg)w — auzw (6e)
€6 = as — [(a = b'rp)v'x] 6£)
E(e) = E(ey, &, €3, €41, €42, &5, &) = 0. (69)

Stock betas for each risk factor and month arenastd using 60 monthly data
prior to the current month, requiring at least 2dnths of observations. For estimation |
require each fund to have at least 15 observatextgpt for the yearly performance and
persistence test, in which | require full 12 mondh®bservations. | estimate the market-
wide parameters using the first three equationa) (6 (6¢) subject to (6g), and then
plugging the parameter estimates into to the otlgeiations (6d1) to (6f) subject to (6Q)
to solve for alphas. | solve the system of equatifum each fund using GMM with the
Newey-West (1987) covariance matrix using threes legyaccount for autocorrelations

and heteroskedasticity-consistent estimate oftdnedard error.
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Section 2

Conditional Model

We can incorporate the effects of conditioning infation into the model by either (i)
scaling the returns (Hansen and Singleton (198%))ji) scaling the factors (Ferson,
Kandel, and Stambaugh (1987), Harvey (1989), arahidn (1990)). In this paper, | use
the latter** In this case, the SDF can be represented by arlic@embination of factors
with weights as linear functions of instrumentsttblaange across different information
sets; the conditional mean of factors can be espreas a linear function of instruments.

That is,

Meyr = Az — (bI,VIZt) rM,t+1_(blLZt) TLt+15

Hmeer = ,u;wzt, Hpeer = /‘th'
wherery, . andr; . are market excess return and liquidity risk fa@btimet; Myt and
1y, are conditional expectations of market excessmedand liquidity risk factor at time
t;a, by, by, u,, andu,, areL X 1 vectors of coefficients; and; € Q, is aL x 1 vector
of instruments including a constant.

Now the moment condition (6g) changes so that idlsravhen we multiply both
sides of the equation by any instrument. For examiplwe have two instruments, we
will have nine equations for parameter estimatind awelve equations for performance
estimation.

Following the previous studies (Christopherson,sbey and Glassman (1998),

Cochrane (1996), Ferson and Mo (2012), and Femsdrshadt (1996)), | use a collection

13 For details, see Cochrane (1996).
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of public information variables that are shown &useful for predicting security returns
and risks over time: (i) the lagged three-montha$tey bill yield, (ii) the lagged
dividend price ratio (iii) the lagged term spreéd) the lagged default return spread, and

(v) a dummy variable for the month of January.
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Chapter 4

DATA

The information on hedge fund returns, affiliatip@d characteristics are from the
TASS snapshot as of April 25, 2012. Because TASSdtarted to collect hedge fund
data since 1994, it does not include defunct fupésformance information before 1994.
Thus | choose the sample over the period Janud@¥ i® December 2010 to control for
the survivorship bias.

| obtain the 13F filers’ names, their equity holgsrand the holding stocks’ prices
data from the Thomson-Reuters Institutional (13B)dihgs database.

To identify 13F filers that manage hedge fundsjrétfcreate a list of non-
duplicate hedge fund managers’ names over the samp@tiod, where hedge fund
managers are defined as either a “management cgthpaan “investment company” in
a company type field in the TASS database. Alsmake a list of non-duplicate 13F
filers’ names over the sample period. Then | mdguaktch the hedge fund managers’
names to the 13F filers’ names.

To address the backfilling bias, | choose the olzgems after the date they were
added to the TASS database. In the event that gehtchd manager is matched to
multiple hedge funds and hence to multiple dateteddo TASS, | choose the earliest
date added to TASS for the manager.

In terms of the predetermined information variap{@sTreasury-bill rates are the
3-month Treasury bill, (ii) dividend price ratio tse ratio of 12-month moving sums of
dividends paid on the S&P 500 index to the pri¢&$,the term spread is the difference
between the long-term yield on government bonds thedTreasury bill, and (iv) the
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default yield spread is the difference between BaAd AAA-rated corporate bond
yields

| retrieve individual stocks’ information and Carhdour factors from the
CRSP! | expand the quarterly holdings data to the thremths in the next month to
compile monthly data.

In this paper | focus on a traded liquidity riskctiar constructed from Amihud
(2002) rather than Pastor and Stambaugh’s (20@8g¢r liquidity risk factor. Goyenko,
Holden, and Trzcinka (2009) investigate whetheuilgy measures constructed from
daily data can measure liquidity as well as thasenfintraday data. They find that
Amihud (2002) measure is a good proxy for priceactpwhile Pastor and Stambaugh’s
(2003) gamma does not perform well compared toratieasures. When we look at the
cumulative traded liquidity risk factor over tim&igure 1), we can see little time-
variations in the Pastor and Stambaugh’s measuea during the crises like LTCM
collapse, and tech bubble bur§tin contrast, we can observe a lot more variatinribat
of Amihud’s liquidity measure. Thus, it seems thatv measure based on Amihud (2002)
is more appropriate to study whether or not hedge imanagers time market liquidity.

To construct a market-wide traded liquidity risktfa, | follow Amihud (2002)

and Acharya and Pedersen (2005§irst | compute individual stocks’ daily liquidity

1 thank Prof. Goyal for providing the data on Wisbsite: http://www.hec.unil.ch/agoyal/

15| thank Prof. Fama and Prof. French for shariregdhta.

1 Note that | discuss only “traded” factor to conguatipha. In terms of cumulative factor, their other
factors (liquidity level and liquidity innovatiorgeem to exhibit enough time-variation comparedhtort
traded factor. | thank Prof. Pastor and Prof. Stangh for sharing the data.

7| clean the daily stock return data in the follogimanner: (i) | use ordinary common shares (sbade

is less than 20), (ii) stocks listed on NYSE/AME&x¢hange code: 1, 2) (See Reinganum (1990) on the
effects of the differences in microstructure betwége NASDAQ and the NYSE on stock returns, after
adjusting for size and risk. In addition, volumguiies on the NASDAQ have a different meaning than
those on the NYSE, because trading on the NASDAQoise almost entirely through market makers,
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measure as the negative signed ratio of absolute e stock return to dollar volume.
Then | compute the individual stocks’ monthly lidity measure as the average of daily
liquidity measures. The market-wide monthly ligtydievel measure is computed as the
value-weighted average of individual stocks’ mowththeasures, where weight is
determined by the prior month-end market capitéibra Then | obtain the monthly
market-wide liquidity risk (innovation) as the régal of AR(2) process of the liquidity
level using prior 60 months’ observations. For eautnth, | sort stocks into deciles
according to their liquidity betas which are conguutusing prior 60 months’
observations requiring at least 24 months’ obsewmatand using a regression model of
stock return on market return and market liquidigk. Finally, 1 compute the traded
market liquidity factor as the return to the spreadtfolio by buying the most sensitive
portfolio and selling the least sensitivity one.réleportfolio return is computed as the
value-weighted average of returns of the stocksth@ portfolio where weight is
determined by the prior month-end market capitéibra

The final sample contains (i) 13F filers managiregdee funds, (ii) their long
equity holdings of the prior quarter-end, (iii) skareturns of the current month, (iv) stock
betas for pricing factors, (v) pricing factors, gng the previous month’s instruments for

each month.

whereas on the NYSE most trading is done direatiyvben buying and selling investors. This resuits i
artificially higher volume figures on NASDAQ.), ifii stocks whose number of price and volume
observations within a month is at least 15, (iocks whose prior month-end stock price is betweeaigl
$1,000 and prior month-end market capitalizatioistsx (v) stocks whose monthly liquidity measuries |
between the Land below 99 percentiles. (vi) Also, volume is measured in $lioti. Finally (vii) returns
are adjusted for stock delisting to avoid survingushias. The last return used is either the latirn
available on CRSP, or the delisting return, if &kde. While a last return for the stock of -100%6 i
naturally included in the study, a return of -30®@ssigned if the deletion reason is coded in C&SF00
(reason unavailable), 520 (went to OTC), 551-578i0us reasons), 574 (bankruptcy), and 584 (doés no
meet exchange financial guidelines). (Shumway abtahat -30% is the average delisting return,
examining the OTC returns of delisted stocks.)
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Chapter 5

RESULTS

In panel A of Table 1, | document the summary stias for pricing factors. In panel B, |
report the estimates for the market-wide parametsirsy equations (6a) to (6¢) subject
to (6g). In panel C, | document the expected valugDF, which is actually the inverse
of the expected risk-free rate when we assumetlieatisk-free asset is a primitive asset
in the pricing model.

Table 2 presents the summary statistics of theageefund’s monthly exposure to
each risk, that is, the weighted average of theketabeta, liquidity beta, and
idiosyncratic risk of individual stocks held by theanager, where weight is determined
by holdings.

Panel A of Figure 2 depicts the average fund’s imgrisk exposure over time.
Market exposure appears to be slowly increasing twee with slight dips during the
NASDAQ crash and the recent global crisis. The ildy risk exposure has been
increasing slowly since mid-2005 to hit the highretent financial crisis. Also, the
average fund slightly increased its liquidity expiesduring the tech bubble burst. That is,
the average manager seems to have been incretsiexpbsure to the market liquidity
when they had to increase the most. Based on tiiesssvations, we can conjecture that
managers may have market timing ability but noitigy timing ability.

Table 3 reports the summary statistics of hedgd fadustry in terms of size and
holdings over the sample period. From panel A dil@& we can observe the increase in
the number of hedge funds, and those subject to WBIeh reflects the growth of the
industry over the past decade. Because the nunfberapnagers during 1994 ends up
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being only two in the final sample, | do not inctuthis year in the analysis afterwards.
Panel B documents the size of the equity holdinghenlge fund managers compared
with CRSP total equity holding§.To gauge the size of hedge funds subject to 13F, |
examine the assets under management (AUM) in @@anehich shows that hedge funds
subject to 13F are about two times bigger tharr twinterparts.

Table 4 documents the performance estimates aitbege hedge fund manager.
Panel A of Table 4 presents a simple example shgpwiow | construct a single
representative portfolio in the current paper. ®orf an equally weighted portfolio, for
each quarter | take the average of the positioteeindividual managers, with one over
the number of managers of the quarter as an eqe@hty to form a value-weighted
portfolio, | take the average of the positionsia# tndividual managers, with total equity
holdings of the quarter as weights. | use an eguedighted portfolio so that large funds
do not dominate the overall results. Unless othezvgitated, “average fund,” “portfolio
level,” and “aggregate fund level” refer to an dbuaveighted portfolio. Panel B of
Table 4 reports the performance estimates fromteqsa(6d) to (6f), subject to (6a) to
(6¢) and (69) for the average fund under unconakionodel. The results show that the

average fund exhibits total alpha of 2.08% per yeatatistic 0.45), which represents

18 As of 2010, the ratio of total equity holdings bgdge fund managers to CRSP total equity holdings
(24.87%) seems to be larger than the findings dffiGrand Xu (2009) and Ben-David, Franzoni, and
Moussai (2012), who document the figure as arond®@ 5%. This difference may be because they use a
different sample period, proprietary data, or stridilters than | do. For example, they use ortigse
managers whose main line of operations is hedge lfuwsiness, they exclude large investment banks and
prime brokers that might have internal hedge fuuasifess, management companies for which the rétio o
13F AUM to TASS AUM exceeds 10%, and hedge fundb Veiss than $1 million in total AUM, and they
keep institutions of which more than half of thelients are classified as “High Net Worth Individkiaor
“Pooled Investment Vehicles.” In fact, the numbérhedge fund management firms in Griffin and Xu
(2009) and Ben-David, Franzoni, and Moussai (2@k2)around 300 and 100, respectively. However, the
medians are similar.
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2.41% (2.54) of selectivity skill and —0.32% (—0.@ timing ability® Although it is
statistically insignificant, the point estimateasonomically meaningful as it can cover
the standard fixed management fees of 1 to 2%.,Alste that the overall performance
comes primarily from stock picking ability.

The weak evidence of the average fund’s capacityififormed trading is
somewhat surprising considering the convention@wviof hedge fund managers’
superiority and the high incentive fees investars éharged. One possible explanation
for this weak evidence is that the average hedgd performance is volatile over time,
the time series mean of which fails to reflect sdghamics, thus producing insignificant
estimates. To investigate the time-variation offgrenance, | look at a year-by-year
performance. Yearly alpha is estimated using fAlhionths’ observations for each year,
and the GMM estimation method (6d1) to (6f) subjec{6g). | use the same market-
wide parameter estimates as before, that is, ttegg@ted in Panel B of Table 1. Indeed,
we can observe that the yearly alpha of the avefagd fluctuates over time, as
presented in Figure %.Also, although 75% of the years deliver positie¢at alpha,
negative alpha years are primarily identified asit historically large plunges in the
magnitude of alpha. Moreover, the latter is usualbtched to significant market events,
such as the NASDAQ crash and recent financial turntwat is, —15.70% per year, —

29.14% per year, and —55.17% per year correspaspecévely to the 2001, 2002, and

191f | use the value-weighted portfolio, the magdiuof alpha is reduced but the overall pattern nesna
similar. The table is available upon request.

2 Remember that the estimation method here is ketthat for the usual regression of fund returns on
multiple factors, in which we need to ensure thenber of estimates does not exceed the number of
observations. Rather, the alphas here are compndependently of one another; thus we do not need t
worry about the degree of freedom to the exterttwlgado not care about the significance level.
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2008. Therefore, the yearly performance is deteechimainly by the timing component,
which is in turn largely affected by market conaiits.

To examine how performance changes with marketitond, | split the sample
period into six sub-periods according to widely egmted structural break points: the
period up to the collapse of Long-Term Capital Mggraent L.P. (LTCM) and just
before the tech bubble (January 1995 to SeptemB@8)l during the tech bubble
(October 1998 to March 2000), the NASDAQ crash, #wounting scandal and
September 11 attacks (April 2000 to October 200#),subsequent period leading up to
the mortgage crisis (November 2002 to June 20@@)ré¢cent financial crisis (July 2007
to December 2008), and the remaining period (Jgn2@09 to December 2010). Within
these periods, more patterns of the average masgggformance become manifest, as
reported in Table 5. That is, market downturnsmaaéched to significantly large negative
alphas (the NASDAQ crash and the recent finanaials; respectively, correspond to —
20.02% p.a. (t-statistic —2.00) and —39.92% p.&.7(2)), while market upturns or normal
times are mostly matched to significant and positiphas (the periods before the tech
bubble, during the tech bubble, after the bubbéslttieading up to the mortgage crisis,
and after the recent crisis correspond to 4.86%(P.d1), 23.38% p.a. (2.77), 12.81% p.a.

(2.92), and 15.90 % p.a. (1.26), respectivéhyi?

ZLFung et al. (2008) apply two structural breakpmimiTCM crisis (September 1998) and the NASDAQ
crash (March 2000), to their sample between 199b 2004. Hesse, Frank, and Gonzalez-Hermosillo
(2008) identify subprime turbulence (July 2007)the structural breakpoint. lvashina and Sharfstein
(2010) define August 2007 to July 2008 and Augudd&to December 2008 as crisis | and crisis Il,
respectively. To ensure enough observations in sabhperiod, | combine the two into one (choosing
either July 2007 or August 2007 does not make wiffee in the results). Also, the NASDAQ crash seems
to continue until 2002 because of a series of autog scandals and the September 11 attacks; therdf
choose December 2002 as the end of the crash.
(http://en.wikipedia.org/wiki/Stock_market_dowmuof 2002)
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The pro-cyclical movement of the average fund'dqrerance may be able to be
explained further by incorporating market condifomto the model. Under the
conditional model, | allow the market-wide paramet® change over time, while under
the unconditional model, | assume the parametebe tconstant across the entire sample
period. More specifically, each market-wide paranets set to be a function of
instruments, so that it changes with market coongi Panel C of Table 4 presents the
estimates with conditioning information, in whidiettiming component (0.17% p.a. (t-
statistic 0.04)) becomes positive, whereas thecselly alpha (2.39% p.a. (2.37))
remains similar to its level without conditioningfermation. Moreover, Figure 3 shows
that about 20% of the overall performance durin@&6an be explained by conditioning
information. This suggests that without informatiabout economic state, investors
would commit the mistakes of using inflated rislpesgure to ascribe poor performance to
the manager. Furthermore, conditioning informatidoes not appear to affect the
selectivity measure.

