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Abstract

| use transaction-level data to investigate the mitade and source of hedge funds' equity
trading profits. Bootstrap simulations indicatetthi@e trading profits of the top 10% of hedge
funds cannot be explained by luck. Similarly, sigreperformance persists. Outperforming
hedge funds tend to be short-term contrarians waitiall price impacts, and their profits are
concentrated over short holding periods and inrthigire contrarian trades. Further, | find that
performance persistence is significantly strongercontrarian funds with small price impacts.
My findings suggest that liquidity provision is amportant channel through which
outperforming hedge funds persistently create value
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1. Introduction

The hedge fund industry has grown from $38 billieri990 to over $2 trillion in 2012.
Presumably, much of this growth is driven by ineestfaith in hedge funds' ability to generate
abnormal returns via skilled trading. The view the#dge funds are skilled traders seems
plausible. Compared to other institutional investdredge funds have greater flexibility in their
investment choices, better liquidity managemenistoand stronger performance incentives.
Additionally, it is commonly believed that hedgenfls are able to attract the most talented
managers. For example, Mario Gabelli, a top mulwad executive, admitted, "[t]he brain drain

to hedge funds from the traditional money managérnestry is real®

Consistent with this view, the academic literatgemerally finds that the average hedge
fund delivers net-of-fee alphas of roughly 3-5%e(se.g., Ibbotson, Chen, and Zhu, 2011,
Kosowski, Naik, and Teo, 2007; and Fung et al.,88@ltimately, hedge funds’ ability to
generate abnormal returns must stem from theiritybib profitably trade on mispriced

securities! However, relatively little is known abohbwhedge funds exploit mispricing.

There are at least four mechanisms through whiclygdéunds could create value. First,
hedge funds may be skilleshareholder activistgClifford 2008; Brav et al. 2008). Second,
hedge funds may have a comparative advantage lectiofy and processingublic information

Third, hedge funds may profit througtsider trading Finally, hedge funds may outperform by

! "Hedge-fund assets rise to record level", Julietr@h{The Wall Street Journal), April 19, 2012.
http://online.wsj.com/article/SB1000142405270230MBR1577354043852093400.htmlI?mod=googlenews_wsj
2 “Brain Drain to Hedge Funds for Real — Gabelli”,rblert Lash (Reuters), September 7, 2005.
http://www.reuters.com/article/Funds05/idUSHAR76019620050907

% Not all of the academic literature has been ad finhedge funds. See, for example, Amin and K@®3}, Griffin
and Xu (2009), and Dichev and Yu (2011).

* This, of course, assumes that the hedge fund sipieanot spurious. Some papers argue that thestiedd alphas
can be explained by misspecified risk models (Asn&sail, and Liew, 2001) or biases in commerciatadhases
(Aiken, Clifford, and Ellis, 2013).




providing liquidityto other investors who demand immediacy (Campketssman, and Wang,
1993). Distinguishing among these explanationshiallenging. Hedge funds are notoriously
secretive about their investment strategies. Furieasting data on hedge funds are typically
limited to self-reported monthly returns or qudstdroldings, neither of which is well-suited for

understanding the source of hedge funds' tradiofiter

This paper employs transaction-level data to betteterstand how hedge funds create
value.Specifically, | first demonstrate that some “sth€tge funds are able to persistently create
value through trading. | then exploit the granwardf transaction data to explore the

mechanisms through which these star hedge fundsecvalue.

The analysis relies on data provided by ANcernqg atdexecution cost consulting firm.
The data include the names of the institutionaégters, which allows me to distinguish hedge
funds from other institutions. Unfortunately, lik8F holdings, the data do not include non-
equity trading. However, roughly 40% of hedge fumds simply invested in long/short equity
strategies (Fung and Hsieh, 2006), which suggéstismhany funds rely exclusively on equity
trading to generate abnormal returns. Moreover dédtta offer a number of benefits relative to
both commercial databases and quarterly holdinigst, Ehe data do not suffer from many of the
biases that plague commercial databases (seeFemg, and Hsieh, 2009). Moreover, since |
observe hedge funds’ actual trades, | can estirraging profits more precisely by using
characteristic-based benchmarks rather than faotmtels (Daniel et al., 1997). In addition,
unlike quarterly holdings, ANcerno captures all iggtrades, including short-sales, confidential
filings, and intra-quarter roundtrip trades. Maspbortantly, the data contain the precise date and
execution price of each trade. This allows me fotww® short-term dynamic trading strategies

(e.g., Patton and Ramdorai, 2013) and enables pmwverful tests of short-term trading skill.
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| estimate hedge fund performance by computingncietime transaction portfolios
(see, e.g., Seasholes and Zhu, 2010) with holdamgpgs ranging from 21 to 252 days. Across
all holding periods, | find no evidence that the@ge or median hedge fund outperforms, after
accounting for trading commissions. However, | fgignificant evidence of outperformance in
the right-tail of the distribution. Specifically,obtstrap simulations indicate that the annual
performance of the top 10-30% of hedge funds cabea@xplained by luck. Similarly, | find that
superior performance persists. The top 30% of hefdgels outperform by a statistically
significant 0.25% per month over the subsequent.y@asharp contrast to my hedge fund
findings, both bootstrap simulations and perforneampersistence tests fail to reveal any

outperformance among non-hedge fund institutiomastors.

My remaining tests investigateow outperforming hedge funds (i.e., “star” hedge &)nd
create value. My main findings can be summarizefdlésys. First, star hedge funds’ profits are
concentrated over relatively short holding perio8pecifically, more than 25% (50%) of star
hedge funds’ annual outperformance occurs withenfilst month (quarter) after a trade. Second,
star hedge funds tend to be short-term contramatissmall price impacts. Third, the profits of
star hedge funds are concentrated in their coatrarades. Finally, the performance persistence
of star hedge funds is substantially stronger amfongs that follow contrarian strategies (or
funds with small price impacts) and is not at alegent for funds that follow momentum

strategies (or funds with large price impacts).

The results suggest that liquidity provision is r&ti@al source of star hedge funds’
persistent trading profits. Further, the evidenese largely inconsistent with alternative
explanations. For example, while the existing &itare finds that activist hedge funds target

value stocks (Brav et al., 2008), | find that dtadge funds are net buyers of growth stocks. In
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addition, | find no evidence that star hedge futndde more frequently or more profitably prior
to earnings announcements. This is inconsistert thié view that insider trading is a major
determinant of star hedge funds’ trading profitmialty, the short-term nature of the trading
profits is inconsistent with many strategies tledy on superior processing of public information
(e.g., long-term value investing), as, on averégsould likely take the market several quarters

(or years) to recognize the wisdom of such trades.

This study is related to several strands of liteeat The first is the nascent literature that
examines the high-frequency dynamics of hedge fueding strategies. Patton and Ramadorai
(2013) combine monthly returns with higher-frequenonditioning variables, and conclude that
short-term (e.g., daily) dynamics are far more ingot for hedge funds than mutual funds. In
contrast to Patton and Ramadorai (2013), who mmfst ishort-term dynamics from monthly

returns, this study offers a direct analysis ohHigequency hedge fund trading.

My findings also contribute to the literature one tldeterminants of hedge fund
performance. Recent work finds that fund charasties such as managerial incentives, strategy
distinctiveness, and lockup periods are correlatéd hedge fund returns (see, e.g., Agarwal,
Daniel, and Naik, 2009; Sun, Wang, and Zheng, 2@mhd; Aragon 2007). In contrast to existing
work on observable fund characteristics, my findifgghlight the importance of a fund’s
investment strategy. In particular, my evidencegests that liquidity provision is an important
channel through which star hedge funds persistemégite value. My findings are distinct from
studies that show that hedge funds profit from imgjdlliquid assets (Aragon, 2007) or bearing
illiquidity risk (Sadka, 2010). | find no evidentleat star hedge funds are net buyers of illiquid

stocks, nor do | find evidence that their profitvary with an illiquidity risk factor. Instead, my



findings suggest that star hedge funds profit bth dmuying and selling illiquid securities at

favorable prices from investors who demand immediac

My findings are also consistent with recent worltteuggests that at least some hedge
funds provide liquidity to the market (Aragon andlaBan, 2012; Jylha, Rinne, and Suominen,
2013). However, my emphasis is not on whether hddgds provide liquidity but rather on
whether hedge funds profit from liquidity provisiolfhese questions are distinct, as naive
liquidity providers could incur losses by supplyihguidity to informed traders. My findings
suggest that some hedge funds profit through liguidrovision. However, | find that the
majority of liquidity-providing hedge funds do nearn abnormal trading profits. This highlights

significant cross-sectional variation in the tragskill of liquidity-providing hedge funds.