The change in the average fund’s performance werket conditions may also
be explained by hedge funds’ capital structurdnelfige funds have devices to alleviate
investors’ running on the funds during crises, they less likely to be forced to engage
in fire-sales. Then managers can maintain thegreignary trading activities with less
capital constraints. To investigate the impact apital constraints on fund mangers’

arbitrage activities, | split the sample into twotbree sub-samples according to share

2 \We design the estimation method to account foatitecorrelation and heteroskedasticity of thedesi
terms of the time series; that is, we use the Newegt covariance matrix with a lag of three, whish
why | split the sample this way. Ignoring the timeries characteristics and breaking the sample
dichotomically into crisis (the NASDAQ crash andeat financial crisis) and non-crisis (the remagnin
period) periods, we still have consistent resditat is, —27.34% p.a. (t-statistic —2.51) for thisis, which
represents selectivity alpha of 4.81% (1.80) amintj) alpha of -32.15% (3.19)), and 12.16% p.a.4Bf6r

the non-crisis, which consists of selectivity algd.58% (1.74) and timing alpha of 10.58% (2.97).
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restrictions such as lock-up periods and redemptaiite periods (equity capital
constraints), and average leverage (debt capitatcaints) using a TASS snapshot as of
April 25, 2012. Then | form a portfolio of goingrig the top portfolio and short the
bottom, the yearly alpha of which is depicted imgla A and B of Figure 4. We can see
that those with longer redemption notice periodglt®d outperform those with shorter
redemption notice periods by 6.23% (2.95) durin@&Also, those with lockup period
clause appear to outperform those without lockupodeclause by 2.83% (2.52) during
2008. Overall those with strong share restrictisesm to perform better than those with
weak share restrictions as shown in Panels A anfi Bable 6, an outcome that appears
to be mainly driven by mangers’ stock picking skillso, we can see that share
restrictions played an important role during teciblide period. But we can also observe
the slight drop in performance of the funds witlosg share restrictions during 2007.
This may suggest that there could have been préhsmgaction by investors because of
the concave flow-performance relationship in thespnce of share restrictions as argued
by Ding et al. (2008). Those with leverage tendp&sform a little better than those
without during the recent financial crisis, as sliated in panel C of Figure 4. During
2008 it seems that leverage was helpful for imprgviming performancé®

Another way to think of the large fluctuations imesage fund performance with
market conditions is to approach them from theddrtquidation story. That is, hedge
funds in the face of forced liquidation may preter sell off the stocks with low

sensitivity to the market return, leaving them wiiigh sensitivity stocks when market

% But Ang, Gorovvy, and Inwegen (2011) show thatdeetlinds keep changing their leverage, which is
countercyclical to the leverage of listed finandigbrmediaries. So the weak evidence may be duketo
coarse indicator variable for average leverage.

29



return plunges. Ben-David, Franzoni, and Mouss&@il{?, Brown, Carlin, and Lobo
(2010), and Scholes (2000) posit that investorsripde their stocks when facing forced
liquidation or during risk management, such asirgglbff liquid stocks. However, as
Panel A of Figure 2 shows, the average hedge fuager actually reduced its market
exposure through their equity holdings during therkat downturns, both by selling high
beta stocks and buying low beta stocks. But thal @tposure was still positive when
market return is far below its historical average,we have negative timing ability. In
addition, we can observe that the beta of the stpekchased by the average fund was
highest during the tech bubble.

In contrast, the average hedge fund increasedjtsseire to the market liquidity
during the recent financial crisis, by selling lessnsitive stocks and buying more
sensitive stocks as shown in Panels B and C ofr&igu Indeed they exhibit negative
liquidity timing ability during crisis although theagnitude is small compared to that of
market return timing ability.

In addition, | look at the difference in stock-léviguidity between the stocks
bought and sold by the average manager, which asiishin Panel D of Figure 2. To
avoid the price impact of trade, | use 12 montlempliquidity level measure. We can see
that during 2008Q3, the difference in value-weighteverage liquidity between the
stocks sold and bought is significantly negativajlevthe difference in equally weighted
average is insignificant. This suggests that thgiseks sold a lot are more liquid than
those stocks bought a lot. Similar phenomena asergbd during 1998Q3 and 2000Q1.
Thus, consistent with the previous literature, eéems that liquid stocks are more
preferred to be sold off during market downturns.
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Overall, it seems that during the second half @&Ghe stocks sold off by the
average hedge fund manager can be described ad $tpeks with high sensitivity to
market return and low sensitivity to market ligtydicompared to the stocks she
purchased. In fact, as depicted in Panel E, weoteserve that the correlation between
liquidity and liquidity beta is negative, and therelation between liquidity and market
beta is positive over the sample period. Howevdratwve can also observe is that the
correlation between liquidity and liquidity riskasles to zero during crises, which means
that liquidity level and risk becomes more indepartd This can be consistent with
Sadka and Lou (2011), who argue that liquid stazks be dangerous during crisis by
showing that liquid stocks (stock level) can uneefgrm illiquid stocks during crisis,
and the performance of stocks during the crisis lbarbetter explained by historical
liquidity beta than stock level liquidity.

Another possible story for the pro-cyclical movertneof the average fund
performance is that 13F does not provide completeime of all holdings, so we cannot
observe their other positions which can possiblyvde positive alpha. Other positions
can include short selling and derivatives. If satifategies are used, we would expect the
overall market exposure of the average fund to dgative or small during the market
pullbacks, and liquidity exposure to be positiveoay during the market liquidity dry-ups.
To investigate this, | form an equally weightedtfmio of the funds whose managers fall
into the final sample in this study using hedgedfuaturns data from TASS, and then
employ the returns-based performance measure foigpWweynor and Mazuy (1966) and
Cao et al. (2012). That is, the market-, liquidityand volatility timing are measured as
the coefficient estimates @f y, and6, respectively, in the following regression:
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eret,, = a + BMKTRF? + yYMKTRF, X LIQ} + 6MKTRF, X VIX{ + FH7 factors,
whereeret,, ; is the portfolio return in excess of risk-freeerat montht, MKTRF, is the

market excess return in monthLIQ¢ the demeaned traded Amihud liquidity factor,
VIX& the demeaned VIX (measure of implied volatility$%P 500 index options), and
FH7 factors the Fung and Hsieh seven factors, which includeethrend following
factors (bond (PTFSBD), currency (PTFSFX), and madity (PTFSCOM)), two
equity-oriented risk factors (equity market (MKTRBize spread factor (SMB)), and two
bond-oriented risk factors (bond market (YLDCHG),redit spread factor
(BAAMTSY)).?* Using 36-month rolling window, | find that the amge fund exhibits
positive market return timing and negative liquydiand volatility timing ability during
the recent financial crisis, but overall | do nioidf evidence of timing abilities as shown
in Panel A of Figure 5 and Panel A of Table 7.

To examine whether the use of derivatives makesd#fgrence in performance
dynamics, | break down the sample according to hbdge fund managers’ use of
derivatives, which is proxied by the average of TA&SS “Derivatives” indicator across
individual funds for each manager. The differencalpha between hedge fund managers
who do and do not use derivatives seems to belea divunter-cyclical, as illustrated in
Panel C of Figure 5, which suggests the possiltiit derivatives users use long equity

positions for hedging purpos&s.

24| thank Prof. Hsieh for providing the data on Wwisbsite:
http://faculty.fuqua.duke.edu/~dah7/HFData.htm

% But Aragon and Martin (2012) show that there isigtgap in derivative indicator between their hand-
collected 13F holdings information and the snap$twh TASS. So the weak evidence can be driven by
this information gap.

32



In summary, conditioning information, equity capitenstraints, and priority of
the stocks sold in the face of forced liquidati@m gartly explain the time-variation of
the average fund performance with market conditibtvever, debt capital constraints,
and use of derivatives do not seem to accounhfoperformance dynamics.

Another plausible explanation for the average hddgd manager’s lack of skill
is that, as Griffin and Xu (2009) mentioned, hedgeds employ strategies that only
work under certain market conditions, such as dutire tech bubble. Brunnermeier and
Nagel (2004) examine hedge funds’ 13F holdings figonil 1998 to December 2000,
and show that hedge funds adjust their positionsgh price-to-sales stocks in a timely
fashion to capture the upturn and avoid the dovwnuuring the technology bubble.
However, | find evidence consistent with Brunnemneand Nagel (2004) only in terms
of selectivity skill?®

Relative to overall timing and performance, theeswVity alpha of the average
fund tends to be stable over time. It does not phe@tinduring market downturns, and is
even positive during those periods.

Although the average fund performance is weak,| slah still exist at the
individual fund level. Figure 8 provides the distriion of individual funds’ alphas. The
normal distribution does not appear to fit well wthe alpha distribution of individual
funds. Overall, the alpha distribution is more pehkhas higher kurtosis) than normal
and so tends to have slightly heavy tails on batbss Most alpha distributions appear to

be skewed to the left except for selectivity alpha.

% Using the same sample period as theirs, | find tha SDF-based selectivity alpha is 5.42% p.a. (t-
statistic 1.54) for the equally weighted portfolighile the timing alpha is only 0.32% (0.03).
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To assess the significance of the cross-sectidatistscs of ability, | rely on a
bootstrap procedure following Kosowski et al. (20@&d Jiang, Yao, and Yu (2007).
The reasons are as follows: first, we cannot jeyf on t-statistics to determine the
statistical significance at the individual fund ébas we do analysis at the aggregate level.
This is because to investigate ranked managersneee to consider order statistics,
which means that we need to figure out the joistriiution of over 600 managers’ skill
probability distribution. Thus, if we examine fundsility based on the t-statistics, we
can have some funds with significant positive &pilist by sample variation, regardless
of their actual ability. Second, we cannot assurhe ability is identically and
independently distributed (i.i.d.) across funds.dge funds can hold significantly
different stocks or similar stocks according toithevestment strategies, which means
that their ability can be heterogeneous and cdaelalso, the life spans of funds do not
necessarily overlap with one another, and the numobesample changes over time.
Finally, the finite sample distributions for theoss-sectional statistics can be different
from their asymptotic counterparts. To addressehssues, | follow the prior studies and
rely on a bootstrap analysis that depends on thgoekempirical distribution rather than
the ex-ante parametric distributions.

The bootstrapping procedure obtains the distrilbutad a particular cross-
sectional statistic (say, top l@nanager’s alpha) under the null hypothesis of lritity
and then compares it to the actual statistic terda@he the statistical significance level
for the statistic. To conduct the bootstrap analysifirst generate a large number of
cross-sections (here, 1,000 iterations) of indigldunds’ alphas under the assumption of
no ability. To do so, | fix the stocks’ market alguidity betas, and portfolio weights,
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but instead randomly sample with replacement thesyehcratic stock returns, market
returns, liquidity risk, and risk-free rate, indeplently, to generate a hypothetical dataset.
2728 Then | compute alphas for each manager to genengéypothetical cross-section.
This can be called the'iteration. We do the same procedures until wetlgetl,000th
iteration. By doing so, we can generate 1,000 esestions of alphas under the
assumption of no ability. For example, suppose thvaant to know whether or not the
top 10" manager’s alpha is from luck. Then | pick the i@ alpha from each of the
1,000 hypothetical cross-sectional distributionsid acompare the 1,000 top ™0
hypothetical alphas with the actual top™lfhanager’'s alpha. If the actual alpha is
consistently higher than the corresponding hypatakalpha, then we cannot say that the
manager’s alpha is from luck. So the bootstrappa@lpes for alpha and t-statistic,
respectively, can be computed by

_ Zil{aHypothetical, i>aActual} _ Zil{t_StatHypothetical, i>t—5tatActual}
Pvalue,a = 1,000 ’ Orpvalue,t - 1.000

)

wherel{x} is an indicator variable having value Toff the statement is correct, and 0
otherwise?® That is, a low value of p (close to zero) implibst the actual alpha is

consistently higher than its bootstrapped valuestha evidence of ability, while a high

27| use different seed numbers for each factor.

2 Alternatively, one could randomly select holdingssitions for each fund. However, it is challenging
because managers hold different stocks over tirdestotks exist only for some periods. Also, conside
that hedge fund managers’ investment strategiesarelated with each other, keeping the actuadihgb
information fixed can preserves the covariancecttine of the fund’s market exposure (strategy) with
correlated fund betas.

2 t-statistic is a pivotal statistic, which has sorseperior statistical properties when constructing
bootstrapped cross-sectional distributions, sitcgcales alpha by its standard error, which tendbet
larger for short-lived funds for funds that takgher levels of risk. In addition, it is relatedtte Treynor
and Black (1973) appraisal ratio, which is commouadgd by practitioners to rate fund managers, and i
prescribed by Brown et al. (1992) for helping tdigdte survival bias problems. Thus, the distribaitof
bootstrapped t-statistics in the tails is likelyetchibit better properties than the distributiorbobtstrapped
alpha estimates in the region.
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value of p (close to one) implies that the estimidiming measure is consistently lower
than its bootstrapped values and thus evidenagcéf |

Table 8 reports the results of bootstrap analgsislphas and t-statistics. We can
see that even top managers’ skills are likely fltaok (we have only three exceptions in
the t-statistics case: managers of the top selscskill, the top and top 90volatility
skill). This is in contrast with Kosowski, Naik, @Teo (2007), who study hedge fund
performance using returns data and bootstrap agdsgan approach, and conclude that
top hedge fund performance cannot be explainedubk. IThis may suggest that the
performance effect of market conditions outweidtet bf randomness.

Table 9 reports the performance persistence ofvishal funds. Following
Griffin and Xu (2009), | examine the performancespence in two ways: based on the
prior year’s performance and on the entire perforceahistory. First, for each year, | sort
managers into quintiles according to their previgesr's alphas, requiring a full 12
months of observatior’.Then | form an equally weighted portfolio for eagtintile,
and estimate alphas of the current year for eaaftituportfolio. To ensure that | have
enough funds for ranking, the evaluation periodtstan 1997. Panel A of Table 9
presents alphas for each quintile in which thefpbatis rebalanced every year according
to the previous year’s ranking, and is held for gaar. Also reported is the performance
difference between the top and the bottom portéolio examine the performance
persistence. We can observe weak performance feersgsfor total alpha (3.44% p.a.

(1.48)), which can be decomposed into positivecsigiey component (3.69% p.a. (2.20))

% Conducting the same experiments with the previ@ugears’ observations requiring at least 15
observations yields slightly weaker results thandtating the experiments with 1 year of observatjdout
selectivity skill still exhibit persistence.
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and the negative timing component (—0.25% p.al8)). When ranking is based on the
prior year’'s selectivity skill, the selectivity cgmnent again appears to be persistent
(3.92% p.a. (2.11)), whereas the timing componeft58% p.a. (-0.42)) reduces the
overall performance (3.34% p.a. (1.43)). Timingliabidoes not exhibit persistence.
These results are in line with the unstable movérnétiming alpha and the relatively
stable movement of selectivity alpha, as shownhmm portfolio level analysis. Next |
investigate the performance persistence basedeerttire history, taking into account
the fact that investors generally base their decssion the entire history rather than only
the last year's performance. The results shownainepB of Table 9 are weaker than
those based on the prior year's performance. Wevigam this finding as supporting the
rational model of Berk and Green (2004). In themd®l, managers have differential
abilities to generate risk-adjusted returns bué fdecreasing returns to scale in deploying
their ability; thus investors’ rational provisiorf oapital to funds with superior skill
results in zero risk-adjusted, after-fee returnghe investors. Ignoring the statistical
significance, the spread portfolio based on therpyear's market timing delivers the
highest total alpha (3.89% p.a. (1.81)). In contréee portfolio formed according to the
prior year’s volatility timing yields the worst timg ability in the following year (-4.24%
p.a. (-1.47)). For the entire history case, thetfplo based on the historical total
performance performs the best.