Finally, my findings contribute to the literature dedge fund performance persistence.
Griffin and Xu (2009) and Brown, Goetzmann, andolison (1999) find no evidence of
performance persistence, while Agarwal and NaikO@®@Oand Liang (2000) conclude that
performance persists only at the quarterly horizamj Kosowski, Naik, and Teo (2007) and
Jagannathan, Malakhov, and Novikov (2010) find eni of longer-horizon persistence. My
results are consistent with those of the final gramd also offer some explanations for why
other studies fail to find persistence. First, s@gtion data allow for more accurately estimated
alphas relative to factor models. Thus, my findiage consistent with Jagannathan, Malakhov
and Novikov (2010), who find that measurement eimagstimated alphas results in a significant
downward bias in estimates of persistence. In amtisince short-term trading profits explain a
large fraction of annual persistence, studies mglyn quarterly holdings will likely understate

persistence. Most interestingly, my findings sigjgihat persistence is conditional on the



investment strategies employed. In particular,gremtince persists for liquidity-supplying funds

but not for liquidity-demanding funds.

The remainder of this paper is organized as fdloBection 2 discusses the data and
presents descriptive statistics. Section 3 examwiasther star hedge funds exist. Section 4

explores the source of star hedge funds’ outpedioce. Section 5 concludes.
2. Data
2.1 Institutional Trading Data

| obtain data on institutional trading from Janudry1999 to December 31, 2010 from
ANcerno Ltd. (formerly the Abel Noser CorpANcerno is a consulting firm that works with
institutional investors to monitor their tradingst® The ANcerno data include the complete
transaction histories of all of its institutiondieats. Each observation corresponds to an executed
trade. For each execution, ANcerno reports the datbee tradethe stock traded, whether the
trade was a buy or a sell, the number of sharesdrale execution price, the stock price at the
time of placing the trade, the commissions paid, andiigezddes for the institution making the
trade. For each stock traded in the ANcerno datdsetllect returns, share price, trading

volume, and shares outstanding fr@RSP and | collect book value of equity fro@ompustat.

Each institution in the ANcerno dataset has three identifriables: an institution type
identifier, a client identifier, and a manager identifieheTinstitution type identifier
distinguishes between clients that are plan sponsags CalPERS and United Airlines) and
clients that are money managers (e.g., Fidelity andeln@ordon). The client identifier

corresponds to the plan sponsor or money manager ubatribes to ANcerno. The client

® Other papers that use ANcerno include Anand €8lL2), Green et al. (2013), and Jegadeesh angl (Pai0).
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identifier is a permanent numeric code, which aflawe to track a client both in the cross-
section and over time. However, the names of tieaitsl are not provided.

The manager code identifies a specific money manage company.The manager
code, like the client code, is a permanent nunideatifier. However, ANcerno also provides
a reference file that links manager codes to managagement companies (e.g., manager 3 =
'‘Acadian Asset Management'). The identificationaisthe fund-family level, and it is not
possible to distinguish different funds within ameg management company.

2.2 Descriptive Statistics

| begin by identifying hedge fund managers witthie ANcerno sample. Following the
literature (see, e.g., Brunnermeier and Nagel, 2@¥#fin and Xu, 2009), | classify a money
management company as a hedge fund ifntlagority of its business consists of hedge fund
operations. Specifically, for all 653 managemennpanies in the ANcerno database, | search
for Form ADV on the SEC websifel find Form ADV for 534 of the managers. For these
companies, | classify a manager as a hedge fumdrié than half of its clients are categorized as
“high net worth individuals" or "other pooled integent vehicles” in item 5.D of Form ADV.
In addition, | require that the manager charge dopmance-based fee (item 5.E). For the
remaining 119 funds for which | could not find FobV, | manually review the company
names and conduct Google and Factiva searchesovemehelming majority of the funds are
banks, trusts, and internal pension funds (all leictv are exempt from filing Form ADV), and |

find no evidence that any of the remaining managexgrimarily hedge funds.

®In some cases, ANcerno cannot reliably identify nfeney management firm, in which case ANcerno assiy
manager code value of either -1 or 0. These obSengaare excluded from the analysis.

" Beginning in March 2012, the Dodd-Frank Act haguieed that nearly all investment advisors, inagdhedge
funds, file Form ADV. In addition, a 2004 SEC intreent advisor rule requiredll hedge funds to file Form ADV
for a short period in 2006. Thus, | obtain Form AE nearly all hedge fund families that had opierat in 2006,
or from 2012 onwards, plus any funds that voluhtdiied Form ADV. Form ADVs can be downloaded frahe
SEC website: http://www.adviserinfo.sec.gov/IAPDi@t/Search/iapd_Search.aspx
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Panel A of Table 1 provides summary statisfide sample consists of 74 hedge fund
management companies that manage money for 25&atiff clients. There are 361 different
client/hedge fund manager pairs. Hereatfter, | wiksely refer to a client/manager pair dsired.
The sample also consists of 579 non-hedge fund geanent companies (e.g., banks, insurance

companies, mutual funds, etc.), managing 4,06 wifft funds.

There are two ways a hedge fund can enter the asgalirst, the hedge fund can invest
on behalf of a plan sponsor that subscribes to ANceSecond, the hedge fund can subscribe
directly to ANcerno. In the first case, | obsenedbe fund trading for a specific plan sponsor,
while in the latter case, | observe the aggregatdirig of the hedge fund company. 63 of the 74
hedge fund companies manage money on behalf cdraggonsor that subscribes to ANcerno,
while 22 of the 74 hedge fund companies directlyssube to ANcerno, with 11 hedge fund
companies entering as both. There are 337 diffenexige funds trading on behalf of plan
sponsors and 24 different hedge funds trading dralbef their own accouritThus, tests are
skewed toward hedge fund trading on behalf of @aonsors. Although this may not be
representative of aggregate hedge fund tradingy geonsors (i.e., public and private pension

funds, endowments, and foundations) hold over 5084 tledge fund assets.

Panel B of Table 1 shows the average number ofsfuindt appear in the sample each
quarter across all sample years. In the averagetequin 1999, there are roughly 110 hedge
funds. This number is relatively stable until ardu2006, at which point the sample of funds
steadily decreases. In 2010, the average quantgaios only 38 hedge funds. | find a similar

decay in the sample size of other institutionaksters. In untabulated analysis, | find that the

8 As money managers typically only make trades eir thwn behalf, there will typically be one managede for a
given money management firm. Of the 207 differeoney manager clients in the sample, only nine maukiple
manager codes. These may correspond to sub-aduisdsl

® http://www.aei-ideas.org/2011/10/who-invests-irdge-funds
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declining sample size is driven entirely by thenptponsor portion of the sample; the sample

size of money managers slightly increases from 182910.

| also examine how long the average fund remairthe ANcerno sample (unreported).
The average hedge fund remains in the sample f&irquer 12 quarters, although there is
significant cross-sectional variation. Funds atb&éh and 25th percentiles remain in the sample
for roughly 18 and four quarters, respectively. Tribution is similar for other institutional
investors and does not significantly vary dependingvhether the client is a plan sponsor or a

money managetr.

Panel B also presents the average and median dydréeling volume for hedge funds
by year. Average hedge fund trading volume hasased dramatically over time. Much of the
increase in average trading volume is due to afdrgction of the sample consisting of money
managers, which are responsible for much morertgathan plan sponsors. There is also an
increase in the trading volume of the median funti¢h always reflects trading on behalf of

plan sponsors), although this increase is less aiam

Table 2 shows the cross-sectional distribution wédirterly trading of hedge funds and
other institutions. When trading on behalf of pkponsors, the average hedge fund executes
roughly $36 million in total trading in the averagearter. However, there is substantial cross-
sectional dispersion, with the largest 1% of hefigels trading nearly $400 million, while the
smallest 1% trades less than $19,000 per quartgurdlly, the aggregate trading of hedge fund
management companies (i.e., their trading as mom&yagement companies) is substantially

larger. The average hedge fund management compdgstroughly $2.5 billion per quarter.