This paper introduces liquidity timing ability ugira holdings-based measure for
the first time. However, | do not detect any sigraint liquidity timing ability both at the
portfolio level and at the individual fund levela@ et al. (2012) investigate liquidity
timing at the individual fund level, relying on aturns-based measure and bootstrap
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analysis, and argue that managers of equity-odehezilge funds can time the market
liquidity by adjusting the funds’ exposure basedtlogir forecasts about market liquidity
conditions® The results are consistent at the aggregate ievaht we both do not find
significant evidence on liquidity timing ability. U8 the difference at the individual fund
level may be due to the fact that they assume ditjuias one dimension of market
conditions and measure the liquidity timing abikty the covariance between market beta
and liquidity risk, while | assume the two fact@ay independent roles in asset pricing,
and measure it as the covariance between liqulttty and liquidity risk? Another
possibility is that managers have little informati@bout future unexpected liquidity risk,
or they time the market liquidity with high freque®

| also investigate whether hedge fund managergicenmarket liquidity even if
liquidity risk is predictable based on publicly #dsble information. Pesaran and
Timmermann (1995) examine whether the predictghiitU.S. stock returns could have

been exploited by investors, and find that the igtee@ power of various economic

31 By replicating Cao et al. (2012) and observing thdarger proportion of hedge funds subject to 13F
filings lie on the right-hand side of the timingilél distribution (their Table 4), | confirm thatifferent
datasets do not drive the different results.

32 However, using their returns-based measure, hettaverage fund constructed from their sample aed t
average fund from mine do not exhibit liquidity timg ability. When | change only the PS liquidityés to

the PS traded liquidity risk factor (or PS non-trddiquidity risk factor) in their returns-basedts®, the
results become weaker.

33 Under the assumption that managers possess nialsgkitt, the holdings-based measure can avoid the
interim-trading bias raised in the returns-basedsuee, because we can use ex-ante informationhvigic
not contaminated by subsequent trading activitgsgupublic information between returns-reportirages.
However, under the assumption that managers posapssior ability, the holdings-based measure éss |
statistical power than the returns-based measecguse of the lower frequency of the data (quartes]
monthly). Based on the existing literature, to hesdhe loss of statistical power issue, | could psablicly
available high-frequency (daily) data, such as m@rkturns and stocks returns or conditioning imiation,
employ simulation or bootstrap analysis to show seriority of holdings-based measure over the
returns-based measure (Ferson and Khang, 2002zi@aet, Ingersoll, and Ivkovich, 2000; Jiang, Yao,
and Yu, 2007). Future research could conduct tipemxent using daily liquidity-factor data. In atidn,
Busse (1999) and Bollen and Busse (2001) use mtapyi high-frequency (daily) fund-return data. Bers
Henry, and Kisgen (2006) exploit the specific feataf SDF such that SDF for term-structure modals ¢
be represented as simple exponential functionsrai-structure factors.
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factors over stock returns changes through timeaseB on the evidence from early
studies they select a benchmark set of regressons which an investor can select
predictors of market returns in “real time.” The sensists of a constant as well as nine
regressors including the dividend yield, earningsepratio, 1-month T-bill rate, 12-
month T-bond rate, year-on-year inflation, yearysar rate of change in industrial
output, and year-on-year growth rate in the namooney stock.

To my knowledge, existing studies do not exantivee predictability of market-
wide liquidity. Therefore | establish a base setpotential forecasting variables from
Welch and Goyal's (2007) study of the predictorsghe equity premium. | choose the
nine variables which are most highly correlatechwite traded liquidity risk factor over
the period of January 1984 to December 2011. Nanteiged traded liquidity risk factor,
lagged book-to-market ratio (the ratio of book eato market value for the Dow Jones
Industrial Average), lagged Treasury-bill rate (&Mh Treasury), lagged long-term
yield (long-term government bond yield), laggedatibn rate(Consumer Price Index),
lagged stock variance (sum of squared daily retmshe S&P 500), lagged CRSP
spread value-weighted index, lagged dividend prag¢® (the difference between the log
of dividends and the log of prices), and laggecdhiegs price (the difference between the
log of earnings and the log of prices).

For each month, | run OLS regressions of the tradatket-wide liquidity factor
on all the possible combinations of nine poterfoaécasting variables using the prior 60
months of observations. Thus, for each month, 1512 (=2) regressions and select the
best forecasting equation for the month based enrsthtistical model selection criteria
such as Akaike’s Information Criterion (AIC), Schwa Bayesian Information Criterion
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(BIC), and R-square (R Based on the estimated coefficients from the fmecasting
equation, | make the one-month ahead predictiolgafdity factor. The AIC and BIC
criteria are likelihood-based and assign differgaights to the “parsimony” and “fit” of
the models. The “fit” is measured by the maximizatue of the log-likelihood function,
and the “parsimony” by the number of freely estetatoefficients.

Following Pesaran and Timmermann (1995), | exantingefit of the recursive
forecasts by looking at the recursively computediased correlation coefficient between
the recursive forecasts obtained under the diftereadel selection criteria and the actual
traded liquidity risk portfolio return, which areported in Figure 9. Although the traded
liquidity risk portfolio return seems to have besrakly predictable during the recent
financial crisis based on publicly available infation and rolling model selection
criteria, overall it does not seem to be predigalliso, if we just look at whether the
sign of actual liquidity and forecast coincide, Wwave the same sign for slightly more
than 50% of months (52%-55%) for all model selettateria over the period (January
1989 to December 2011) and the sample period (dpl@®5 to December 2010). The
lack of predictability in the traded liquidity ridlactor based on public information shed
light on the lack of liquidity timing ability amonigedge fund managers. In particular, the
evidence here helps exclude the puzzling scenariowhiich managers do not exhibit
timing ability even though liquidity returns areeplictable.

Moreover as in the case of Pesaran and Timmerr(k885), the best predictors
seem to change over time as shown in Panel D air&i®, thereby highlight the
importance of a dynamic model for model selectiOnerall it seems that CRSP S&P
value-weighted index, stock variances, and booky#oket ratio are the best predictors
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over the period of January 1989 through Decembgd 2@hile the lagged liquidity and
dividend to price ratio are more important durihg earlier period, and the Treasury bill

rate and Long-term yield are more important duthwglater period.
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Chapter 6

CONCLUSION

In this paper, | evaluate hedge fund managers’kspacking skill and various timing
abilities — market return, volatility, and liquigit- using 13F equity holdings data and a
stochastic discount factor (SDF) model built onséerand Mo (2012). Consistent with
Griffin and Xu (2009), | find weak evidence of hedfund managers’ capacity for
informed trading® However, by examining the time-variation and deposition of
performance of the average hedge fund manageed abditional light on why we do
not find strong evidence to support the conventionew of hedge fund managers’
superiority.

At the aggregate level, | find that the weak evimens driven by the large
fluctuations in overall performance, which are d®ieed primarily by the timing
component, which in turn largely depends on macketditions. In contrast, selectivity
skill exhibits relatively stable patterns over tinaad does not seem to be as affected by
market conditions. Moreover, | show that the candihg information, equity capital
constraints, and priority in stocks to liquidatengaartly explain the time-variation of
performance with market conditions. However, debpit@al constraints, and use of
derivatives do not seem to account for the perfocaalynamics.

Also, at the individual fund level, using bootstrapalysis | show that even the

top managers’ alphas cannot be separated from lbich is in contrast with the

34 Using one of Griffin and Xu's (2009) sub-sampleipés overlapping with mine, 1995-2004, | find that
the GMM estimation for the equally weighted portfotonstructed from my sample gives total alpha of
2.22% p.a. (t-statistic 0.44), selectivity alpha20f2% p.a. (1.67), and timing alpha of -0.19% (@&04).
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existing evidence based on hedge fund returns A&ga, | find that there is a short-term
persistence in hedge fund managers’ performance.
For future research it would be interesting to asmidthe analysis with high

frequency data, and more refined data.
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Figure 1. Cumulative traded liquidity risk fact®rastor and Stambaugh vs. Amihud.

The top one depicts the cumulative traded montlgyidity factor constructed from
Amihud (2002), and the bottom one depicts that a$tér and Stambaugh (2003). |
cumulate the logarithm of one plus traded liquidigk portfolio return. Monthly traded
Pastor and Stambaugh measure is downloaded from3tambaugh’s homepage. Their
measure is computed as the return to the spredfblpmsorted on liquidity innovations
in their paper. The traded Amihud liquidity measisecomputed as the return to the
spread portfolio based on liquidity sensitivity.afhs, each month stocks are sorted into
deciles based on their liquidity sensitivity, aritert a spread portfolio is formed by
buying the top decile portfolio (the most sensitgreup) and selling the bottom decile
portfolio (the least sensitive group). Liquidityns#ivity is computed as the coefficient
estimate in the regression of stock return on ntagseess return and market-wide
liquidity measure. For each month, | use prior 6ihths’ observations requiring at least
24 months’ observations to run regressions. Mgnthérket return, risk-free rate, and
stock information are from CRSP. Market-wide ligtydmeasure is computed as the
residual of the regression of monthly Amihud ligtydneasure on two lagged monthly
Amihud liquidity measures. | use 60 months’ obsgoves to run this regression. Monthly
Amihud liquidity measure is computed as the mon#vgrage of daily liquidity measure,
where daily liquidity measure is defined as minng anultiplied by the daily ratio of

stock return over dollar volume following Amihudo@2).
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Table 1. Factors.

Panel A. Summary statistics of the monthly marlettinn in excess of the risk-free rate
and the traded Amihud liquidity factor over theipdr1995 January to 2010 December.
The traded Amihud liquidity measure is computedresreturn to the spread portfolio
based on liquidity sensitivity. That is, each mosthcks are sorted into deciles based on
their liquidity sensitivity, and then a spread palid is formed by buying the top decile
portfolio (the most sensitive group) and selling thottom decile portfolio (the least
sensitive group). Liquidity sensitivity is computed the coefficient estimate in the
regression of stock return on market excess rednch market-wide liquidity measure.
For each month, | use prior 60 months’ observaticetuiring at least 24 months’
observations to run regressions. Monthly marketrre risk-free rate, and stock
information are from CRSP. Market-wide liquidity aseire is computed as the residual
of the regression of monthly Amihud liquidity meeswn two lagged monthly Amihud
liquidity measures. | use 60 months’ observatiansih this regression. Monthly Amihud
liquidity measure is computed as the monthly averaigdaily liquidity measure, where
daily liquidity measure is defined as minus one tipliéd by the daily ratio of stock
return over dollar volume following Amihud (2002Ylonthly market return, risk-free

rate, and stock information are from CRSP.

n mean std min ql Med g3 max
Market | 192| 0.0056| 0.0480 -0.1855| -0.0232| 0.0150| 0.0364| 0.1104
Liquidity | 192 | -0.0024| 0.0583| -0.2360| -0.0314| 0.0004| 0.0228| 0.3416
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Panel B. Estimates of the market-wide parametetieiuanconditional model. | estimate
the parameters for the equations (6a) to (6¢) stbje(6g) using the GMM method with
the Newey-West covariance matrix of three lad¢fere, | assume the parameters are
fixed over the sample period 1995 January and ZDd€ember, and | use the monthly

risk-free rate, market excess return and tradedh@chliquidity measure as the primitive

assets.
Parameter Estimatg StdErr t-value Probf DF
a 1.0171 0.0222 45,74 <.0001 191
by 2.9383 1.9348 1.52 0.1305 191
b, -1.3921 1.2689 -1.1 0.2740 191
Uy 0.0056 0.0038 1.48 0.1418 191
U -0.0024 0.0040 -0.59 0.5539 191

Panel C. Mean of the SDF. Since we assume riskgogdolio is a primitive asset, it
satisfies the asset pricing formula, so we haveipected value of SDF as the inverse of
the expected value of gross risk free rate. | usathly risk-free rate over the sample
period 1995 January to 2010 December, which ar@mdd from CRSP.

n E(m)
m 192 0.9973

! The table of 25 coefficient estimates for the paters under conditional model is available upauest.
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Table 2. Average fund’s exposure

The summary statistics of the average fund’s mgnéxposure to the market excess
return, the traded Amihud liquidity measure, anel itiosyncratic risks. The exposure is
the weighted average of betas or idiosyncratic oskindividual stocks held by the

average fund, with prior quarter-end holdings agyhts. | obtain individual stock betas
using the regression of stock excess return on ehakcess return and traded Amihud
liquidity risk factor, and the previous 60 monthisatservations requiring at least 24

months of observations.

N mean std min gl med a3 ma
Market (x'By) 192| 0.8376 0.0963 0.6711 0.7614 0.8328 0.9046 3B.027
Liquidity (x'B.) 192 | 0.0829| 0.0651 -0.0260 0.0146 0.0903 0.1347 40.23
Idiosyncratic risk(x'v) | 192| 0.0021] 0.0094 -0.0304 -0.00B0 0.0020 0.0077 348
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Figure 2. Average fund’s exposure.

Panel A. The average fund’s monthly exposure tartheket excess return and the traded
Amihud liquidity risk. The exposure is the weight@erage of betas or idiosyncratic risk
of individual stocks held by the average fund, watior quarter-end holdings as weights.
| obtain individual stock betas using the regrassid stock excess return on market
excess return and traded Amihud liquidity risk ¢actand the previous 60 months of
observations requiring at least 24 months of olzdems
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Panel B. The weighted average of the betas fostibeks bought and sold by the average
fund. The top one depicts the time-variation of kearbetas for the stocks bought and
sold by the average manager for each month. Thrbobne depicts the change in
liquidity betas for the stocks bought and sold bg average manager over the sample
period 1995-2010. For each quatrter, if the numlbeshares for a stock increased from
the prior quarter, the stock is defined as “bougbtherwise as “sold.” Stocks that are
newly introduced to the current quarter and thése &re no longer held in the current
guarter are classified as “bought” and “sold” s&alespectively. | compute the weight as
the absolute value of the change in shares m@tipby the share price of the prior

guarter-end. | use the prior quarter-end priceeftect the actual trading rather than price

changes.
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Reported are the t-test results for the differanagaeans of the betas of the stocks sold and bougport the results only for the last
guarter of each year to save space. The top onerdaus the average market betas for the stockshbang sold, the beta difference,
and its t-statistics. The bottom one reports theragye liquidity betas for the stocks bought andl,stie beta difference, and
respective t-statistics. The t-statistics are camgbuinder the assumption that the variances otlwétthe stocks bought and sold are

different.
Buarker | 1995Q4| 1996Q4 1997Q4 1998Q4 199904 2009Q4 2001QM2@M| 2003Q4| 2004Q4 2005Q4 2006Q4 2007Q4 2008Q4 @D(Y92010Q4
Sell 1.0987 1.0662 1.037( 1.0855 1.2159 1.2122 40.8p 0.9241 1.1497 1.1714 1.0780 1.1489 1.3Q17 1.1/198.1600 1.0590
Buy 1.3596 1.2242 1.1179 1.056p 1.1247 1.0470 @.8960.8355 1.1643 0.8383 1.065p 1.0529 1.0856 1.0p82.1234 1.1180
Sell - Buy -0.2609| -0.1581 -0.080B8 0.0248 0.09[13 1282 -0.0021 0.0886 -0.014p 0.3331 0.01p8 0.0960 2160. 0.0616 0.0365 -0.059p
t-statistic -20.97 -11.69 -8.70 3.76 10.8p 11.43 .2060 7.85 -0.89 24.37 0.89 7.33 15.7p 6.9p 3.44 0-6.7

Buiquidity | 1995Q4| 1996Q4 1997Q# 1998Q4 199904 2004Q4 2001QA02QD| 2003Q4| 2004Q4 2005Q4 2006Q4 2007Q4 2008Q4 R0(92010Q4
Sell 0.0477 | 0.0555| 0087 0255 00792 0.1125 O07R1] -0.0844| -0.0784 -0.0078 -0.0037 0.0299  0.2493.1151 | 0.0316| -0.001§
B
8

Buy 0.2564 0.1561 0.1494 0.009 0.1782  -0.0682 9420 -0.1036| -0.08534 -0.0978  0.0587 0.10%3 0.0758 154& | 0.0684 0.0875
Sell-Buy | -0.2087( -0.100q -0.061p  0.245 -0.0990 8071 -0.0124( 0.0191 0.006 0.0834  -0.0624 -0.0754 153k | -0.0395| -0.0368 -0.089B
t-statistic -16.11 -8.14 -8.62 36.171 -10.64 20.19 1.99 351 1.05 14.10 -8.84 -8.89 14.56 -3.72 -4.27-12.80




Panel C. The dollar amount of betas of the stoaksght and sold by the average
manager ($ billions). The top one depicts the dafaount of market betas for the stocks
bought and sold by the average manager. The battendepicts the dollar amount of
liquidity betas for the stocks bought and sold iy &verage manager. The dollar amount
of beta is the weighted sum of betas of the stockgght and sold by the average fund,
with weight as the absolute value of the changehares multiplied by the share price of
the prior quarter-end. | use the prior quarter-pride to reflect the actual trading rather
than price changes. For each quarter, if the nurabehares for a stock increased from
the prior quarter, the stock is defined as “bougbtherwise as “sold.” Stocks that are
newly introduced to the current quarter and those &re no longer held in the current

quarter are classified as “bought” and “sold” s@adlespectively

12
10
g |
o |
4\ A /\ Sbeta_m_buy
2 1\/\; /-\'[ \‘A . A ANJXL A e Sbeta_m_sell
0 .II.III.IIIII-IIII-I..II..I.IIII.I‘.II.I-TI.III.II'II.III‘:-II.IIIIIIIIIIIIII.I..II.IIIIII
At N N A < 0N AN A < NN A< NN A< NN A<
d0dgdogdgdgdoggodgoggoggoggdoggggagogd
N un O™~ 00 O O dd AN N I & 1D OINDNOXO O OO
D DD DD DNDO OO0 0000900000 oA o
SRR R R o R=-R-E-R-R-R-R-R-R-R-R-E-R-E-R=
™I AN AN AN AN AN AN AN AN AN AN AN AN AN NN
Sbeta | _buy
-------- Sbeta_|_sell
-1
ot NN A N AN AT NN AT NN AT N N <
dJdgdoggdgdoggodgdoggoggdoggdoggagggogd
N 1N O NN 0 O O dJd d AN OO I & LD O INDNOO O OO
D DDHD DD DNDOOO0 0000090000 O Ao
R R R R-R-E-BeR-R-R-R-R-E-ReR-R-RR=
™ e H AN AN AN AN AN AN AN AN AN AN AN AN AN NN

55



9%

Reported are the t-test results for the differencemeans of the dollar amount betas multiplied iy htumber of stocks during the

corresponding quarter. | report the results onlythe last quarter of each year to save space.tGmene documents the average

dollar amount of market betas for the stocks bowgtd sold, the beta difference, and its t-statisfidhe bottom one reports the

average dollar amount of liquidity betas for thecks bought and sold, the beta difference, ant statistics. The t-statistics are

computed under the assumption that the varianckstas of the stocks bought and sold are different.

Buarce: | 1995Q4| 1996Q4 1997QF 1998Q4 1999Q4 200QQ4 2001Q42@D| 2003Q4| 2004Q4 2005Q4 2006Q4 2007Q4 2008Q4 Q@D()92010Q4
Sell 25158 | 2.3110 1.3162 05326 16900 05385 3B55 0.4683 | 0.8044| 0.8079 15121 1.1107 057188  0.9p84.2340 | 0.8911
Buy 14541 | 1.0798| 25573 14331 3.2980 6.4414 B4P80.8061 | 1.8824| 1.4057 1.921p 11409 4.0941  1.3092.4139 | 1.3269

Sell-Buy| 1.0616| 12312 -1.2411 -0.9006 -1.6080 .9:39 | -0.8547| -0.337§ -1.0779 -0.59f8 -0.4095 @ROP -3.4753| -0.3409 -2.1799 -0.4348

t-statistic | 6.22 9.04 580 -850 -471 -1243 54 -524 | -315| -3.71| 235 032 -17.4p  -32f  -22.83-5.36

Buguiary | 1995Q4| 1996Q4 1997Qff 1998Q4 1999Q4 2000Q4 2001Q402QD| 2003Q4| 2004Q4 2005Q4 2006Q4 2007Q4 2008Q4 @D(Y92010Q4
Sell 0.1092 | 0.1203| 01110 01254 01100 0.0490 66%d -0.0428| -0.0554 -0.0054 -0.002 0.0289  0.1020.0995 | 0.0064| -0.001j
Buy 0.2742 | 01377| 03417 00138 05220 -0.4039 4dni -0.0999| -0.1374 -0.163 0.1059 0.11#0 0.2§29 1913 | 0.1469| 0.1039

Sell-Buy | -0.1651| -0.0174 -0.230f 0.1120 -0.41p0 5804| 0.0826| 0.0571] 0.082% 0.1577 -0.1111 -0.0852 18e® | -0.0918| -0.140§ -0.105%t

tstatistic | -2.40 | -033| -5.41 452 -3.46 3.8¢ 211 3.05 2.09 4.08 -2.29 286  -2.3% -1.37 342 -499




Panel D. The liquidity of the stocks bought andddoy the average manger. The stock
level liquidity is measured as the monthly averafythe daily liquidity measure which is
minus one multiplied by the daily ratio of absolwtdue of stock return to dollar volume
following Amihud (2002). The top one depicts thee+variation of equally weighted
average of liquidity for the stocks bought and sbidthe average manager for each
month over the sample period 1995-2010. The botown depicts the value-weighted
average liquidity for the stocks bought and soldtly average manager. To measure
current quarter’'s monthly stock level liquidity $ei prior year’s stock price and volume
to avoid the impact of trading. For each quartethe number of shares for a stock
increased from the prior quarter, the stock israafias “bought;” otherwise as “sold.”
Stocks that are newly introduced to the currenttguand those that are no longer held
in the current quarter are classified as “boughtd dsold” stocks, respectively. |
compute the weight as the absolute value of thagdh@ shares multiplied by the share
price of the prior quarter-end. | use the priorrtgraend price to reflect the actual trading

rather than price changes.
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Reported are equally weighted (left) and value-Wigd (right) quarterly average of the monthly Idjty of the stocks bought and
sold by the average manager, the mean differenkguidity between the stocks sold and bought, i dtatistical significance. | use

12 months’ prior liquidity measure for the currembnth.

EW sell buy sell-buy tValue Probt VW sell buy delly tValue Probt
1998Q3 -0.1073 -0.0943 -0.013¢ 0.89 0.374B 1998Q3-0.0031 -0.0051 0.0020 2.33 0.0200
1998Q4 -0.0964 -0.0898 -0.0066 -4.73 <.000L 1998Q4 -0.0075 -0.0041 -0.0034 -2.62 0.0084
1999Q1 -0.1007 -0.0929 -0.0079 -2.76 0.005p 199901 -0.0046 -0.0062 0.0016 1.69 0.0917
1999Q2 -0.0716 -0.0765 0.0049 -3.72 0.000p 199902 -0.0070 -0.0024 -0.0046 -4.46 <.000%
1999Q3 -0.1012 -0.0713 -0.0299 1.33 0.1823 199903 -0.0086 -0.0049 -0.0037 -2.41 0.0159
19990Q4 -0.0921 -0.0742 -0.018(Q -0.96 0.3363 199904 -0.0057 -0.0041 -0.0016 -1.34 0.1797
2000Q1 -0.1050 -0.0792 -0.0258 -4.11 <.000fL 200021 -0.0038 -0.0083 0.0045 3.75 0.000%
2000Q2 -0.1257 -0.1398 0.0141 -5.15 <.000I1 2000Q2 -0.0048 -0.0040 -0.0008 -0.81 0.4174
2000Q3 -0.1432 -0.1329 -0.0103 -3.98 <.000I1 200003 -0.0134 -0.0024 -0.0110 -6.37 <.0001
2000Q4 -0.1398 -0.0994 -0.0404 -7.62 <.000[L 20004 -0.0088 -0.0042 -0.0046 -2.36 0.0183
2001Q1 -0.1406 -0.0936 -0.047(Q -10.34 <.000[L 2001Q -0.0092 -0.0023 -0.0069 -5.81 <.0001
2001Q2 -0.1497 -0.1105 -0.0393 -4.41 <.000L 200102 -0.0042 -0.0048 0.0007 0.59 0.5554
2001Q3 -0.1935 -0.0960 -0.0974 -11.09 <.000[L 2@01Q -0.0111 -0.0023 -0.0088 -4.53 <.0001
2001Q4 -0.1552 -0.0655 -0.0894 -4.60 <.000f 200104 -0.0032 -0.0060 0.0027 2.17 0.029§
2002Q1 -0.1688 -0.1184 -0.0504 -5.44 <.000[L 20021 -0.0027 -0.0040 0.0013 1.40 0.1614
2002Q2 -0.2290 -0.0888 -0.1401; 2.85 0.004¢ 2002Q2-0.0020 -0.0047 0.0027 2.38 0.0176
2002Q3 -0.1567 -0.1076 -0.0491 -1.61 0.106P 20023 -0.0040 -0.0040 0.0001 0.07 0.9414
2002Q4 -0.1453 -0.0897 -0.0555 8.36 <.000fL 2002Q4 -0.0036 -0.0041 0.0005 0.57 0.570¢4
2007Q1 -0.0403 -0.0508 0.0105] -6.97 <.000|1 2007Q1-0.0016 -0.0007 -0.0009 -2.06 0.0391
2007Q2 -0.0511 -0.0395 -0.0114 4.40 <.000[L 200702 -0.0005 -0.0014 0.0008 2.57 0.0107
2007Q3 -0.0420 -0.0392 -0.0029§ -0.97 0.331p 2007Q3-0.0009 -0.0015 0.0006 1.32 0.187¢
2007Q4 -0.0589 -0.0280 -0.031( -3.77 0.000p 2007Q4-0.0017 -0.0005 -0.0011 -2.31 0.021d
2008Q1 -0.0358 -0.0568 0.0210, 2.29 0.022B 20081 0.0004 -0.0010 0.0006 2.18 0.0291
2008Q2 -0.0497 -0.0448 -0.0049 -4.39 <.000L 20082 -0.0007 -0.0006 -0.0001 -0.27 0.7874
2008Q3 -0.0527 -0.0344 -0.0183 -1.01 0.312B 2008{3 -0.0006 -0.0011 0.0005 1.79 0.0739
2008Q4 -0.0319 -0.0419 0.0101 0.43 0.666pB 20084 0.0008 -0.0014 0.0006 1.17 0.2427
2009Q1 -0.0457 -0.0274 -0.0183 -2.35 0.0191 2009Q1-0.0019 -0.0005 -0.0015 -2.75 0.0061
2009Q2 -0.0479 -0.0433 -0.0044 6.05 <.000|1 200902 -0.0005 -0.0011 0.0005 0.73 0.4670




Panel E. Pearson correlation coefficients betweéackdevel liquidity and liquidity beta,
liquidity and market beta, and market beta andidigy beta. | use stocks held by hedge
fund managers over 1995-2010. Betas are computdkeasoefficient estimates in the
regression of stock return in excess of risk-frae on market excess return and traded
liquidity risk using the prior 60 months observasorequiring at least 24 months’
observations. The stock level liquidity is measuasdthe monthly average of the daily
liquidity measure which is computed as negativaesifgratio of absolute value of stock
return to dollar volume following Amihud (2002). Tmeasure current month’s stock
level liquidity | use prior 12 months’ stock retuand dollar volume to avoid the impact

of trading.

corr(beta_l, Liq)

corr(beta_m, beta_|)

........ corr(beta_m, Liq)
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Reported are the Pearson correlation coefficieatavden liquidity and liquidity beta, liquidity andarket beta, and liquidity and
market betas, and the corresponding p-values.drremly selected quarters to save space. Thelabor coefficients are computed

over a quarter.

prior beta_m, beta_| p-value Liq, beta_| p-value g,beta_m p-value
1998Q3 0.0182 0.5939 -0.0298 0.0093 0.1576 0.0000
1998Q4 0.0920 0.0016 -0.0115 0.0001 0.1526 0.0000
1999Q1 0.0827 0.0006 -0.0581 0.0001 0.1418 0.0000
1999Q2 0.1092 0.0001 -0.0588 0.0000 0.1688 0.0000
1999Q3 0.0947 0.1865 -0.0514 0.0312 0.1365 0.0000
1999Q4 0.0677 0.0000 -0.0150 0.4008 0.1147 0.0000
2000Q1 0.0181 0.0000 -0.0499 0.0000 0.1291 0.0000
2000Q2 -0.0419 0.0000 -0.0961 0.0000 0.1598 0.0000
2000Q3 -0.0479 0.0000 -0.1166 0.0002 0.1557 0.0000
2000Q4 -0.0478 0.0000 -0.1074 0.2758 0.1626 0.0000
2001Q1 -0.0248 0.1857 -0.0649 0.0003 0.1635 0.0000
2001Q2 -0.0404 0.0022 -0.0931 0.0000 0.1468 0.0000
2001Q3 -0.0159 0.0005 -0.0934 0.0000 0.1391 0.0000
2001Q4 0.0486 0.0006 -0.1177 0.0000 0.1496 0.0000
2002Q1 -0.0219 0.0763 -0.1601 0.0000 0.1632 0.0000
2002Q2 -0.0097 0.0042 -0.1286 0.0000 0.1626 0.0000
2002Q3 -0.0303 0.2662 -0.1610 0.0000 0.1625 0.0000
2002Q4 -0.0299 0.0008 -0.1358 0.0000 0.1592 0.0000
2007Q1 -0.1152 0.0000 0.0218 0.3872 0.1241 0.0000
2007Q2 -0.0507 0.0000 -0.0056 0.8673 0.1305 0.0000
2007Q3 -0.0736 0.0000 -0.0052 0.2491 0.1476 0.0000
2007Q4 -0.1622 0.0000 -0.0340 0.2349 0.1515 0.0000
2008Q1 -0.1000 0.0000 0.0057 0.1099 0.1385 0.0000
2008Q2 -0.0809 0.0002 -0.0268 0.6825 0.1597 0.0000
2008Q3 -0.1642 0.0000 -0.0162 0.7056 0.1951 0.0000
2008Q4 -0.3790 0.0000 -0.0338 0.0127 0.1162 0.0000
2009Q1 -0.2471 0.0000 0.0355 0.6730 0.0796 0.0000
2009Q2 -0.2480 0.0000 0.0412 0.0483 0.1056 0.0000




Table 3. Hedge fund managers subject to 13F filamgstheir stock holdings.

Panel A. Proportion of hedge fund managers sulbjet8F filings and the corresponding
hedge funds. The affiliation information is frometMASS snapshot as of April 252012.

| obtain the 13F filers’ names and their 13F equigidings information from the
Thomson Reuters Institutional (13F) Holdings dasabaTo identify hedge fund
managers subject to 13F filings, | first createsadf non-duplicate hedge fund managers’
names over the sample period, where hedge fund geemare defined as either a
“management company” or “investment company” irompany type field in the TASS
database. Also, | make a list of non-duplicate fi&ffs’ names over the sample period.
Then | manually match the hedge fund managers’ saimehe 13F filers’ names. |
include all the funds as long as at least one mob#ervation exists for each year. “Final”
refers to the managers and the corresponding hiedigis contained in the final sample
right before the estimation.

Number of HF managers Number of hedge funds

year 1fnzr';F al13F | 9%13F | final | 137 | alTAss | wTAss
1995 21 1,333 1.58% 24 452 1,482 1.62%
1996 48 1,449 3.31% 68 560 1,805 3.77%
1997 66 1,551 4.26% 129 678 2,112 6.11%
1998 94 1,698 5.54% 177 794 2,439 7.26%
1999 117 1,871 6.25% 276 958 2,834 9.74%
2000 143 2,017 7.09% 342 1,162 3,278 10.43%
2001 214 2,156 9.93% 486 1,397 3,9353 12.34%
2002 248 2,239 11.08% 585 1,672 4,721 12.39%
2003 264 2,206 11.97% 764 2,015 5,779 13.22%
2004 299 2,313 12.93% 927 2,412 7,109 13.04%
2005 348 2,529 13.76% 1,203 2,78( 8,36p 14.38%
2006 393 2,704 14.53% 1,388 3,025 9,448 14.70%
2007 451 2,954 15.27% 1,706 3,345 10,4%4 16.32%
2008 513 3,216 15.95% 1,906 3,427 10,702 17.81%
2009 509 3,248 15.67% 1,717 3,29( 10,030 17.12%
2010 462 3,186 14.50% 1,484 3,134 9,27b 16.00%
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Panel B. Number of stocks held by 13F filers mangdiedge funds and the quarterly
total equity capitalization for each year.