Panel B reports the cross-sectional distributiothefratio of actual to implied quarterly
trading volume. Implied quarterly trading volumecismputed as the net dollar volume (buys -
sells) for a fund-stock-quarter, aggregated acatisstocks traded by the fund over the quarter.
For example, if a fund purchased $50,000 of Micfioand $100,000 of Apple in January 2008
and sold $20,000 of Microsoft in February 2008, filmed's total trading volume in quarter 1 of
2008 would be $170,000, while its implied tradingume would be $130,008.The implied
trading volume more closely reflects the tradindguwee that would be reported in 13F filings.
The ratio of actual to implied trading volume ismeasure of the extent to which 13F filings
understate actual trading volurfieThis analysis also provides some insights into thérea

significant fraction of hedge fund trading is matied by relatively short-term considerations.

| find that the ratio of actual to implied quartettading is 147% for the money manager
sample of hedge funds. This suggests that intratguaading accounts for a large fraction of
hedge funds’ total trading. However, ‘intra-quarteading may simply reflect two different
funds within the same family taking opposing pasifi during a quarter. For trading on behalf of
a specific plan sponsor, the ratio of actual tolietbquarterly trading is only 119%. Further,
most of this measure is driven by a few funds ia tar right-tail of the distribution. The
corresponding measure for the median fund is 088#4, indicating that nearly half of all hedge
funds engage in virtually no intra-quarter tradifdnus, while high frequency trading hedge
funds account for a large fraction of total tradimgume, they account for a small fraction of

total funds.

9 In computing implied trading volume, | use theuatttransaction price. Using end-of-quarter prisesild more
accurately reflect the extent to which quarterlydimys misstate trading volume; however, it alsdkesait more
difficult to obtain a sense of what fraction of flmengage in no intra-quarter trading becausedi® of actual to
implied trading volume will generally not be equal 1 for these funds. Using end-of-quarter priceddg very
similar average effects.

™ Quarterly holdings also omit short-sales, conftigfillings, and very small trades. Thus, theaatan be viewed
as a lower bound.
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2.3 Database Integrity

As noted in the introduction, hedge fund commerdahbases suffer from several biases,
including backfill bias, survivorship bias, unrélia returns, and self-selected reporting. Simijarly
guarterly holdings miss a significant amount oflilng activity, including intra-quarter trades, ghor
sales, confidential filings, and derivative posiBoln this section, | discuss the extent to wiieh

ANcerno data are likely to suffer from similar l@asFigure 1 summarizes the discussion.

First, | am confident that ANcerno does not suffem backfill bias or survivorship bias.
ANcerno representatives collect trading data omral fonly after it has subscribed to ANcerno,
which eliminates backfill bias. ANcerno representa have also confirmed that the data are free of
survivorship bias. Moreover, ANcerno provides netaceach quarter (with a three-quarter lag), but

historical data are not updated. Thus, trades sooviving funds remain in the historical data.

| also have no reason to doubt the reliability e teported trades. First, there is little
incentive for institutions to lie about their traetions. Unlike in commercial databases, these
transactions are not disclosed to potential investbloreover, institutions incur a significant
expense when hiring ANcerno, and the benefits o€&No's transaction cost analyses would be

significantly reduced if the institution did notgwide ANcerno with reliable data.

An additional concern is that the ANcerno datasgitures only a subset of trades. For
example, hedge funds may attempt to conceal thest mformed trades (Agarwal et al., 2013).
However, ANcerno representatives believe it wouddvbry difficult for institutions to conceal
trades. Once an institution subscribes to ANceangystem is installed through which all trades

must be routed. ANcerno representatives have alsfirmed that the dataset does include short-
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sales, although it is not possible to distinguisbrssales from other sales. Unfortunately, like

13F filings, ANcerno only captures equity trading.

A final concern is that hedge funds that subsctdbANcerno are not representative of
the population of hedge funds. It is worth emphasgithat very few hedge funds self-select into
the database. The overwhelming majority of hedgel$uenter the dataset because they manage
money for a plan sponsor that chooses to hire AiNcefowever, it is still possible that the plan
sponsor's decision to subscribe to ANcerno is dated with important hedge fund
characteristics. To examine this possibility, pare the sample of ANcerno hedge funds to
the universe of 13F filing hedge funds and hedgedsuthat report to TASS. Appendix B
provides details of the analysis and presents é¢kalts. | find that ANcerno hedge funds are
largely representative of 13F filing hedge fundshwespect to the characteristics of the stocks
they hold and trade as well as in the performariddeir holdings and trades. | also find that
ANcerno hedge funds are similar to TASS funds alangumber of dimensions, including

performance, incentive fees, lockup periods, agtdwater marks.

ANcerno hedge funds do differ from other hedge fuatbng a few dimensions. First,
compared to both 13F hedge funds and TASS hedgdsfuANcerno hedge funds are
significantly larger. This is consistent with Puttkand Yan (2011), who find that ANcerno
institutions are larger than 13F filing institutgnThis is also intuitive. Larger funds tend to dav
more clients. The more clients a fund has, the ety it is that the fund manages money for a
client that subscribes to ANcerno. ANcerno funds raore likely than others to be contrarian
traders. They are also less likely than othersdidl lderivatives. Because ANcerno monitors
equity trading costs, it is not surprising that gaenple is tilted away from funds that trade non-

equity assets. Finally, ANcerno hedge funds tenthtrge lower management fees. Perhaps plan
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sponsors that are conscientious monitors of tradosys are also more likely to avoid high fee
funds. In section 4.4, | investigate how the sasptilt towards larger, low-derivative, low

management fee funds could influence my conclusions
3. Do Star Hedge Funds Exist?
3.1 Measuring Trading Performance

In contrast to most studies on hedge fund perfoomamy emphasis is not on measuring
the actual returns investors realize from holdirfgrad. Instead, my focus is on the trading skill
of hedge funds. In particular, | ask two questiofisst, are some hedge funds star traders?

Second, if star traders exist, how do they createe?

To answer the first question, | create a fund-lewmedasure of trading performance.
Specifically, | follow Seasholes and Zhu (2010) awinpute transaction-based, calendar-time
portfolios? Each time a fund buys a stock, | place the sanmebeu of shares in the calendar-
time buy portfolio. Similarly, each a time a funells a stock, | place the same number of shares
in the calendar-time sell portfolio. In contrast3easholes and Zhu (2010), | include day O (the
transaction day) in the portfolios and compute Qareturns based on the reported execution
price. Shares are held in a portfolio for a preetmined length of timé& | consider holding
periods of 21, 63, 126, and 252 trading days. | lemjze the 252 day holding period because
this is closest to the average holding period tyfpical hedge fund:* In addition, for funds that

trade infrequently, shorter horizon calendar-tingetfplios may consist of very few stocks,

12 Seasholes and Zhu (2010) emphasize the benefitdaridar-time portfolios relative to alternatiyepeoaches.

13 An alternative approach would be to simply hold #hare until the position is reversed, essentayputing a
realized trading profit. However, many positione aever reversed, and focusing on the subset ofdrtip trades
could generate significant bias, particularly ifreohedge funds are subject to the disposition ftgici, 2012).

14 Using quarterly holdings, Griffin and Xu (2009)daReca, Sias, and Turtle (2012) estimate that tbdian hedge
fund has a turnover of 102% and 95%, respectivelpppendix B, | find that the average ANcerno heflghd has
a turnover of 70%.
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resulting in noisy performance estimates. To redineeimpact of noisy estimates, for each
holding period, | require that each fund-day hatvdeast 10 stocks in both the buy and sell

portfolios™

My approach generates a time-series of daily buy sl portfolios. For each day, |
compute the principal-weighted return on the bug aall portfolios, as well as the difference
between the buy and sell portfolios. | compute metuusing three measuregoss returns
DGTW-adjusted returnsand DGTW-adjusted returns less commissio@soss returnssimply
measures the raw (i.e., unadjusted) return onck.sRGTW-adjusted returnis the return on a
stock less the value-weighted return on a benchmarkfolio with the same size, book-to-
market, and momentum characteristics as the siakiel et al. (1997) and Wermers (2004)
provide more detailed discussions of the constucof the DGTW benchmark portfolio.
Finally, DGTW-adjusted return less commissgubtracts the commissions paid to the broker (as
a percentage of the dollar volume traded) from M&TW-adjusted return. | report the time-

series average of daily returns, expressed as Iyaetiirns, in percent.

To further illustrate the methodology, consider filkowing example:

Shares Price at Days since Closing Price Day 0
Ticker Purchased Purchase Purchase on Day -1 Return
AAPL 100 $600 180 $620 3%
MSFT 200 $30 70 $36 -1%
GOOG 50 $650 0 $651 2%

In the above illustration, the total buy volume #252-day holding period is $101,700 (100 *

$620 + 200 * $36 + 50 * 650). The gross returr2.¥5% (60.96% * 3% + 7.08% * -1% +

15 Using a 252-day (21-day) holding period, thisefileliminates roughly 12% (68%) of all fund-day ebtions,
and less than 1% (35%) of total trading volume.
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31.96% * 2.16%). Note that the weight and returrGoiogle are based on the execution price.
Computing the return for a 126-day holding periaollg be analogous, but the weight on Apple

would drop to zero because no shares of Apple marehased in the past 126 trading days.

3.2 Average Fund Performance

| begin by presenting descriptive statistics ofrage hedge fund performance. Following
most hedge fund studies, | estimate average peafcen as the equal-weighted average
performance across funds. However, the literatypecally views a fund as a specific product
(e.g., Falcon Point Long/Short). Since | do notédhproduct-level information, | define a fund as
a money management company (e.g., Falcon Pointallapriading for a specific client (e.qg.,
CalPERS). As aresult, | treat a money managecwnpany’s trade on behalf of two different
clients as two separate funds, although it may ay mot reflect the trading of the same fund.
Thus, my average performance estimates are valighted by the number of clients that use
the fund. To account for the correlated performaamess funds, all standard errors are clustered

by both time and management company.

Panel A of Table 3 reports the trading performamicéne average hedge fund trading for
different holding periods. Over the one-month (21Adholding period, there is modest evidence
that the average hedge fund outperforms. Spedifidhle average hedge fund generates trading
profits of roughly 52 bps, and the estimate isisiatlly significant at the 10% level. However,
the DGTW-adjusted returns fall to (a statisticatigignificant) 42 bps, and incorporating trading
commissions reduces average profits to just 4 Bp®r longer holding periods, there is no

evidence that average hedge fund performancengdisantly different from zero.
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Panel B presents analogous results for other utistital investors. Like hedge funds,
other institutions trade profitably over the onentioperiod. However, like hedge funds, the
trading profits are eliminated after accounting émmmissions. Further, over longer holding
periods, other institutions trade less profitathlgrt hedge funds. For example, after accounting
for trading commissions, other institutions eargatee trading profits. Even prior to accounting
for trading commissions, there is some evidencettigatrades of other institutions underperform
over a one-year holding period. One possible exlan is that other institutions follow other
funds into and out of the same stocks (possibly tdueputational concerns) and thus trade at

unfavorable prices (Dasgupta, Prat, and Verardbdl 2Gutierrez and Kelley, 2009).
3.3 Bootstrap Simulations

Although there is little evidence that the tradéshe average hedge fund outperform, it
is still possible that some hedge funds are staters. To test for star hedge fund traders, |

follow Kosowski et al. (2006) and Fama and Frer2Bil(Q) and conduct bootstrap simulations.

Specifically, | compare the actual distributionpykcision-adjusted abnormal retun?gs, , to its

simulated distribution under the null hypothesisttall hedge funds have no trading skill. | focus

on tl1 rather thar,  to control for disparities in firecision ofa; that arise from differences in
the variance ofy, across days and from differenoethé number of days the fund appears in

the sample. Nevertheless, usig  generates veilasimsults.

| defined; as the average DGTW-adjusted return obthesell portfolio of a fund across
all days for which the fund holds at least 10 ssockboth the buy and sell portfolios, Whﬂ§ is

a. scaled by its standard error. To ensure a suffidiene-series of returns, | exclude funds that
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appear in the sample for less than one year. lifsgly focus on the one-year holding period

(results for other holding periods are availablerupequest).

My simulation approach follows Fama and French @0S$pecifically, for each fund, |
subtract its average alpharri) from its daily estimate of alph@a, ), yielding a time-series of

daily residuals.A simulation run is a random sample of 3,271 dayish(replacement), drawn
from all trading days between 1999 and 28f&or each fund, | estimate the funds' average
return based on its residual on the day of theaandraw. By choosing the same random sample
of days for all funds, the simulations capture thess-correlation of fund returns. | perform
10,000 simulation runs to produce the distributbtrstatistics for a world in which the trogis

0 for all funds.

Panel A of Table 4 presents the simulation redoltshedge funds. | first compare the
actual and simulated distributions of hedge fundgomance using DGTW-adjusted returns
excluding trading commissions. | find that the disttion of hedge fund performance is fat-
tailed relative to the simulated distribution. Fexample, the bottom (top) 1% of hedge funds has
an average t-statistic of —3.35 (3.84) compared simulated t-statistic of -2.63 (2.63). More
interestingly, | find strong evidence that top hedgnds are skilled traders. Specifically, the
actual trading performance of the top 30% of hefigals is significantly better than the

simulated trading performance.

| next repeat the simulation after incorporatimgding commissions. Even after
accounting for commissions, | continue to find @nde of hedge fund skill in the right tail, with

the top 10% of hedge funds exhibiting outperforneaat the 5% significance level. There is

16 Although the transaction data end in 2010, theuahnalendar-time portfolio approach holds the Istios one
year, resulting in a time-series of daily holditigat extends until the end of 2011.
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weaker evidence that the trading performance otdpel0-30% of hedge funds is significantly
better than would be expected by chance, with &ded) p-values that are slightly less than

10%.

In Panel B of Table 4, | repeat the analysis ftreo institutional investors. Before
accounting for trading commissions, | find evidetitat the middle of the distribution performs
significantly worse than would be expected by cleaarther, | find no evidence of skill in the
right tail of the distribution. Thus, while a sifjeant fraction (10-30%) of hedge funds is star
traders, there is no evidence of star traders amtmgr institutional investors. After accounting
for trading commissions, | find that, with the egtien of the top 1%, other institutional
investors are unable to generate enough value dhrdtading to compensate for trading

commissions.
4 .4 Performance Persistence

The bootstrap simulations suggest that 10-30% dfyddunds are star traders. As an
alternative test, in this section, | examine whethgerior performing hedge funds continue to
outperform in the future. | estimate performancesigéence using calendar-time transaction
portfolios with one-year holding periods. Specifigafor each year, | sort funds into three
groups based on their performance, using a 252hdéding period. The top (bottom) group
consists of the top (bottom) 30% of funds, andrthedle group consists of the remaining 40%
of funds’’ | then examine the performance of each group theesubsequent one, two, or three

years. Performance measures (in both the rankimg past-ranking period) include trading

7| sort funds into three groups rather than quéstibr deciles, due to the relatively small sampleedge funds and
because subsequent tests require further partitioofi the top group. Sorts using quintiles or decijenerate larger
spreads but correspondingly larger standard errors.
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commissions. Using pre-commission performance tesalvery similar conclusions, although

the performance of each quintile improves by twéota basis points per month.

Table 5 presents the results, which suggest tpapérforming hedge funds continue to
outperform in the future. Hedge funds in the topo3@f annual trading performance outperform
by 0.25% per month (3% per year) over the next e by 0.19% per month over the next
three years. There is no evidence that poorly paifay hedge funds continue to underperform.
There is also no evidence of performance persistémcother institutional investors. Overall,
the results are consistent with the bootstrap trarls and further suggest that some hedge

funds are able to persistently create value thrdhgin trading.

| next examine whether star hedge funds’ tradingfifs are concentrated in specific
periods or whether their profits may be compensdatio taking on significant tail risk (Jiang and
Kelly, 2012). | examine the performance of stardsir(i.e., funds in the top 30% of annual
trading performance in the prior year) in each tgrafrom Q1 2000 to Q4 2011. The quarterly
performance is computed as the daily DGTW-adjupfiormance less commissions, averaged

across all star hedge funds over the quarter.

Figure 2 presents the results. Star hedge fundseédarge trading profits in 2000,
particularly in the first quarter. This is consrgtevith prior work (Griffin and Xu, 2009; Fung et
al. 2008), which finds that hedge funds performedywvell during the tech bubble. However,
even after excluding 2000 (or just Q1 of 2000)jndfthat star hedge funds earn significant
trading profits. There is, however, evidence thatldge fund profits are declining over time.