Number of stocks Total equity holding per manager pef Jqoljft‘l/
year per manager per quarter quarter ($mil) per gr
mean ql mediar] g3 mean ql medijan g8 %CRSP
1995 426 38 85 240 4,334 171 544 1,560 1.17%
1996 341 35 72 249 4,921 144 437 1,639 2.58%
1997 281 30 73 218 5,036 164 455 1,870 3.32%
1998 265 36 70 227 4,816 146 433 2,266 3.62%
1999 293 37 91 220 6,446 172 463 2,512 5.12%
2000 325 37 91 234 8,116 185 54( 3,293 6.00%
2001 332 32 87 233 8,689 110 36 2,314 12.12%
2002 330 35 83 230 8,127 94 331 1,688 14.68%
2003 326 38 86 247 7,579 108 334 1,559 16.01%
2004 326 37 84 266 9,006 138 413 2,005 17.09%
2005 294 32 75 248 8,917 139 4572 2,096 17.78%
2006 283 29 68 212 8,687 159 436 1,783  17.83%
2007 287 28 67 216 10,054 163 484 2,062 20.68%
2008 298 23 58 202 8,659 118 415 2,1%9  22.55%
2009 323 20 60 216 6,589 65 277 1,787  24.23%
2010 354 26 73 265 9,189 127 454 3,008 24.53%

Panel C. Summary statistics of the assets undeageament (AUM, $ thousands) at the
individual fund level. | use monthly non-missing M, converted to USD, as of the last
day of each corresponding month. “HFs” stands &ade funds. AUM is obtained from
the TASS database, and currency exchange ratemafmm is obtained from WRDS

Federal Reserve Bank.

n mean std ql med g3
Final sample 99,150 248,336 768,803 17,143 56,682 81,564

13F HFs 209,265| 198,234 632,000 13,162 46,0p0 830,1
Non-13F HFs| 378,689 94,369 267,616 6,580 23,94 6587,
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Table 4. Analysis at Portfolio Level I.

| estimate the average fund’s alphas by solvingagquos (6d) to (6f) subject to (6a) to
(6¢) and (6g) using the GMM method with a Newey-Weg of three. | apply prior
quarter-end holdings information to the currentrtgrainformation. Because only two
funds met my criteria in 1994, the sample for eation runs from 1995 until 2010. The
basic method to form a portfolio is given in theample below; that is, for equally
weighted portfolios, the weight is one over the bem of managers during the
corresponding quarter, while for value-weightedtiotios, it is determined by the prior
quarter-end total equity holdings.

Panel A. A simple example of showing how to forrpatfolio. Consider two funds A

and B and the stock universe consisting of threekst 1, 2, and 3. For an equally
weighted portfolio, | take the average of the poeg of the individual managers, with
one over the number of managers of the quarten &sjaal weight; for a value-weighted
portfolio | take the average of the positions af thdividual managers with total equity
holdings of the prior quarter-end as weights. EWiB ¥WP stand for equally weighted
portfolio and value-weighted portfolio, respectiuel

Number of Fund A Fund B Quartgr-
shares held end price
Stockl a, b, 12
Stock?2 a, b, P,
Stock3 as P3
Total holdings ap:=0ay X Py +a; Xp, +az Xp; bp:= by X p; + b, X p,
Weight Fund A Fund B EWP VWP
a; X by X X1 Xa,+y; Xb
Stockl X1 = — P1 =1 P1 X1+ 1% T Y1 X0
a, b, 2 a, + b,
a; X b, x X, Xa,+y,xXb
Stock2 Xyi= — Pz i = — P2 X2ty 2 X8y T V2 7 Op
aP bp 2 ap + bp
as Xp 0x X3 Xa,+0xb
Stock3 Xgi=——2 Y= b2 ¥+ 0 B2 TT 70
ap by, 2 a, + b,
Total 1 1 1 1




Panel B. Estimates of the equally weighted poxf¢diverage fund) without conditioning
information. | estimate the average fund’s alphgsdlving equations (6d) to (6f) with
the market-wide parameter estimates reported ielfwof Table 1. | apply prior quarter-
end holdings information to the current quarteoinfation, and the GMM method with a

Newey-West lag of three. The estimation period985:2010.

Parameter Estimate StdErr t-value Probt p.a.
Ay 0.0002 0.0032 0.05 0.9595 0.20%
a -0.0006 0.0005 -1.16 0.2489 -0.67%
Ay 0.0001 0.0007 0.18 0.8598 0.16%
ag 0.0020 0.0008 2.54 0.012 2.41%

ATiming -0.0003 0.0038 -0.07 0.9432 -0.32%
ATotal 0.0017 0.0038 0.45 0.651 2.08%

Panel C. Estimates of the equally weighted podfalith conditioning information. The
market-wide parameters are estimated by puttingketavide parameters as linear
functions of instruments which are the lagged thmeamth Treasury bill yield, the lagged
dividend price ratio, the lagged term spread, @nggéd default return spread, and a
dummy variable for the month of January. | applppquarter-end holdings information
to the current quarter information, and the GMM Imoet with a Newey-West lag of three.
The estimation period is 1995-2010.

Parameter Estimate StdErr t-value Probt p.a.
Ay 0.0002 0.0033 0.06 0.9508 0.25%
a, -0.0003 0.0005 -0.61 0.5459 -0.40%
gy 0.0003 0.0010 0.26 0.797 0.32%
Qg 0.0020 0.0008 2.37 0.0186 2.39%

ATiming 0.0001 0.0037 0.04 0.9694 0.17%
ATotal 0.0021 0.0038 0.56 0.5784 2.56%

65




Figure 3. Dynamics of Alpha.

The figures depict the dynamics of alphas (pergemt year) of the equally weighted
portfolio over time. For each year (quarter), | gute each alpha by solving the Euler
eguations (6d) to (6f) subject to (6a), (6¢), abgl)( using 12 months full observations. |
apply prior quarter-end holdings information to therent quarter information, and the
GMM method with a Newey-West lag of three. Themaation period is 1995-2010.

Panel A. Under unconditional model.
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Reported are the monthly alpha estimates of ygetiormance, the corresponding standard errorstrentstatistics.

1995 1996 1997 1998 1999 2000 2001 2002 2003 2004005 2006 2007 2008 2009 201

Estimate| -0.0041 0.0008 -0.0007 -0.0022 0.0033 2mOL 0.0027 | -0.0003 0.0052 0.0024 0.0015 0.0003 @.0000.0032 | 0.0059| 0.0011
Selectivity | StdErr 0.0012| 0.0017 0.0016 0.0030 0.0036 0.00330037.| 0.0034| 0.0018 0.0016 0.0014 0.0014 0.0009 36.000.0036| 0.0012
t-value -3.60 0.49 -0.41 -0.73 0.92 3.6( 0.74 -0.08 2.86 1.48 1.10 0.24 0.32 0.85 1.6% 1.2

Estimate| 0.0153| 0.0072 0.0081 -0.0006 0.0109 -0.0110.0158| -0.0240 0.0181 0.0073 0.0023 0.0073 (@.0060.0491| 0.0139, 0.0051
Timing StdErr 0.0038| 0.0053 0.0078 0.0173 0.0088 0.01260110. | 0.0113| 0.0071 0.0068 0.0049 0.0065 0.0059 40.020.0174| 0.0140

t-value 4.01 1.36 111 -0.04 1.23 -0.88 -1.42 -2.13 2.54 1.08 0.48 112 0.11 -2.03 0.8¢ 0.3p

Estimate| 0.0112] 0.0081 0.0074 -0.0028 0.0142 0.00%0.0131| -0.0242 0.0232 0.0097 0.0039 0.0076 0.0009.0459| 0.0198, 0.0064
Total StdErr 0.0045| 0.0052 0.0075 0.0177 0.0096 0.00970130. | 0.0140| 0.0077 0.0081 0.0059 0.0072 0.0052 6@.020.0157 | 0.0131]

t-value 2.48 1.55 0.98 -0.16 1.49 0.1(¢ -1.00 -1.72 3.02 1.20 0.65 1.06 0.18 -1.75 1.26 0.5p

L9

Estimate| -0.0010 -0.0003 -0.0020 -0.0086 0.0017 00@B | -0.0002] 0.0002 -0.0005 0.0001 0.0003 0.00000005. | -0.0035 -0.0003 -0.0003
Liquidity StdErr 0.0013| 0.0018 0.0022 0.0026 0.0012 0.00420004.| 0.0001| 0.0002 0.0001 0.0001 0.0009 0.0012 38.000.0013| 0.0003
t-value -0.73 -0.16 -0.88 -1.39 1.36 -0.06 -0.40 411.| -2.73 1.73 2.24 -0.02 0.44 -1.04 -0.24 -0.48

Estimate| 0.0132| 0.0052 0.0097 0.0069 0.0082 -0.014®0124, -0.0200 0.0161 0.0032 -0.0007 0.0030 d100-0.0389| 0.0183  0.0097
Market StdErr 0.0026| 0.0055 0.0066 0.0139 0.0087 0.00850103. | 0.0112| 0.0077 0.0069 0.0049 0.0063 0.0051 7@.010.0157| 0.0138
t-value 4.97 0.95 1.48 0.50 0.95 -1.76 -1.20 -1.78 2.09 0.46 -0.35 0.48 -0.60] -2.26 1.17 0.71

Estimate| 0.0031| 0.0023 0.0003 -0.0040 0.0010 0.0040.0032| -0.0042 0.0025 0.0040 0.0038 0.0043 0.003R.0067| -0.0041 -0.0044
Volatility StdErr 0.0002| 0.0010 0.0010 0.0033 0.0011 0.0020001G.| 0.0033| 0.0006 0.0003 0.0002 0.0002 0.0004 56.000.0024| 0.0019
t-value 18.65 2.36 0.33 -1.20 0.95% 2.03 -2.13 -1.28 3.98 13.17 20.32 19.89 8.43 -1.22 -1.70 -2.24




Panel B. Under conditional model.
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Reported are the monthly alpha estimates of ygetiormance, the corresponding standard errors-atadistics.

1995 1996 1997 1998 1999 2000 2001 2002 2003 20042005 2006 2007 2008 2009 201

Estimate| -0.0035 0.0009 -0.00C -0.0081 0.0032 270 0.0011| -0.0016 0.0046 0.0017 0.0015 0.0011 @QO®W.0061 | 0.0051] 0.002(

Selectivity [ StdErr 0.0009| 0.0021 0.0016 0.0033 0.0040 0.0031003B.| 0.0042| 0.0015 0.001y 0.0014 0.0018 0.0009 10.00 0.0034| 0.0015
t-value -3.79 0.45 -0.15 -0.93 0.81 4.06 0.30 -0.39 2.97 0.96 1.10 0.59 0.13 3.16 1.52 13

Estimate| 0.0153] 0.0045 0.0000 -0.0056 0.0098 -®.0070.0143| -0.0202 0.012¢ 0.0043 0.0023 0.0096 ©@.0010.0426| 0.0315] 0.0004

Timing StdErr 0.0052| 0.0079 0.0082 0.0212 0.0088 0.00920100. | 0.0151| 0.0059 0.0070 0.0050 0.0079 0.0055 0@.02 0.0158| 0.0152
t-value 2.92 0.57 0.00 -0.26 1.11 -0.82 -1.42 -1.34 2.18 0.62 0.46 1.21 0.34 -2.11 1.99 0.0

Estimate| 0.0118] 0.0054 -0.00C -0.0086 0.0130 @0050.0132| -0.0219 0.0175% 0.0060 0.0088 0.0107 ©.0020.0365| 0.0366| 0.0024

Total StdErr 0.0056| 0.0066 0.007y 0.0221 0.0088 0.00740123. | 0.0184| 0.0063 0.0084 0.0061 0.0093 0.0048 06.02 0.0185| 0.0141]
t-value 211 0.82 -0.03 -0.39 1.49 0.7(¢ -1.07 -1.19 2.77 0.71 0.63 1.16 0.41 -1.80 1.98 0.1

Estimate| 0.0007| 0.0016 -0.001 -0.0085 0.0013 @.00G0.0002| 0.0003] -0.0003 0.0001 0.0003 0.0007 @Q0010.0045| -0.0007 -0.000

Liquidity StdErr 0.0016| 0.0024 0.002y 0.0026 0.0013 0.00440008. | 0.0002| 0.0002 0.000L 0.0001 0.0009 0.0013 36.000.0014| 0.0003
t-value 0.43 0.65 -0.56 -1.37 0.98 0.02 -0.45 1.30 -1.87 0.81 2.32 0.78 0.91 -1.19 -0.49 -2.2

Estimate| 0.0133] 0.0026 0.0079 0.0055 0.0090 -0.0125.0133| -0.0200 0.0133 -0.0057 -0.0087 0.0061 (200-0.0330, 0.0297| 0.003

Market StdErr 0.0038| 0.007% 0.0080 0.0150 0.0094 0.0077010a. | 0.0122| 0.0075 0.008L 0.0058 0.0071 0.0057 66.010.0175| 0.0137|
t-value 3.53 0.35 0.99 0.37 0.96 -1.62 -1.27 -1.63 1.77 -0.71 -0.63 0.85 0.04 -1.95 1.7Q 0.2

Estimate| 0.0012] 0.0003 -0.006 -0.0075 -0.0005 4300 -0.0009| -0.0005 -0.000L 0.0100 0.0057 0.0029 00&Q -0.0051| 0.0025 -0.002

Volatility StdErr 0.0022| 0.0052 0.0034 0.0067 0.0020 0.00370020. | 0.0033| 0.0030 0.0015 0.0012 0.0019 0.0017 2@.000.0071| 0.0024
t-value 0.56 0.05 -1.90 -1.12 -0.25 131 -0.45 50.1 -0.02 6.80 4.85 1.48 0.27 -2.3( 0.36 -1.1




Table 5. Analysis at Portfolio Level .

| estimate the alphas for the equally weightedfpbotfor each sub-period, which is split

according to widely accepted structural break oihtapply prior quarter-end holdings

information to the current quarter information. Tégtimation method is GMM with a

Newey-West lag of three. Sub-periods are the peupdo LTCM collapse and just

before the tech bubble (January 1995 to Septenfi#i)1the tech bubble (October 1998
to March 2000), the NASDAQ crash, the accountingndal and September 11 attacks
(April 2000 to October 2002), the period leadingtapthe mortgage crisis (November
2002 to June 2007), the recent financial crisidy(2007 to December 2008), and the
remaining period (January 2009 to December 2010).

199501-199809

Parameter Estimate StdErr t-value Probt p.a.
Ay 0.0064 0.0042 1.54 0.1307 7.76%

aj -0.0021 0.0011 -1.88 0.0668 -2.47%
Qy 0.0007 0.0012 0.57 0.5745 0.82%

Qs -0.0010 0.0009 -1.11 0.2712 -1.24%
ATiming 0.0051 0.0055 0.92 0.3608 6.11%
Arotal 0.0040 0.0057 0.71 0.4786 4.86%

199810-200003

Parameter Estimate StdErr t-value Probt p.a.
Ay 0.0134 0.0070 1.91 0.0728 16.07%
a 0.0033 0.0024 1.41 0.1758 4.00%
Ay 0.0019 0.0016 1.21 0.2429 2.27%
ag 0.0009 0.0034 0.26 0.8004 1.03%

ATiming 0.0186 0.0081 2.3 0.0347 22.34%
Arotal 0.0194 0.0070 2.77 0.0132 23.38%
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200004-200210

Parameter Estimate StdErr t-value Probt p.a.
Ay -0.0185 0.0062 -3 0.0055 -22.31%
ap -0.0010 0.0011 -0.92 0.3649 -1.24%
Ay -0.0020 0.0016 -1.2 0.2406 -2.35%
Qs 0.0049 0.0032 1.54 0.1340 5.87%

ATiming -0.0215 0.0072 -2.97 0.0058 -25.89%
ATotal -0.0166 0.0083 -2 0.0547 -20.02%
200211-200706

Parameter Estimate StdErr t-value Probt p.a.
Ay 0.0048 0.0033 1.44 0.1555 5.74%
aj 0.0002 0.0003 0.81 0.4214 0.30%
Qg 0.0033 0.0004 9.25 <.0001 4.00%
Qg 0.0023 0.0009 2.63 0.0111 2.78%

ATiming 0.0083 0.0032 2.59 0.0122 10.04%
Arotal 0.0107 0.0037 2.92 0.0051 12.81%
200707-200812

Parameter Estimate StdErr t-value Probt p.a.
Ay -0.0293 0.0132 -2.22 0.0407 -35.27%
ap -0.0028 0.0023 -1.21 0.2412 -3.38%
Ay -0.0035 0.0042 -0.85 0.4092 -4.26%
ag 0.0025 0.0026 0.95 0.3554 2.99%

ATiming -0.0357 0.0185 -1.93 0.0701 -42.91%
ATotal -0.0332 0.0193 -1.72 0.1038 -39.92%
200901-201012

Parameter Estimate StdErr t-value Probt p.a.
Ay 0.0140 0.0104 1.34 0.1922 16.86%
ap -0.0003 0.0006 -0.45 0.6604 -0.34%
Qy -0.0042 0.0016 -2.64 0.0146 -5.10%
Qs 0.0037 0.0020 1.9 0.0699 4.48%

ATiming 0.0095 0.0112 0.85 0.4037 11.42%
ATotal 0.0132 0.0105 1.26 0.2213 15.90%
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Table 6. Capital Constraints.

Using the TASS snapshot as of April 25, 2012, marm@re ranked according to the
length of the lock-up period, redemption-noticeipes, and average leverage (debt over
AUM). Because a manager is usually matched to plaltunds, | rank each manager
according to the average of each variable acrasgsfurhen I form a portfolio of going
long the funds with the strongest share restristionhighest average leverage, and short
those with the weakest share restrictions or lovewstrage leverage. Depicted are the
alpha differences (percent per year) of the top bwoiiom portfolios for each capital
constraint. | apply prior quarter-end holdings mfi@ation to the current quarter
information, and the GMM method with a Newey-Wesg lof three. The estimation
period is 1995-2010.
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Panel A. Lock-up period. | split the sample intootsub-samples. The mean lock-up
period for the top portfolio (343 managers) is 9mBdnths and that for the bottom (298

managers) is 0.

Parameter Estimate StdErr t-value Probt p.a.
Ay 0.0001 0.0002 0.38 0.7041 0.09%
aj -0.0001 0.0002 -0.22 0.8259 -0.06%
Qy 0.0001 0.0001 1.01 0.312 0.15%
Qs 0.0008 0.0005 1.70 0.0909 0.93%

ATiming 0.0001 0.0003 0.44 0.6605 0.18%
ATotal 0.0009 0.0006 1.56 0.1194 1.11%

Panel B. Redemption-notice period. | break the dampwn into three sub-samples. The
mean redemption-notice period for the top tercitetfplio (176 managers) is 68.17

months and that for the bottom (178 managers).isélihonths.

Parameter Estimate StdErr t-value Probt p.a.
Ay 0.0005 0.0003 1.60 0.1106 0.64%

a 0.0001 0.0003 0.36 0.7173 0.11%

Ay 0.0001 0.0001 1.70 0.0909 0.18%

ag 0.0011 0.0006 1.93 0.0548 1.36%
QATiming 0.0008 0.0004 1.90 0.0597 0.93%
ATotal 0.0019 0.0007 2.90 0.0042 2.29%

Panel C. Average leverage. | split the sample into sub-samples because more than
half of the sample (349 managers) reports aveggdge of 0%. The mean leverage for

non-zero average leverage managers (292 manag®@G@)7i3%.

Parameter Estimate StdErr t-value Probt p.a.
ay 0.0000 0.0002 0.02 0.9876 0.00%
a, 0.0002 0.0002 1.19 0.2345 0.22%
a, 0.0000 0.0000 0.78 0.4341 0.04%
ag 0.0004 0.0004 0.9 0.3709 0.42%

ATiming 0.0002 0.0003 0.75 0.4548 0.26%
Aroral 0.0006 0.0005 1.22 0.2223 0.69%

73




Figure 4. Capital Constraints.

Using the TASS snapshot as of April 25, 2012, marm@re ranked according to the
length of the lock-up period and redemption-nofegiod, and average leverage (debt
over AUM). Because a manager is usually matchedantdtiple funds, | rank each
manager according to the average of each variatess its funds. Then | form a
portfolio of going long the funds with the strongsebkare restrictions or highest average
leverage, and short those with the weakest shatgatens or lowest average leverage.
Then | estimate the portfolio alphas by solvingaons (6d) to (6f) subject to (6a) to (6¢)
and (6g) using the GMM method with a Newey-Westdathree, and full 12 months of
observations. | apply prior quarter-end holding$orimation to the current quarter
information. Depicted are the yearly alpha diffexes (percent per year) between the top

and bottom portfolios for each capital constraint.
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Panel A. Lock-up period. | split the sample intootwub-samples. The mean lock-up
period for the top portfolio (343 managers) is 9mBdnths and that for the bottom (298

managers) is 0.
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Reported are the monthly alpha estimates of ygetiormance, the corresponding standard errors-atadistics.

1995 1996 1997 1998 1999 2000 2001 2002 2003 20042005 2006 2007 2008 2009 201

Estimate| 0.0020; -0.0011 -0.001 -0.0013 0.0043 4®000.0028| 0.0001 0.0002 0.0001 -0.0003 0.0011 20.000.0011| 0.0021 0.000%

Selectivity | StdErr 0.0013| 0.0029 0.0018 0.0016 0.0019 0.00120010.| 0.0010 0.0012 0.0005 0.0003 0.0009 0.0009 1@.00 0.0012| 0.0008|
t-value 1.53 -0.39 -0.93 -0.81 2.30 241 2.63 0.08 0.17 0.10 -1.21 1.18 -2.16 0.90 1.79 0.64
Estimate| -0.0025 -0.0009 0.0000 -0.0013 0.0003 3®Q00.0013| 0.0024 -0.0005 -0.0001 0.00p1 -0.0p01 OOMO 0.0004| -0.0003 -0.000p

Timing StdErr 0.0006| 0.0014 0.0012 0.0013 0.0006 0.00320004.| 0.0011| 0.0007 0.0002 0.0000 0.0002 0.0004 16.00 0.0003| 0.0004
t-value -4.39 -0.68 0.01 -0.94 0.46 112 3.20 2.11-0.79 -0.28 2.38 -0.37 -0.08 0.30 -1.00 -0.47
Estimate| -0.0005 -0.0021 -0.001 -0.0026  0.0046 0820 0.0042| 0.0025 -0.0008 0.0000 -0.0002 0.0010 001 | 0.0015| 0.001§ 0.0004#

Total StdErr 0.0018| 0.0029 0.0022 0.0013 0.0017 0.0042001@ | 0.0011| 0.0007 0.0006 0.0003 0.0010 0.0013 06.00 0.0011| 0.0009
t-value -0.29 -0.72 -0.75 -2.00 2.72 1.98 3.54 2.30 -0.50 -0.01 -0.80 0.94 -1.63 2.52 161 0.4p
Estimate| -0.0006 -0.0003 -0.000 -0.0008 0.0009 0GRJ 0.0002| 0.0001 0.0003 0.0001 0.0000 -0.0p01 0@.00-0.0007| 0.0002 -0.000L

Liquidity StdErr 0.0002| 0.0009 0.0011 0.0009 0.0008 0.00260004.| 0.0001| 0.0001 0.0001 0.0000 0.0001 0.0003 10.00 0.0005| 0.0001
t-value -2.64 -0.36 -0.66 -0.97 1.21 0.2 0.61 0.74 3.54 1.90 -0.83 -1.04 0.37 -0.68 0.43 -0.43
Estimate| -0.0016 -0.0006 0.0005 -0.0006 -0.0005 01tQ 0.0010| 0.0020 -0.0007 -0.0002 0.0001 0.0000 00D.0 0.0011| -0.0005 -0.000fL

Market StdErr 0.0004| 0.0007 0.0006 0.0010 0.0006 0.00100008.| 0.0011| 0.0007 0.0002 0.0001 0.0001 0.0001 06.00 0.0005| 0.0003
t-value -4.56 -0.92 0.83 -0.59 -0.88 1.50 2.14 1.85-0.94 -1.07 1.30 -0.08 -0.23 1.80 -1.08 -0.24
Estimate| -0.0002 0.000( 0.0003 0.0002 -0.0001 ®.00D.0001| 0.0003 -0.0002 0.0000 0.0001 0.0001 -0.QOMM.0000| 0.0000f -0.0001L

Volatility StdErr 0.0001| 0.0002 0.000L 0.0001 0.0001 0.00170000.| 0.0002| 0.0000 0.0000 0.0000 0.0000 0.0000 0@.000.0001| 0.0000
t-value -3.41 0.11 2.14 1.13 -1.14 0.95 1.78 140 3.73 -0.66 2.54 1.61 -2.86 0.22 -0.22 -1.56




Panel B. Redemption-notice period. | break the dampwn into three sub-samples. The
mean redemption-notice period for the top tercoetfplio (174 managers) is 68 months

and that for the bottom (172 managers) is 12 months
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8.

Reported are the monthly alpha estimates of ygeatjormance, the corresponding standard errors-atadistics.

1997 1998 1999 2000 2001 2002 2003 2004 2005 20062007 2008 2009 2010

Estimate| 0.0023| 0.003C 0.0021  0.0042 -0.0007 -0.002.0010 | 0.0004| -0.0009 0.0011 -0.0022 0.0029 ©@.003.0016

Selectivity [ StdErr 0.0013| 0.0012 0.0022 0.0040 0.0021 0.00230012 | 0.0017| 0.00077 0.0015 0.0011 0.0012 0.0029 186.
t-value 1.77 2.43 0.95 1.04 -0.34 -1.15 0.78 0.22 1.45 0.73 -2.06 2.49 1.37 1.0§

Estimate| 0.0002| -0.0008 0.0000 0.0000 0.0044 0.0033.0012 | 0.0008, 0.0003 0.0000 -0.0002 0.0023 -0.00D10003

Timing StdErr 0.0013| 0.0032 0.0005 0.0012 0.0012 0.00140008. | 0.0006| 0.0004 0.0003 0.0004 0.0020 0.0011 o0@.
t-value 0.16 -0.24 -0.03 0.03 3.60 2.47 2.36 1.20 .770 0.10 -0.54 1.14 -0.97 0.7d

Estimate| 0.0025 0.0022 0.0021  0.0042 0.0037 0.0000.0022 | 0.0011| -0.0006 0.0011 -0.0024 0.0052 0.002R0018

Total StdErr 0.0020| 0.0024 0.0025 0.0048 0.0022 0.00250013. | 0.0018| 0.0008§ 0.0015 0.0014 0.0018 0.0031 16.
t-value 1.21 0.94 0.86 0.88 1.65 0.27 1.66 0.62 800, 0.71 -1.78 2.95 0.92 1.14

Estimate| 0.0003| -0.0015 -0.0001 -0.0016 0.0017 (10D 0.0016| 0.0010, 0.0001 -0.0002 0.0001 -0.0p006 0200 0.0001

Liquidity StdErr 0.0013| 0.0008 0.0001 0.0019 0.0004 0.00070008.| 0.0004| 0.0002 0.0002 0.0002 0.0003 0.0005 oOQ.
t-value 0.21 -1.99 -0.83 -0.82 1.26 0.18 2.84 2.26 051 -1.08 0.48 -2.08 0.39 1.67

Estimate| 0.0001| -0.0001 0.0001 0.0014 0.0023 0.0030.0002| -0.0002 0.0001 0.0001 -0.0002 0.0025 4@BO0O 0.0000

Market StdErr 0.0001| 0.0026 0.0005 0.0012 0.0012 0.00110008. | 0.0002| 0.0003 0.0003 0.0002 0.0016 0.0008 O08.
t-value 1.02 -0.03 0.12 1.22 1.99 2.75 -0.26 -1.11 0.45 0.35 -0.96 1.59 -2.12 0.04

Estimate| -0.0002 0.0008 0.0000 0.0002 0.0003 0.006R2.0002| 0.0000| 0.0001 0.000p1 -0.0001 0.0003  0.00@BO0OO1

Volatility StdErr 0.0001| 0.0007 0.000L 0.0006 0.0003 0.00030000. | 0.0001| 0.00034 0.0000 0.0000 0.0004 0.0002 O00.
t-value -1.89 1.28 0.14 0.31 1.30 0.77 -3.10 -0.16 1.68 2.33 -4.16 0.70 1.48 3.96




Panel C. Average leverage. | split the sample into sub-samples because more than
half of the sample (349 managers) reports averggdge of 0%. The average leverage

for non-zero average leverage managers (292 mas)ag€0.73%.
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Reported are the monthly alpha estimates of ygetiormance, the corresponding standard errors-atadistics.

1995 1996 1997 1998 1999 2000 200 2002 2003 20042005 2006 2007 2008 2009 201
Estimate| 0.0021] -0.0005 0.0028 0.0011 0.0038 0.00:0.0012| 0.0014 -0.0005 -0.0001 -0.0004 0.0004 @BOO -0.0017| -0.0026 -0.000p

Selectivity | StdErr 0.0023| 0.0028§ 0.0012 0.0014 0.0010 0.00150016.| 0.0014| 0.0012 0.0008 0.0004 0.0005 0.0004 16.00 0.0014| 0.0004
t-value 0.89 -0.19 2.23 0.75 3.61 0.71 -0.8 0.97 0.40 -0.17 -0.83 0.74 1.83 -1.35 -1.90 -1.33

Estimate| -0.0005 0.0006 0.001 0.0001 0.0002 0.0006.0005| 0.0024 -0.0020 0.0000 -0.0001 -0.0005 @mOO 0.0031, -0.0011 0.000

Timing StdErr 0.0007| 0.0008 0.0014 0.0009 0.0006 0.00150010.| 0.0011| 0.0014 0.000L 0.0002 0.0003 0.0002 16.00 0.0007 | 0.0007
t-value -0.66 0.75 0.82 0.15 0.44 0.33 -04 2.22 1.46 0.02 -0.46 -1.82 -0.04 1.74 -1.64 0.0p
Estimate| 0.0016] 0.0001 0.003 0.0012 0.0040 0.0016.0016| 0.0038 -0.0025 -0.0001 -0.0005 -0.0001 @BOO 0.0014| -0.0037 -0.000p

Total StdErr 0.0029| 0.0023 0.0018 0.0013 0.0009 0.0020001@. | 0.0020 0.0008§ 0.000f 0.0004 0.0007 0.0004 16.000.0016| 0.0009
t-value 0.57 0.03 2.23 0.91 4.30 0.76 -0.9 1.94 .203| -0.18 -1.11 -0.21 1.99 0.73 -2.38 -0.69
Estimate| 0.0001| 0.000¢ 0.0014 0.0006 0.0002 -0.00030003| 0.0005 -0.0008 0.0002 0.0000 -0.0002 @OPO0.0006 | 0.0002| -0.000fL

Liquidity StdErr 0.0003| 0.0003 0.0014 0.0004 0.0002 0.00130004. | 0.0005] 0.0004 0.0002 0.0001 0.0001 0.0000 0@.000.0005| 0.0001
t-value 0.34 2.76 1.03 1.56 0.85 -0.24 -0.8 0.92 2.20 121 -0.23 -1.93 0.81 1.73 0.34 -2.4J6
Estimate| -0.0006 -0.0004 0.000 -0.0006 0.0001 @®mO0 -0.0002| 0.001§ -0.0011 -0.0002 0.0001 -0.00020001 | 0.0020| -0.0013 -0.0001

Market StdErr 0.0004| 0.0007 0.0005 0.0007 0.0004 0.00050008. | 0.0012| 0.0011 0.000L 0.0002 0.0003 0.0002 16.000.0012| 0.0007
t-value -1.25 -0.53 0.29 -0.92 0.15 1.06 -0.3 1.45 -1.02 -2.11 0.48 -0.58 0.59 1.57 -1.16 -0.11

Estimate| 0.0000 0.0001 -0.000 0.0002 0.0000 0.00020001 | 0.0002 -0.0001 0.0000 -0.0002 -0.0002 €100 0.0004| 0.0000 0.0002

Volatility StdErr 0.0001| 0.0003 0.000L 0.0002 0.0001 0.00030000. | 0.0002| 0.0001 0.0000 0.0000 0.0001 0.0000 0@.000.0001| 0.0001
t-value -0.04 0.85 -4.90 1.20 0.35 0.83 0.54 1.11 1.26 -0.28 -5.58 -2.41 -3.78 1.19 0.51 2.0p




Table 7. Non-Long Equity Positions

Panel A. Returns-Based Measure. | use those hengis fvhose managers are matched
to the managers in the final sample. | control backfill bias by choosing the return
observations after a fund was added to the TAS&bdae. Then | form an equally
weighted portfolio by computing the average retacross the funds for each month over
the January 1995 to December 2010. | obtain thaing) performance estimates
following Treynor and Mazuy (1966) and Cao et aD12). That is, the market timing,
liquidity timing, and volatility timing are measwteas the coefficient estimates &fy,
and@, respectively, in the following regression:

eret,, = a + PMKTRF? + yMKTRF, X LIQ{ + OMKTRF, x VIX? + FH7 factors,
whereeret,, . is the portfolio return in excess of risk-freeeratt month tMKTRF, is the
market excess return in monthLIQ¢ the demeaned traded Amihud liquidity factor,
ViX2 the demeaned VIX, and'H7 factors the Fung and Hsieh seven factors, which
include trend following factors (bond (PTFSBD)francy (PTFSFX), and commodity
(PTFSCOM)), equity-oriented risk factors (equityrket (MKTRF), size spread factor
(SMB)), and bond-oriented risk factors (bond marRetDCHG), credit spread factor
(BAAMTSY)). VIX (Chicago Board Options Exchange (OB) Market Volatility Index)

data are obtained from CBOE website.