Increased competition, due to the rapid growthheftiedge fund industry and limited profitable
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investment opportunities, may be driving the averalpha of skilled hedge funds closer to zero

(Naik, Ramadorai, and Stromqvist 2007; Zhong, 2008)

There is no evidence that star hedge funds prefitaking on significant left-tail risk.
The distribution of quarterly returns is positivedigewed. In only four quarters did star hedge
funds earn average monthly returns of less thabh@sO(with their worst performance being -97
bps), while there were 14 months in which star leefimds outperformed by over 50 bps per

month (with the top performance being 225 bps).

To further investigate whether star hedge fundsfifg correlate with any passive
benchmark portfolios, | compute a time-series aérage monthly returns and regress them on

the monthly returns of passive portfolios. | than the following time-series regression:

K
rp,t = ap +Z'Bm‘ri,l +£p,t ' (1)
j=1

where p is the monthly return of the star hedge fund pdidf and f; are the returns on the k
factors. The return on the star hedge fund podf(lj,) is the average daily return for all star
hedge funds over one month. Returns are computeitrees gross returns or DGTW-adjusted
returns, both of which subtract trading commissidkst, ;is already a long-short portfolio (i.e.,
the performance of stocks bought by star hedgesfless the performance of stocks sold by star
hedge funds), | do not subtract the risk free ffaben r,;. The five independent variables
represent factors related to the market, firm dibek-to-market ratio, momentum, and liquidity.

| obtain factor returns for the first four factdremm Ken French’s website and use the Pastor and
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Stambaugh (2003) traded liquidity factor as myibitty risk factor. The intercept;, , measures

the average return achieved by a fund in exceiseafeturn on the passive portfoliis.

The time-series regression is estimated using wedgleast squares, where the weight of
each monthly observation is given by the numbeshservations used to compute the monthly
return. This approach allows for more direct congms with my panel estimates, which
implicitly value-weight each time period by the noen of observations. However, using OLS
does not significantly alter the results. Tableréspnts the results. Specification 1 indicates that
the performance of star hedge funds is positivelyaetated with the performance of the market.
However, the alpha of star hedge funds remainatesttally significant 30 bps per month over
the subsequent year. Specifications 2 and 3 irgitett star hedge funds do not have significant
net exposure to small stocks or value stocks, agfhahere is evidence that star hedge funds

tend to be contrarian. | investigate this findingreater detail in the next section.

Specification 4 suggests that star hedge funds atohave significant exposure to
liquidity risk. This finding may seem to conflictith Aragon (2007) and Sadka (2010), who find
that outperforming funds tend to hold illiquid stecand have significant liquidity betas.
However, my performance measure is based on tradimigholdings. Thus, star hedge funds
may tend to skew their holdings toward illiquid ckts, but once they reach their optimal
portfolio composition, there is no reason to exgdet they will continue to be net buyers of
illiquid securities. In specification 5, | regreB&TW-adjusted returns on the five-factor model
and continue to find a significant alpha. Acrodsfiaé specifications, the alpha ranges from 27

bps to 30 bps per month and is very similar to gaael estimate of 25 bps per month. This

8 There is some debate over whether the returnbesetportfolios are compensation for risk or simplgpricing.
| do not take a stance on this issue. Rather, mysfas on whether star hedge funds have the abdityenerate
trading profits above and beyond these known factor
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suggests that star hedge funds’ outperformanceotdmn explained by exposure to passive
benchmark returns. Given the similarities in alploeoss all specifications, the remainder of the

paper will focus exclusively on DGTW-adjusted retur
4. How Do Star Hedge Funds Create Value?
4.1 Performance of Star Hedge Funds by Holdingdrkri

The results from the bootstrap simulations andgoerédnce persistence tests suggest that
some hedge funds can persistently create valuadhrtheir trading. A natural question is: what
is the source of this trading skill? | considerrf@uominent explanationshareholder activism,

skilled processing of public information, insideading, andliquidity provision.

To distinguish between these explanations, | fsamine the holding periods over
which star hedge funds create value. Profits frayidity provision and insider trading (i.e.,
trading ahead of major information events) showdbncentrated over relatively short periods.
Profits from shareholder activism are also likedybe concentrated over relatively short holding
periods, as most of the abnormal returns occurmaldloe announcement of activism (Brav et al.,
2008b). In contrast, profits from superior protegsof public information may accrue over
relatively long holding periods. For example, a aggr may take positions in stocks that he
believes are undervalued and wait several quafberseveral years) until the market eventually

agrees with his positions.

Each year | divide hedge funds into star fundsdéuthat were in the top 30% of annual
trading performance over the previous year, andtlér hedge funds. For each fund-year, |
decompose the annual trading profits across diffet®lding periods. | measure trading
performance as the principal-weighted return orstaitks purchased less the principal-weighted
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return on all stocks sold during the year overvegiholding period. This approach provides an
estimate of a fund'’s return (for different holdipgriods) in each year. | use this approach, rather
than calendar-time portfolios, because many fumddet infrequently, which results in noisy

estimates of short-term performance.

Table 7 decomposes the annual trading profits dfjadunds into their trading profits
over each of the four quarters. Panel A preserdgsrélults during the ranking period. In the
ranking period, star hedge funds outperform by hty§.3% (2.07 * 4). The outperformance is
strongest in the first quarter (3.37%) and declimegach subsequent quarter until it reaches

1.02% in the fourth quarter.

Panel B presents the decomposition for the ye&ovimig the ranking period. In the year
following the ranking period, star hedge funds eutprm by approximately 3.4%. This estimate
is similar to (but slightly larger than) the estimdased on calendar-time transaction portfolios
(12 * 0.25 = 3%), suggesting that the persistermseilts are robust to alternative performance
methodologies. Further, comparing the outperforraandhe ranking period to the post-ranking
period suggests that top performing funds retaipr@pmately 40% (3.4/8.3) of their
outperformance. Consistent with the results dutirggranking period, star hedge funds’ profits
are strongest in the first quarter. In fact, thstfquarter accounts for the majority (50.1%) af st
hedge funds’ annual trading profits. In additiotarshedge funds significantly outperform the

worst hedge funds only in the first quarter.

The results suggest that the trading profits aflsé@lge funds are concentrated in the first
quarter. In unreported results, | further decompbsefirst quarter trading profits of star hedge

funds. | find that nearly 60% of star hedge funfiist quarter trading profits (0.94/1.64) are
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concentrated in the first month. The monthly ouipenance of 94 bps is roughly evenly
distributed across the first four weeks. Overdlg tesults suggest that star hedge funds’ profits
are concentrated over relatively short holding qusi This finding is inconsistent with hedge
funds profiting from taking long-term positions uéhpatiently waiting for the market to correct
mispricing over the span of several quarters. Tihding also has implications for studies that
estimate performance persistence using quarterlgings (e.g., Griffin and Xu, 2009). In
particular, because star hedge funds’ outperformaccrues over holding periods of one quarter

or less, studies using quarterly holdings may Sicanitly understate persistente.

4.2 Performance of Star Hedge Funds by Stock Clriatic

I next investigate the performance of hedge furidsles across stocks with differing
characteristics. | consider the following charasters: size, book-to-market (bm), Amihud
illiquidity (illiquidity), idiosyncratic volatility (ivol), past one month return (mom2l/contrarianl),
past2_12 month return (momz2_12/contrarian2_E@ummy variable if the trade occurred ten
days prior to an earnings announcememe (earningy and a dummy variable if the trade
occurred in the 10 days following an earnings ameement jost_earnings)A more detailed

discussion of the above variables is presentecppeAdix A.

Since activist funds tend to target value companfestar hedge funds profit primarily
through activism, their profits should be concetetlain high book-to-market stocks. If star

hedge funds’ comparative advantage stems from gsowg public information, their profits are

¥ This finding is similar to Kacperczyk, Sialm, aAtleng (2008) and Puckett and Yan (2011), who fiesistent
differences in the interim trading skill of institbnal investors. Although not the focus of thiadst, in untabulated
analysis, | also examine the interim trading sflhedge funds. | find that the top 30% of hedged&ioutperform
the bottom 30% of hedge funds by a statisticalgnsicant 60 bps per quarter over the subsequant doarters.
The results for other institutional investors alsoastatistically significant, but the magnituderaaghly half that
found for hedge funds.
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likely to be concentrated in firms with good infation environments (e.g., large firms) or after
public information releases (e.g., after earningsoancements). In contrast, if star hedge funds’
outperformance stems from private information, rtipeofits will likely be concentrated in stocks
with more opaque information environments (e.g.,alénfirms) and in periods prior to
information releases (e.g., prior to earnings ansements). Finally, if hedge funds primarily
profit through liquidity provision, then outperfoemce may be stronger in their more contrarian
trades (i.e., purchases of losing stocks and sdlasnning stocks). Regardless of the source of
star hedge funds’ profits, such profits are likidybe larger when limits to arbitrage are greater.
Following Pontiff (1996, 2006), | use idiosyncraticlatility as a measure of arbitrage risk. | also
consider illiquidity as a proxy for arbitrage costthough illiquidity is also strongly correlated

with firm size and therefore with a firm’s inforni@t environment.

| begin by assigning a decile rank to each stodedan NYSE breakpoints for all of the
above characteristics (except for the dummy vaesglpre earningsandpost_earnings | then
divide the stocks into two groups. For all charasties except size and illiquidity, stocks are
divided based on the median NYSE breakpoint. Famgte, value stocks are stocks wit
decile rankings of 6-10, while growth stocks hdora decile rankings of 1-5. Because hedge
funds (like all institutional investors) tend tade large and liquid stocks, | define a stock as
large (or liquid) if the stock is in the top 30% N¥ SE size (or liquidity). All other stocks are
defined as small (illiquid). Note that the clagstions ofmomlandmom2_12depend on the
side of the trade. Stocks withomldecile rankings of 1-5 are considered contrariaema fund

is purchasing but momentum when a fund is selling.

I next divide all buy and sell trades into two palibs based on the characteristic

breakpoints. Following the methodology used in €ab] | compute the principal-weighted,
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DGTW-adjusted performance for each stock charatiemortfolio. | report results for both star
hedge funds and other hedge funds in the year thigeranking period. | report results for the

first quarter and the average quarterly return diveryear (quarters 1 through 4).

Table 8 presents the results. The table showssthathedge funds’ outperformance is
robust across different stock characteristics. Qlkerannual holding period, star hedge funds
outperform other hedge funds across all 14 chaiatits, and the difference is statistically
significant (at the 10% level) for five of the 1haracteristics. Star hedge funds’ annual trading
profits are statistically significant in small sks¢ growth and value stocks, high volatility stacks

contrarianlstocks, an@dontrarian2_12stocks.

The fact that star hedge funds’ profits are simitatboth growth and value stocks is
inconsistent with the view that most star hedged$uprofit through activism. This is not
surprising, given that activist hedge funds makeatgmall fraction of the hedge fund universe.
For example, Brav et al. (2008b) find that of tg5B0 hedge funds on HedgeFund.net, only 95
engaged in any activism over the 2001-2006 peridte lack of informed trading prior to
earnings announcements is also inconsistent wiehvibw that informed trading is a major
determinant of hedge funds’ trading profits. Heflgeds’ stronger outperformance in contrarian
stocks is consistent with hedge funds profitingrfrbquidity provision. Finally, the fact that
hedge funds’ profits are concentrated in volatiteks is consistent with the notion that limits to

arbitrage create more profitable investment opmaties for hedge funds.

Across most characteristics, the performance oéroliedge funds is not significantly
different from zero. However, there is some evidetiat both other hedge funds and star hedge

funds perform better in thetontrarianltrades. This is consistent with the profitabitifyshort-
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term reversal strategies (e.g., Lehman, 1990; &sgdd 1990), presumably due to liquidity
provision. If liquidity provision is an important @chanism through which star hedge funds
create value, then star hedge funds should tiit thedling towardscontrarianltrades. | explore

this possibility next.

4.3 Characteristics of Star Hedge Funds — UnivaiResults

In this section, | examine the characteristics taf fiedge funds. | first investigate the
characteristics of theotal trading (i.e., (buys + sells)/2) of hedge funds. Examiniting
characteristics of the stocks traded provides ssense of the holdings of star hedge funds. For
example, if star hedge funds tend to focus on soagdlstocks (perhaps because the profits from
insider trading or liquidity provision are greatarthese stocks), then | would expect both the
buying and selling of hedge funds to be tilted tavamall stocks. Similarly, if hedge funds
primarily profit from insider trading, | would expeabnormal trading volume in the period prior
to earnings announcements. | also examine the aieaistics of thenet trading(i.e., buys —
sells) of star hedge funds. For example, | woulpeek activist hedge funds to be net buyers of
value stocks, while | would expect liquidity-proing funds to be contrarian traders (Nagel,

2012).

Panels A and B of Table 9 compare the total tradimdjnet trading of star hedge funds
and other hedge funds. | examine the trading ofretdge funds in the year prior to the ranking
period. Thus, the analysis is predictive. Examiriiagling in the ranking period or in the year
after the ranking period generates similar restlbs.each fund, | compute the principal-

weighted value of the stock characteristics fohlibe buy and sell portfolios. The total trading
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value is computed as the average of the buy ahgalolios, while the net trading value is the

difference between the buy and sell portfolios.

Panel A indicates that the total trading of stadldeefunds and other hedge funds do not
significantly differ. For example, star hedge futidgle slightly smaller and more illiquid stocks,
but neither estimate is significantly different fmozero. Panel B reveals some significant
differences in the net trading of star hedge furtsr hedge funds are net buyers of growth
stocks. This is inconsistent with most star hedgel$ profiting from activism. Star hedge funds
are also net buyers of liquid securities. This gsgg that star hedge funds are not profiting by
earning an illiquidity premium on their trades. IStedge funds are also contrarians. The stocks
bought by star hedge funds have significantly loveturns than the stocks sold, both over the
past one month and the past two to 12 months. Usioger periods of past returns, such as the
past five days or one day, yields similar resultsis finding is consistent with star hedge funds

profiting from liquidity provision.

I next examine thdund-level characteristics of star hedge funds. For examplstar
hedge funds were liquidity providers, | would expéem to be patient traders with small price
impacts, as measured by execution shortfall (Aredral., 2012). Panel C of Table 8 investigates
fund characteristics. | use ANcerno data to computiecile ranking oéxecution shortfall g
measure of implicit trading costs). | also merge ANcerno data with 13F holdings to compute
management company sizend management companyrnover. In addition, | merge the
ANcerno and TASS data to obtain informationauerage fund sizenanagement fees, incentive
fee, high-water marlka dummy variable for the existence of a lockup geefdlockup),the sum
of the notice and redemption periagégtrictions),and a dummy variable for whether the fund

has any derivative positionsidrivative). A detailed description of all fund characteristiss
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presented in Appendix A. A discussion of the meggih ANcerno with the 13F and TASS data

is available in Appendix B.

Panel C indicates that there are significant déffees between star hedge funds and other
hedge funds. First, star hedge funds have signilicssmaller execution shortfalls than other
hedge funds. The relatively low execution shortsaifgests that star hedge funds are relatively
patient traders. This finding is again consistenthwstar hedge funds acting as liquidity

providers?®

Star hedge funds are also more likely to have Ipskand longer restriction periods. This
finding is consistent with Aragon (2007). Aragorfes$ two explanations for why funds with
long lockup periods outperforma reduction in costly liquidity tradingand an illiquidity
premium due ta more illiquid asset basd.find no evidence that the trading profits ofrsta
hedge funds are due to an illiquidity premium. dctf star hedge funds tend to be net buyers of
liquid stocks. However, | do find a significantlggative correlation between lockup periods and
execution shortfallg=-0.35). This is consistent with a lockup periotbwing funds to reduce
their price impact through more patient tradingr Example, frequent redemption requests may
place pressure on funds to immediately sell popdsforming assets at discount prices (Coval
and Stafford, 2007). Having lockup periods and &ngstriction periods may give star funds the
flexibility they need to liquidate positions at reofavorable prices. Consistent with this view,
Franzoni and Plazzi (2013) find that hedge fundstey impact increases when funding
conditions deteriorate, but such affects are a#tttifor hedge funds with higher redemption

restrictions.

*° An alternative explanation is that high ability ragers may have absolute advantages in minimiziicg jmpact
and creating value over longer horizons (Anand.e2812).
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4.4 Characteristics of Star Hedge Funds — RegresRiesults

The previous section suggests that certain tradamg fund characteristics are
significantly correlated with being a star hedgeduSince many of the attributes are correlated,
in this section, | use logit regressions to assiasgelationship between these attributes and the
likelihood of being a star hedge fund. | continaarteasure trade and fund characteristics in the

year prior to the performance ranking period.