Parameter Estimate StdErr DF t-valug Probt
Intercept 0.0033 0.0012 191 2.83 0.0051
MKTRF 0.2768 0.0223 191 12.44 <.0001]
MKTRF? -0.0638 0.4040 191 -0.16 0.8747
MKTRF, x LIQ{ -0.1203 0.3510 191 -0.34 0.7322
MKTRF, X VIX 0.0161 0.1921 191 0.08 0.9331
SMB 0.1271 0.0337 191 3.77 0.0002
YLDCHG -0.0166 0.0038 191 -4.31 <.0001
BAAMTSY -0.0288 0.0078 191 -3.70 0.0003
PTFSBD -0.0088 0.0062 191 -1.42 0.156(
PTFSFX 0.0119 0.0069 191 1.73 0.0853
PTFSCOM 0.0098 0.0086 191 1.14 0.2567
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Panel B. Derivatives Users vs. Non-Users. | use dherage of the “Derivatives”
indicator across funds for each manager. The italiga from the TASS snapshot as of
April 25, 2012. | split the sample into two sub-gdes because more than half are non-
users (173 managers are classified as users an@st®é®n-users). | form an equally
weighed portfolio of going long positions of theriglative users and short those of the
non-users. Then | estimate the individual fundphak by solving equations (6d) to (6f)
subject to (6a) to (6¢) and (6g) using the GMM rodtiwith a Newey-West lag of three
and full 12 months of observation. | apply priorager-end holdings information to the

current quarter information.

Parameter Estimate StdErr t-value Probt p.a.
Ay -0.0001 0.0002 -0.53 0.5994 -0.11%

a, -0.0002 0.0002 -0.81 0.4189 -0.23%
Ay -0.0001 0.0001 -1.64 0.1028 -0.14%

ag 0.0001 0.0004 0.3 0.7644 0.13%
QATiming -0.0004 0.0003 -1.26 0.2109 -0.47%
ATotal -0.0003 0.0004 -0.74 0.4608 -0.34%
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Figure 5. Non-Long Equity Positions.

Panel A. Returns-based measure. | use those hedde Wwhose managers are matched to
the managers in the final sample. | control forKhdcbias by choosing the return
observations after a fund was added to the TAS&bdae. Then | form an equally
weighted portfolio by computing the average retacross the funds for each month over
the January 1995 to December 2010. | obtain thaing) performance estimates
following Treynor and Mazuy (1966) and Cao et aD12). That is, the market timing,
liquidity timing, and volatility timing are measut@s the coefficient estimategs,y, and
8, respectively, in the following regression:

eret,, = a + PMKTRF? + yMKTRF, X LIQ{ + OMKTRF, x VIX? + FH7 factors,
whereeret,, , is the portfolio return in excess of risk-freeeratt month tMKTRF, is the
market excess return in monthLIQ¢ the demeaned traded Amihud liquidity factor,
ViX2 the demeaned VIX, and'H7 factors the Fung and Hsieh seven factors, which
include trend following factors (bond (PTFSBD)francy (PTFSFX), and commodity
(PTFSCOM)), equity-oriented risk factors (equityrket (MKTRF), size spread factor
(SMB)), and bond-oriented risk factors (bond marRgtDCHG), credit spread factor
(BAAMTSY)). VIX (Chicago Board Options Exchange Mat Volatility Index) data are
obtained from CBOE website.

Liquidity

- Market

-10 .

-------- Volatility

-15

N AT N N AN N N AN AT NS NN N
gdogdggodgaodogdoggodaoggdaoggoggdgdgagagagd
00 00 OO O) O O 0 N AN N N < LD LN O O ININOOWO O O O
DD NHH OO OO0 000000000008 dd
OO N OO OO OO OO OO OO0 o o
™ AN AN AN AN AN AN AN AN AN AN N AN AN AN AN NN NN

83



Panel B. Derivaties Users and Non-Users. | usavieeage of the “Derivatives” indicator
across funds for each manager. The indicator i® fitee TASS snapshot as of April 25,
2012. | split the sample into two sub-samples bgeanore than half are non-users (173
managers are classified as users and 468 as nms)-ubdorm an equally weighed
portfolio of going long the derivative users anaishithe non-users. Then | estimate the
individual funds’ alphas by solving equations (6al)6f) subject to (6a) to (6¢) and (69)
using the GMM method with a Newey-West lag of thred full 12 months of

observation. | apply prior quarter-end holdingsoiniation to the current quarter

information.
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Reported are the monthly alpha estimates of ygetiormance, the corresponding standard errors-atadistics.

1995 1996 1997 1998 1999 2000 200 2002 2003 20042005 2006 2007 2008 2009 201
Estimate| 0.0022| -0.0008 -0.0012 0.0011 0.0001 2200 0.0019| 0.0012 0.001 -0.0004 -0.0010 -0.0006 01@.0 -0.0002| 0.0000 -0.000fL

Selectivity | StdErr 0.0020| 0.0024 0.0011 0.0013 0.0009 0.0019002a. | 0.0013] 0.0012 0.0014 0.0008 0.0006 0.0008 18.00 0.0014| 0.0006
t-value 1.06 -0.34 -1.14 0.86 0.14 -1.54 0.81 0.95 0.82 -0.27 -1.26 -1.03 1.77 -0.19 0.03 -0.9J9
Estimate| -0.0021  0.000¢ 0.0020 -0.0012 -0.0003 0O@BQ -0.0011| 0.0013 -0.0028 -0.0016 -0.0002 -0.00G0.0001| 0.0003| -0.0004 0.000f

Timing StdErr 0.0009| 0.0014 0.001p 0.0017 0.0005 0.00270010. | 0.0008/ 0.0010 0.00183 0.0004 0.0002 0.0002 00.00 0.0002| 0.0004
t-value -2.28 0.45 1.98 -0.69 -0.63 -0.28 -1.0 01.7 -2.76 -1.30 -0.45 -0.47 -0.61 1.39 -2.28 0.3p
Estimate( 0.0001| -0.0002 0.0008 -0.0001 -0.0002 03BQ 0.0008| 0.0025 -0.0018 -0.0020 -0.0012 -0.0p07.001B | 0.0001| -0.0004 0.000fL

Total StdErr 0.0022| 0.0014 0.0008 0.0012 0.0008 0.00320022. | 0.0012] 0.0013 0.00183 0.0009 0.0006 0.0009 16.000.0013| 0.0009
t-value 0.05 -0.16 1.03 -0.08 -0.23 -1.11 0.38 2.01-1.37 -1.58 -1.26 -1.13 1.53 0.04 -0.30 0.1p
Estimate| -0.0003 0.000¢ 0.0008 -0.0005 0.0Q02  @.0060.0014| 0.0004 -0.0018 -0.0009 -0.0003 -0.0001.0041 | 0.0003| -0.0004 -0.0003

Liquidity StdErr 0.0004, 0.0014 0.0009 0.0006 0.0003 0.00230010@. | 0.0007, 0.0006 0.0005 0.0002 0.0002 0.0001 0@.00 0.0003| 0.0002
t-value -0.79 0.52 0.98 -0.92 0.72 0.31 -1.4 0.52 -3.05 -2.08 -1.66 -0.61 -0.79 1.89 -1.18 -1.39
Estimate| -0.0016 -0.0002 0.0015 -0.0003 -0.0005 00@® | 0.0003| 0.0009 -0.0011 -0.0005 0.0002 0.00010000.| 0.0000| -0.0001 0.0008

Market StdErr 0.0008| 0.0002 0.0009 0.0011 0.0003 0.00040004. | 0.0005/ 0.0008 0.0008 0.0004 0.0001 0.0000 0.0 0.0004| 0.0004
t-value -2.05 -0.71 1.70 -0.29 -1.75 -1.54 0.75 81.8 -1.38 -0.59 0.60 0.87 0.02 0.08 -0.18 0.74
Estimate| -0.0002 0.0000 -0.0004 -0.0004 0.0000 0d®g 0.0001| 0.0000 0.0001 -0.0002 -0.0002 -0.0p01000D. | 0.0000| 0.0000  0.000%

Volatility StdErr 0.0001| 0.0002 0.0002 0.0004 0.0001 0.00100000. | 0.0001| 0.0001 0.000L 0.0000 0.0000 0.0000 00.000.0000| 0.0001
t-value -1.23 0.05 -2.08 -1.00 -0.15 -0.8¢ 0.4f 160. 0.63 -3.44 -5.73 -1.83 1.21 -0.28 -0.48 1.1




Figure 6. Distribution of individual fund alphas.

Histograms of monthly individual funds’ alphas depicted for each ability. Normal and

kernel distributions are fitted. | estimate theiwdial funds’ alphas by solving equations
(6d) to (6f) subject to (6a) to (6¢) and (6g) usthg GMM method with a Newey-West

lag of three. | apply prior quarter-end holdinggormation to the current quarter

information. | require each fund to have at ledsibservations over the sample period
January 1995 to December 2010.
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Table 8. Bootstrap Analysis.

| generate 1,000 hypothetical cross-sections atiddal funds’ alphas and the corresponding t-st& under the assumption of no
ability by randomly sampling with replacement mdyntimarket returns, market liquidity risk, and stadkosyncratic returns, with
portfolio holdings, stocks’ market-, and liquidibetas fixed. For each cross-section, | rank hypimtllealphas and the t-statistics, and
then compare them to the corresponding actual chekémate and t-statistics. Reported are actusha&®, its t-statistic, and the

empirical p-value for each ability and selecteccpatile. The empirical p-value for skill (luck)gemputed by

il i i>a i 1{t—stat i i>t—stat .. .
pyalue .= Zl { Hypothetical, i Actual}' Orpyalue = Zl { Hypothetical, i Actual} (One |eSS the emplrlcal p-ValueS for Sk|”)
’ 1,000 ’ 1,000
Min 1st 5th 10th 25th Med 75th 90th 95th 99th| Ma;
Actual Estimate -0.021 -0.016 -0.007 -0.004 0.00p .00 0.005 0.008 0.011 0.017 0.044
Selectivity p-value_skill 0.001 0.063 0.273 0.461] 0.901 0.988 .94D 0.989 0.995 1.000 0.944
p-value_luck 0.999 0.937 0.727 0.539 0.09 0.017  05®. 0.011 0.005 0.000 0.056
Actual Estimate -0.043 -0.030 -0.014 -0.01p -0.047 -0.003 -0.001 0.004 0.009 0.017 0.023
Timing p-value_skill 0.192 0.444 0.606 0.600 0.70: 0.82p .929 0.570 0.481 0.685 0.928
p-value_luck 0.808 0.556 0.394 0.40Q 0.29Y 0.171 07D. 0.430 0.519 0.315 0.072
Actual Estimate -0.061 -0.036 -0.019 -0.01p -0.046 -0.001 0.003 0.007 0.012 0.026 0.04]
Total p-value_skill 0.253 0.390 0.515 0.597| 0.79¢ 0.938 .956 0.988 0.985 0.953 0.984
p-value_luck 0.747 0.610 0.485 0.403 0.204 0.067 044. 0.012 0.015 0.047 0.016
Actual Estimate -0.011 -0.005 -0.003 -0.00p -0.0q1 -0.001 0.000 0.001 0.001 0.003 0.007
Liquidity p-value_skill 0.200 0.181 0.407 0.471] 0.55. 0.651L .768 0.924 0.956 0.964 0.971
p-value_luck 0.800 0.819 0.593 0.529 0.44Y 0.349 23D. 0.076 0.044 0.036 0.029
Actual Estimate -0.040 -0.026 -0.014 -0.008 -0.004 -0.002 0.000 0.004 0.010 0.020 0.021
Market p-value_skill 0.264 0.434 0.566 0.501 0.541] 0.718 .879 0.618 0.457 0.573 0.754
p-value_luck 0.736 0.566 0.434 0.499 0.459 0.247 129. 0.382 0.543 0.427 0.246
Actual Estimate -0.010 -0.007 -0.004 -0.00% -0.043 -0.001 0.000 0.001 0.003 0.005 0.004
Volatility p-value_skill 0.399 0.494 0.649 0.732 0.884 0.87L .78D 0.655 0.494 0.545 0.532

p-value_luck 0.601 0.506 0.351 0.269 0.11% 0.129 213. 0.345 0.506 0.455 0.468




06

Min 1st 5th 10th 25th Med 75th 90th 95th 99th Ma:

Actual t-statistic -3.01 -2.20 -1.26 -0.81 -0.09 8D. 1.71 2.43 291 3.79 6.63

Selectivity p-value_skill 0.511 0.920 0.929 0.914 0.953 0.883 .749 0.790 0.765 0.766 0.065
p-value_luck 0.489 0.080 0.071 0.084 0.04: 0.1347  25D. 0.210 0.235 0.234 0.935

Actual t-statistic -3.30 -2.14 -1.33 -1.03 -0.73 4D -0.13 0.59 1.21 2.26 2.86

Timing p-value_skill 0.357 0.253 0.170 0.229 0.464 0.70p .878 0.811 0.774 0.879 0.985
p-value_luck 0.643 0.747 0.830 0.771 0.53% 0.298  12D. 0.189 0.226 0.121 0.015

Actual t-statistic -4.81 -2.16 -1.32 -0.89 -0.54 1D 0.40 1.07 1.55 2.67 4.01

Total p-value_skill 0.891 0.440 0.418 0.380] 0.713 0.92p .998 0.990 0.956 0.816 0.803
p-value_luck 0.109 0.560 0.582 0.62( 0.287 0.071  00D. 0.010 0.044 0.184 0.197

Actual t-statistic -3.04 -2.66 -1.95 -1.66 -1.07] .60 -0.03 0.71 1.15 2.01 2.74

Liquidity p-value_skill 0.055 0.192 0.239 0.309 0.352 0576 77D 0.864 0.892 0.927 0.962
p-value_luck 0.945 0.808 0.761 0.691] 0.64: 0.425 228. 0.136 0.108 0.073 0.038

Actual t-statistic -2.94 -2.18 -1.38 -1.05 -0.61 3D -0.05 0.53 121 1.98 2.97

Market p-value_skill 0.173 0.210 0.190 0.274] 0.467 0.61p .83D 0.833 0.684 0.871 0.921
p-value_luck 0.827 0.790 0.810 0.724 0.53 0.385 163. 0.167 0.316 0.129 0.079
Actual t-statistic -2.88 -2.70 -2.50 -2.29 -1.57 .50 0.09 0.91 3.18 13.79 26.66]

Volatility p-value_skill 0.091 0.364 0.711 0.874 0.97 0.887 .850 0.958 0.465 0.096 0.069
p-value_luck 0.909 0.636 0.289 0.124 0.03 0.113 14®. 0.042 0.535 0.904 0.931




Table 9. Performance Persistence.