The logit regressions only include a subset of ¢haracteristics considered in the
univariate analysis in Table 7. First, | omit diltbe total trading variables (i.e., Panel A of Teab
7), as none of these variables are significantos@csince the fund-level correlation between
net sizeandnet illiquidity is 0.92, | only includeet_sizel also excludeave_fund_sizdue to its
high correlation withmanagement_sizeand | droprestrictions due to its correlation with
dlockup The results are not sensitive to which of the weorelated variables | choose to
include.Of the 74 hedge fund management companies in AN¢éamm able to collect quarterly
holdings data for 54, and | collect data from TAB648 of the hedge fund companies. In order
to run the regression for the full sample of momagnagement companies, | include a
correspondingnissing13F ¢r missingTassdummy which equals one if | was unable to match

the fund to 13F (or TASS) data and zero otherwise.

The dependent variable of the logit regressioralsgone if the hedge fund is a star hedge
fund and zero otherwise. Table 10 reports the mdefits and marginal effects. The marginal
effects estimate the change in the predicted pibtyalvhen the independent variable of interest
changes by one standard deviation and all otheahlas are at their average values. Standard

errors are clustered by management company. Pargbdxts the results when only net trading
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characteristics are included. The results are stergi with the univariate results in Table 9.
Specifically, funds that are net buyers of growtitcks and contrarian funds are more likely to

be star funds in the subsequent year.

Panel B reports the results when only fund chargstics are included. Botitiockupand
execution shortfaltemain statistically significant. The economic midgdes of both effects are
also large. For example, a one standard deviatiorease irdlokcup (shortfall)is associated
with an 11.74% increase (5.74% decrease) in tlediidod of being a star hedge fund. All other
fund variables are statistically insignificant. Thée other variables are not statistically
significant may alleviate some concerns regardiogmtial sample biases. For example, since
my sample includes only equity trading, one possdancern is that funds may be using equity
positions as hedges against their more informetvatare positions. However, this argument is
inconsistent with the insignificant coefficient derivative In addition, ANcerno funds tend to
be tilted towards larger funds and funds with lowrmagement fees. Thus, the observation that
fund size and management fees are not significaattyelated with being a star hedge fund is
reassuring. In untabulated analysis, | also inclmteractions of fund size and other significant
variables, includingnoml, mom2_1Zhortfall, and dlockup.All of the interaction terms are
statistically insignificant, suggesting that mydings do not differ significantly for large and
small funds. This provides reassurance that thepkésntilt towards larger funds is not driving

my findings.

Panel C reports the results when both net tradiragacteristics and fund characteristics
are included. After including fund characteristidhe coefficient onmomlis no longer
statistically significant. This is largely drivery lthe strong negative correlation wfom1with

execution shortfall { = -0.60). Intuitively, funds that follow short-term contran strategies,
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such as patient liquidity provision strategies,dtdn have small price impacts. Overall, the
results are largely consistent with the univarigsults in Table 9 and continue to suggest that

liquidity provision is an important determinantstar hedge funds’ trading profits.

4.5 Performance Persistence by Trading Strategy

The results thus far suggest that star hedge ftemdsto be contrarians with small price
impacts whose trading profits are concentrated skert holding periods and in their contrarian
trades. The results suggest that many star hechgis forofit from liquidity provision. As a final
test, | revisit the performance persistence residtsumented in Table 5 but now report results
separately for liquidity-supplying and liquiditysakanding star hedge funds. If liquidity
provision is one channel through which skilled heedgnds create value, then the superior
performance of liquidity suppliers should persist. contrast, it is unclear that the superior
trading performance of star liquidity-demanding geedunds will persist. It is possible that there
are some liquidity-demanding hedge funds that ptasily create value through strategies other
than liquidity provision (e.g.insider trading. However, it is also possible that top-performing

liquidity demanders are simply lucky, in which c#lseir subsequent performance should revert.

To investigate this issue, | partition star hedgedk into three groups: liquidity suppliers,
liquidity neutral, and liquidity demanders. | useot proxies to distinguish liquidity suppliers
from liquidity demanderamom1 tradingandexecution shortfallFunds in the top 30% ohoml1
trading (execution shortfa)lare considered liquidity demanders, while furdshie bottom 30%
of momltrading éxecution shortfa)l are considered liquidity suppliers. All other fsnare

considered liquidity neutral.
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Panel A of Table 11 presents the results. The peence of liquidity-supplying star
hedge funds is highly persistent. Usiexgecution shortfales a proxy for liquidity provision, |
find that star hedge funds that are liquidity sigisl outperform by a statistically significant
0.41% per month over the subsequent year and B0 @ver the subsequent three years. In
contrast, there is no evidence of performance gtersie among liquidity-demanding funds. Star
liquidity demanders outperform by only 0.03% perntioover the first year and actually earn
negative (albeit statistically insignificant) retsrover the subsequent three years. Similarly, star
liquidity suppliers significantly outperform staiquidity demanders over the subsequent one-
and three-year periods. The results usimgnltrading as a proxy for liquidity provision yield

similar results.

The results from Panel A of Table 11 suggest shat liquidity-supplying hedge funds
outperform “star” liquidity-demanding hedge fundsnatural question is whether other hedge
funds (i.e., funds outside the top 30% of pastqrerénce) that supply liquidity consistently
outperform other liquidity-demanding hedge fundsné B of Table 11 explores this question. |
find that other liquidity-supplying funds tend tohgbit slightly positive, but statistically
insignificant, performance. Similarly, liquidity-pplying funds tend to perform slightly better
than liquidity-demanding funds, but the differenseaelatively small and typically statistically
insignificant. Thus, not all liquidity-providing dge funds outperform. This result highlights the
existence of significant cross-sectional variationgading skill, even among liquidity-providing
hedge funds. Further, my findings suggest thatacteng past performance and trading strategy

can help identify hedge fund managers with superaating skill.

5. Conclusion
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This paper uses transaction-level data to offgesh perspective on the magnitude and
source of hedge fund trading profits. To my knowledthis is the first paper to use transaction-
level data to investigate issues of hedge fundrgadkill. Transaction data avoid many of the
biases associated with commercial databases (eugliable returns, backfill bias, survivorship
bias, etc.) and provide more powerful tests of itrgdskill than quarterly holdings (e.qg.,

transaction data captures intra-quarter tradingitsdelling, and confidential fillings).

| find that at least 10% (and at most 30%) of leefljnds are skilled traders. Similarly, |
find that the trading profits of top performing lgedfunds persist. This finding is consistent with
studies that reach similar conclusions using coroiakedatabases (e.g., Kosowski, Naik, and
Teo, 2007; Jagannathan, Malakhov, and Novikov 20I)is out-of-sample support is
reassuring, given the well-documented biases imoeroial databases and because studies using
guarterly holdings fail to find similar results (@n and Xu, 2009). My results also offer an
explanation for the considerably weaker evidencepefsistence in studies using quarterly
holdings. Specifically, because a large portiontted trading profits of superior performing
hedge funds accrue over relatively short holdingogs (e.g., one quarter), quarterly holdings

will generally understate the trading performantstar hedge funds.

| also exploit the granularity of transaction d&tabetter understand the source of star
hedge funds’ trading profits. | find that star hedgnds tend to be contrarians with small price
impacts and that their profits are concentrated oskatively short holding periods and in their
more contrarian trades. All of these findings asasistent with the notion that star hedge funds
profit from liquidity provision. In addition, my édence is largely inconsistent with alternative
sources of profitability, such as shareholder aativ insider trading, or skilled processing of
public information. Of course, it is still possib{and even likely) that some hedge funds do
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profit from strategies other than liquidity prowsi Nevertheless, my findings highlight the
importance of liquidity provision as a channel thgh which many star hedge funds create
value. Further, | find that performance persisteisceery strong for liquidity-supplying hedge

funds but not at all present for liquidity-demarglihedge funds. This finding points to the
possibility that hedge fund investors can bettentdy star funds by screening on both past

performance and investment strategy.

35



Appendix A: Description of the Control Variables

Stock Characteristics:

» Size:market capitalization (share price * total shanestanding) at the end of the year
prior to the year of the trade.

* Book-to-Marketbook-to-market ratio computed as the book valueqaity for the fiscal
year ending before the most recent Jurl2d@0ided by market capitalization on
December 3% of the same fiscal year.

* Moml1:the return on the stock in the 21 trading daysrpgadhe day of the trade.

* Mom2_12:the return on the stock in the 22 to 252 tradingsdaior to the day of the
trade.