For each year, individual funds are sorted intontji@is according to the prior year’s

performance or the entire performance history. Tten quintile portfolios, and the

spread portfolio of going long for the top quintpertfolio and short for the bottom are

formed using equal weight. | report the alphastfer portfolios rebalanced each year

according to the prior performance and held for year, and the corresponding t-statistic

estimated using the GMM method with a Newey-Wedagfthree.

Panel A. Ranking of individual funds based on therpyear’s performance requiring a

full 12 months of observations for the prior yebo. ensure that | have enough funds for

ranking, | begin the evaluation period in 1997.

Ranked on prior year's total alpha
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter

Estimate | t-value| Estimat t-value Estimelte t-valu&stimate | t-value| Estimat¢ t-valyl p.a t-valpie

ay -0.0011 -0.32 -0.0014 -0.38 -0.001L -0.3p -0.00[L3 0.35 -0.0007 -0.16 -0.529 -0.44

a -0.0007 -0.65 -0.0005 -0.91] -0.000# -1.0p -0.00p7 1.36 -0.0003 -0.55( -0.429 -0.34

a, 0.0001 0.08 -0.0002 -0.18 -0.000# -0.417 -0.00p3 430 -0.0005 -0.58 0.69% 1.15

ag 0.0042 3.46 0.0028 3.00 0.0024 3.11 0.00]1 1.23 0120 0091 3.69% 2.20
alpha_timing [ -0.0017 -0.38 -0.002 -0.4y -0.0039 .470| -0.0023 -0.56 -0.0015 -0.37 -0.256  -0.13

alpha_total 0.0025 0.53 0.000E' 0.1 0.0005 0.13 o011 -0.28 -0.0003 -0.07 3.449 1.4

Ranked on prior year's selectivity alpha
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter

Estimate | t-value| Estimat t-value Estimelte t-vaju&stimate | t-value| Estimat¢ t-valyl p.a t-valpie

ay -0.0012 -0.32 -0.0011 -0.31] -0.001p -0.38 -0.00[L0 0.27 -0.0012 -0.31 0.06% 0.08|

a -0.0008 -0.76 -0.0005 -0.98 -0.000y -1.4f -0.00p3 0.78 -0.0003 -0.61| -0.579 -0.54

a, -0.0002 -0.24 -0.0003 -0.34] -0.0008 -0.33 -0.00p4 0.44 -0.0002 -0.18( -0.07¢9 -0.14

ag 0.0043 3.26 0.0027 2.62 0.001 2.0Y 0.0020 2.54 0100 0.86 3.92% 2.11
alpha_timing -0.0022 -0.48 -0.001! -0.45 -0.0021 .520| -0.0016 -0.39 -0.0017 -0.34 -0.58%0 -0.42

alpha_total 0.0022 0.44 0.000E' 0.1 -0.0004 -0.11 .oo@m 0.09 -0.0006 -0.14 3.349 1.4
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Ranked on prior year's total timing alpha
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat t-value  Estimgte t-vaju&stimate [ t-value EstimatJa t-valyl p.a t-valbe
ay -0.0017 -0.47 -0.0010 -0.28] -0.001f -0.3p -0.00L1 0.29 -0.0009 -0.23 -0.959 -0.6d
ar -0.0007 -0.70 -0.0003 -0.50] -0.000p -1.34 -0.00p7 1.1% -0.0005 -0.66 -0.189 -0.15
ay 0.0006 0.56 -0.0002 -0.19 -0.000¢+ -0.44 -0.00p6 680, -0.0007 -0.92 1.55% 2.24
ag 0.0031 2.54 0.0021 2.36 0.0021 3.18 0.0020 246 0200| 1.49 1.42% 0.80
alpha_timing | -0.0018 -0.40 -0.0014 -0.34 -0.0020 .480| -0.0023 -0.53 -0.0021 -0.41 0.42% 0.1B
alpha_total 0.0014 0.32 0.0004 0.1 0.0007 0.17 00aB -0.07 -0.0001 -0.03 1.849 0.8
Ranked on prior year's market timing alpha
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat t-value  Estimdte t-vaju&stimate [ t-value EstimatJa t-value p.a t-valbe
ay -0.0006 -0.19 -0.0012 -0.33] -0.001p -0.3p -0.00L2 0.32 -0.0014 -0.35 0.98% 0.47|
a -0.0006 -0.80 -0.0003 -0.64 -0.000f -1.6p -0.00p6 1.13 -0.0005 -0.76  -0.18Y -0.4%
[ 0.0003 0.36 -0.0002 -0.26 -0.000# -0.4p -0.00p4 47-0) -0.0006 -0.65 1.06% 2.52
ag 0.0032 2.70 0.0033 3.51 0.001 1.8% 0.0024 265 0160| 1.15 2.04% 1.32
alpha_timing [ -0.0009 -0.23 -0.001 -0.41 -0.0023 .540| -0.0021 -0.50 -0.0025 -0.5( 1.85% 0.8p
alpha_total 0.0023 0.54 0.0014 0.3? -0.0010 -0.p3 .00@B 0.07 -0.0010 -0.20 3.89% 1.8
Ranked on prior year's volatility alpha
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat t-value  Estimdte t-vaju&stimate [ t-value EstimatJa t-value p.a t-valbe
ay -0.0022 -0.60 -0.0014 -0.38 -0.001p -0.41 -0.00p8 0.2% 0.0002 0.04 -2.799 -1.5(¢
a -0.0005 -0.66 -0.0008 -1.49 -0.000p -1.17 -0.00p6 1.02 -0.0002 -0.19( -0.43¢ -0.31
[ -0.0001 -0.05 -0.0002 -0.24 -0.000# -0.4p -0.00p4 0.43 -0.0003 -0.37 0.33% 0.46|
ag 0.0020 1.76 0.0027 2.77 0.002 2.8 0.0017 1.89 0300 220 -1.34%|  -0.69
alpha_timing | -0.0028 -0.62 -0.0024 -0.5Y -0.0023 .550 | -0.0017 -0.39 -0.0003 -0.04 2900 -1.15
alpha_total -0.0007 -0.17 0.000 0.0 0.00Q0 -0.p10.0000 -0.01 0.0028 0.59 -4.24% -1.4|7
Ranked on prior year's liquidity timing alpha
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat t-value Estimelte t-vaju&stimate | t-value| Estimat¢ t-value p.a t-valpie
ay -0.0017 -0.46 -0.0012 -0.35 -0.001L -0.3L -0.00p8 0.23 -0.0008 -0.20 -1.13¢ -1.24
a -0.0007 -0.69 -0.0005 -0.89 -0.000B -0.6p -0.00p4 0.77 -0.0007 -0.74 0.05% 0.03]
a 0.0001 0.14 0.0000 -0.03] -0.0008 -0.4p -0.00p5  80.p -0.0006 -0.68 0.88%) 1.18
as 0.0015 1.23 0.0028 3.09 0.003 3.4% 0.0019 206 0260 1.88 -1.13%|  -0.57
alpha_timing -0.0023 -0.50 -0.001: -0.48 -0.0017 .420| -0.0017 -0.41 -0.002Y -0.45 -0.20%0 -0.09
alpha_total -0.0007 -0.16 0.001 0.2 0.00314 0.33 .00@B 0.06 0.0004 0.08 -1.34% -0.5p
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Panel B. Ranking of individual funds based on thigre performance history, requiring

at least 15 monthly observations during the histdoyensure that | have enough funds

for ranking, | start the evaluation period in 1998.

Ranked on the total alpha from the entire history
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat t-value Estimelte t-vaju&stimate | t-value| Estimat¢ t-value p.a t-valpie
ay -0.0020 -0.57 -0.0020 -0.54] -0.002{t -0.5p -0.00[L9 0.49 -0.0022 -0.51 0.17% 0.17]
a, -0.0004 -0.48 -0.0006 -1.15 -0.000¢ -0.88 -0.00p6 1.02 -0.0004 -0.67 -0.069 -0.07
ay 0.0000 -0.03 -0.0003 -0.29 -0.000B -0.36 -0.00p3 .370| -0.0002 -0.23 0.24% 0.63]
as 0.0040 3.57 0.0030 3.47 0.0030 3.5¢4 0.0026 219 0180 1.62 2.60% 1.72
alpha_timing -0.0025 -0.56 -0.002 -0.66 -0.0028 .630| -0.0028 -0.62 -0.0029 -0.54 0.35% 0.2
alpha_total 0.0015 0.31 0.0001 0.0 0.00Q2 0.5 ooaz -0.04 -0.0009 -0.19 2.959 1.54%
Ranked on the timing alpha from the entire history
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat t-value  Estimdte t-vaju&stimate [ t-value Estimath t-value p.a t-valbe
ay -0.0026 -0.70 -0.0023 -0.60 -0.001p -0.41 -0.00[L8 0.47 -0.0021 -0.52 -0.049 -0.45
a, -0.0006 -1.10 -0.0003 -0.69 -0.000p -1.19 -0.00p6 0.77 -0.0003 -0.38 -0.039 -0.6d
ay 0.0000 -0.04 -0.0004 -0.41] -0.000B -0.34 -0.00p2 .230| -0.0003 -0.33 0.03% 1.22
as 0.0035 3.64 0.0024 2.65 0.002 2.68 0.0037 311 0280 2.14 0.10% 0.87
alpha_timing [ -0.0032 -0.72 -0.002 -0.66 -0.0024 .560 | -0.0026 -0.57 -0.0027 -0.57 -0.04%  -0.38
alpha_total 0.0003 0.06 -0.000 -0.1p 0.00Q1 0.02 .oom 0.23 -0.0003 -0.05 0.05% O.3£f
Ranked on the selectivity alpha from the entirédnis
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat t-value  Estimdte t-vaju&stimate [ t-value Estimath t-value p.al t-valbe
ay -0.0017 -0.49 -0.0021 -0.55] -0.001p -0.4p -0.00[L9 0.47 -0.0025 -0.61 0.089 1.00|
ar -0.0006 -0.52 -0.0004 -0.73] -0.000p -1.2p -0.00p3 0.7% -0.0007 -1.57 0.019 0.16]
ay 0.0000 -0.03 -0.0004 -0.50] -0.000B -0.3p -0.00p3 .340| -0.0001 -0.08 0.009 0.11]
as 0.0036 2.83 0.0029 3.46 0.002 2.6 0.00%25 2.88 026.0| 2.08 0.11%) 0.84
alpha_timing | -0.0023 -0.52 -0.002 -0.6p -0.0028 .630 | -0.0025 -0.55 -0.0032 -0.64 0.09p6 0.9p
alpha_total 0.0013 0.27 -0.0001 -0.0p -0.0003 -0.p6 0.0000 0.01 -0.0006 -0.13  0.20%6 1.21

93



Ranked on the market timing alpha from the entiséohy
Parameter 1 (Best) 2 3 4 5 (Worst) 1-5
Estimate | t-value| Estimat tvale Estimdte tvaluEstimate| tvalue| Estimat¢ tval p.a t-valpie
ay -0.0025 -0.66 -0.0020 -0.54 -0.001# -0.38 -0.00p1 0.54 -0.0023 -0.56 -0.01Y% -0.14
a -0.0009 -1.10 -0.0004 -0.67] -0.000p -1.0B -0.00p5 0.84 -0.0001 -0.28( -0.08Y -1.34
[ -0.0002 -0.21 -0.0002 -0.23 -0.000# -0.4p -0.00p2 0.17 -0.0003 -0.33 0.01% 0.54
ag 0.0033 291 0.0030 2.83 0.002 3.4 0.00%29 287 0280| 234 0.10% 1.14
alpha_timing | -0.0035 -0.77 -0.002 -0.59 -0.0023 .530| -0.0028 -0.61 -0.0028 -0.54 -0.08%  -0.65
alpha_total -0.0002 -0.05 0.0004 0.0 0.0006 0.14 .oo@ 0.04 -0.0005 -0.10 0.03% 0.2
Ranked on the volatility timing alpha from the eathistory
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat tvalue Estimdte tvalu€stimate| tvalue| Estimatd tvalup p.a t-valbe
ay -0.0025 -0.62 -0.0020 -0.52] -0.002B -0.6[L -0.00[L9 0.50 -0.0014 -0.36 -0.119 -1.73
ar -0.0003 -0.32 -0.0005 -0.90] -0.0008 -1.37 -0.00p1 0.17 -0.0006 -0.88 0.03% 0.37]
ay -0.0002 -0.22 -0.0003 -0.38 -0.000p -0.27 -0.00p4 0.46 -0.0001 -0.10( -0.01Y% -0.62
ag 0.0031 2.46 0.0027 2.92 0.003 348 0.0030 295 0280| 2.36 0.08% 0.73
alpha_timing [ -0.0030 -0.61 -0.002 -0.68 -0.0033 .750 | -0.0023 -0.54 -0.0020 -0.44 -0.106  -1.01
alpha_total 0.0001 0.03 -0.0001 -0.0p 0.00Q0 0.00 .oo0@y 0.15 0.0003 0.07 -0.02%  -0.1%
Ranked on the liquidity timing alpha from the eatiistory
1 (Best) 2 3 4 5 (Worst) 1-5
Parameter
Estimate | t-value| Estimat t-valug Estimslte t-valu&stimate | t-value EstimatJa t-value p.al t-valbe
ay -0.0021 -0.54 -0.0020 -0.53] -0.002p -0.5¢4 -0.00p0 0.54 -0.0020 -0.50 0.009 -0.09
a, -0.0002 -0.28 -0.0004 -0.82] -0.000p -1.36 -0.00p5 0.73 -0.0008 -0.64 0.069 0.54]
ay -0.0001 -0.13 -0.0003 -0.38] -0.000B -0.3p -0.00p3 0.29 -0.0002 -0.17 0.019 0.18]
as 0.0036 3.43 0.0022 2.46 0.002 3.62 0.0024 2.4 0380 2.24 0.01% 0.10
alpha_timing -0.0023 -0.51 -0.002 -0.62 -0.0030 .680| -0.0028 -0.62 -0.0031 -0.59 0.06P6 0.4p
alpha_total 0.0013 0.27 -0.000% -0.11 -0.0001 -0.p2-0.0004 -0.08 0.0005 0.10 0.08%% 0.4

94



Figure 7. Predictability of liquidity

Panel A. Actual traded liquidity risk factor andesmonth ahead forecast. For each
month | run OLS regressions of traded liquiditykriactors on 2 (=512) possible

combinations of the 9 publicly available informattigariables, using the prior 60 months
of observations. My candidate variables includgéabtraded liquidity risk factor, lagged
book-to-market ratio (the ratio of book value torkea value for the Dow Jones
Industrial Average), lagged Treasury-bill rate (&Mth Treasury), lagged long-term
yield (long-term government bond yield), laggedahbn rate (Consumer Price Index),
lagged stock variance (sum of squared daily retmshe S&P 500), lagged CRSP
spread value-weighted index, lagged dividend prac® (the difference between the log
of dividends and the log of prices), and laggedhiegs price (the difference between the
log of earnings and the log of prices). Among tHE Smodels, | choose the best
regression model based on several model selectitgri@ such as AIC, BIC, and’R

Then | make the one-month ahead forecast usingemummonth’s realized public

information and the parameter estimates of thectdemodel.
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One-month ahead forecast based on R?2
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Panel B. Pearson correlation coefficient of thaialctraded liquidity risk factor and its
one-month ahead forecast. For each month | usedsfithty (current month and 59 prior
months) observations to compute the recursive Bearsrrelation coefficients between
the actual traded liquidity risk factor and its enenth ahead forecast.
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(Correlation btw actual liquidity and one-month ahead forecast based on R?)?
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For each month | use 60 monthly (current month a&drior months) observations to
0.02

compute the squared Pearson correlation coeffitietween the actual traded liquidity

Panel C. Squared value of the correlation coefiicie
risk portfolio return and its one-month ahead fatc
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Panel D. Inclusion frequency of the variables ia thest set under the AIC. For each
variable, the table plots a dummy variable thata¢xjone if the variable is included in the
best model for the month, and zero otherwise. bmtepnly the results based on AIC

because the models chosen under the AIC and BI€ gimilar results, and the model

selected under the adjustefi@most always include all the 9 variables.
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