» |VOL: the square root of the mean squared residual &mennual regression of a firm’s
daily returns on market (value-weighted CRSP indet)rns. Computed in the year prior
to the year of the trade.

* llliquidity: The Amihud (2002) measure computed using all d#altya available for the
year prior to the year of the trade.

* Pre-Earnings a dummy variable equal to 1 if the trade occurrethe 10 days prior to the
earnings announcement (i.e., -1 to -10).

* PostEarnings:a dummy variable equal to 1 if the trade occurrethe 10 days after the
earnings announcement (i.e., 1 to 10).

Fund Characteristics:

» Shortfalt the principal-weighted shortfall of a fund. Fallmg Anand et al. (2012), |
measure execution shortfall as:
P Pot
POt
where R; measures the value-weighted execution price kétit; Ry is the price at the
time when the broker receives the ticket, ants@n indicator variable that equals one for
a buy ticket and minus one for a sell ticket (Seu/Ncerno).

X Dy

* Management Co. Siz&he total value (shares held * price per sharédmd-only equity
holdings, computed quarterly. (Source: 13F Filings)

* Turnover:Following Griffin and Xu (2009), turnover is comgdtas:
min(Buyi, Sal@)/Holdings.1, where Buy (Salg) is the total value of stocks bought (sold)
by fund i in quarter t and Holdingsis the total equity holdings of fund i in quartet.
(Source: 13F Filings)

» Stocks Heldthe number of long-only equity positions reportgdiie management
company per quarter. (Source: 13F Filings)
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Holding Returnthe one-quarter ahead DGTW-adjusted return of glagtyeholdings, as
reported by the management company. (Source: 1Big$)

Trading Returnthe one-quarter ahead DGTW-adjusted return of quéyetrades (i.e.;
changes in quarterly holdings) of the managememipamy. (Source: 13F Filings)

Fund Size the equal-weighted average total assets under raar@ayg across all funds
within a given money management company. (Soura&S])

Management Feghe AUM-weighted average management fee of fundsinva money
management company. (Source: TASS)

Incentive Feethe AUM-weighted average incentive fee of fundshwita money
management company. (Source: TASS)

High-water Mark:a dummy variable equal to one if the fund has &-wgter mark
provision. This measure is the AUM-weighted averag®ss funds within a money
management company. (Source: TASS)

Dlockup:a dummy variable equal to one if the fund imposeslackup period. This
measure is the AUM-weighted average across funttBrma management company.
(Source: TASS)

Restrictionsthe sum of the notice period and the redemptioiog@el he notice period is
the time the investor has to give notice to thedfahan intention to withdraw money from
the fund, and the redemption period is the timendaky the fund to return money to
investors after the notice period has expired. Tessure is the AUM-weighted average
across funds within a money management companur¢8oTASS)

Derivatives:a dummy variable equal to one if the fund has amppsure to derivatives
(including futures). This measure is the AUM-wegghtiverage across funds within a
money management company. (Source: TASS)

Leverage:a dummy variable equal to one if the fund useslewgrage. This measure is
the AUM-weighted average across funds within a gangent company. (Source: TASS)

Return Rankinga decile ranking of the fund’s performance in agivnonth relative to

all other funds in the same TASS primary categdhe primary categories include:
Convertible Arbitrage, Emerging Markets, Equity MetrNeutral, Event Driven, Fixed
Income Arbitrage, Fund of Funds, Global Macro, L&twprt Equity, Managed Futures,
Multi-Strategy, and Other. This measure is averdgedach fund over the year prior to
the ranking period. | then report the AUM-weightaerage across funds within a money
management company. (Source: TASS)

Equity FocusedA dummy variable equal to one if the fund has anpriy TASS category
of Equity Market Neutral or Long/Short Equity. Thigeasure is the AUM-weighted
average across funds within a money managementagmSource: TASS)
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Table 1: Summary Statistics

This table presents descriptive statistics foritusbnal trading data obtained from ANcerno. Pafgkeports the total number of managers (i.e., rgangent companies),
clients, (i.e., plan sponsors or money manageigamager-client pairs during the full sample pefrom 1999 to 2010. Panel B reports the numbenarfiagers, manager-
client pairs (funds), and the average and medidlardvading volume per fund averaged across tle ¢parters in each year. | report the resultsrsgglg for hedge funds
and other institutional investors.

Panel A: Aggregate Sample Size

Hedge Funds Other Institutions
Manager Type Managers Clients Man-Clients CliemisN?an Managers Clients Man-Clients Clients PanM
All 74 253 361 4.88 579 733 4061 7.01
Plan Sponsor 63 229 337 5.35 527 554 3853 7.31
Money Man. 22 24 24 1.09 185 179 209 1.13

Panel B: Time-Series of Quarterly Averages

Hedge Funds Other Institutions
Year Managers Man-Clients Ave Vol ($m) Med Vol ($m) Managers Man-Clients Ave Vol ($m) Med Vol ($m)
1999 46.50 110.50 71.49 16.14 387.00 1418.50 354.21 21.09
2000 41.50 110.75 56.39 19.60 372.25 1329.25 557.03 24.49
2001 38.50 111.75 71.30 17.69 371.50 1331.75 465.75 19.21
2002 43.75 127.75 81.55 10.11 389.75 1348.25 485.88 17.15
2003 39.50 117.50 73.19 8.93 375.50 1252.50 432.98 15.41
2004 40.75 114.75 111.06 10.58 367.75 1175.25 563.40 17.37
2005 41.50 109.50 338.71 13.05 342.50 1033.25 451.78 18.96
2006 38.00 97.50 432.60 19.61 323.50 883.50 710.79 20.71
2007 39.00 95.25 484.35 21.27 304.50 759.25 960.69 25.32
2008 36.00 73.00 548.57 17.67 252.25 559.50 1134.65 21.90
2009 27.50 50.25 428.37 10.02 205.75 408.00 667.81 13.89
2010 25.25 38.25 525.61 15.26 166.00 273.75 672.87 16.28
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Table 2: The Cross-Sectional Distribution of Quartely Trading and Intra-Quarter Trading

This table reports the cross-sectional distributbmuarterly trading for hedge funds and othetitasonal investors (Other). This measure is cotadueach quarter. The
table presents the time-series average across8tlygiarters in the sample. | also report the ratiactual to implied quarterly trading. Actual tmagl is based on actual
transaction data. Implied quarterly trading is categ as the net dollar volume (buys-sells) of alstaggregated across all stocks traded by the duada quarter. Panel A
reports the results for pension plan sponsor djaartd Panel B reports the results for money mardigats.

Panel A: Quarterly Trading Volume Per Client-Manage Quarter

Plan Sponsors

Mean Std Dev 99 95 75 50 25 5 1
HF 35.97 74.03 389.58 151.54 35.20 12.88 4.41 0.74 0.19
Other 63.45 396.63 519.38 189.55 47.55 16.78 5.60 .64 0 0.08
Money Managers
Mean Std Dev 99 95 75 50 25 5 1
HF 2,488.05 2,721.96 7,747.61 7,747.61 3,413.91 11® 736.19 391.74 391.74
Other 9,624.91 23,484.74 132,622.8 50,145.97 6/G05. 1,276.77 260.84 22.43 3.60

Panel B: Ratio of Actual to Implied Quarterly Trading

Plan Sponsors

Mean Std Dev 99 95 75 50 25 5 1
HE 1.19 0.69 4.22 1.65 1.16 1.03 1.00 1.00 1.00
Other 1.31 4.77 2.32 1.48 1.18 1.06 1.00 1.00 1.00
Money Managers
Mean Std Dev 99 95 75 50 25 5 1
HF 1.47 0.40 2.29 2.29 1.60 1.34 1.21 1.13 1.13
Other 151 1.26 9.40 2.14 1.53 1.30 1.13 1.01 1.00
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Table 3: Fund-Level Performance by Investor Type

This table reports the average trading profits thase transaction-based calendar-time portfoliogh violding
periods ranging from 21 days to 252 days. | esgnpeerformance for each fund and report the equedighted
average across funds for both hedge funds (Panah#)other institutional investors (Panel B). Facleinstitution
type, | estimate performance using gross returngTW-adjusted returns, and DGTW-adjusted returns les
commissions. For each holding period, | excludedfdays on which there are fewer than 10 stock®th the buy
and sell portfolios. Returns are inclusive of ‘Dyeturns, where Day O returns are computed basdtie reported
execution price. This table reports the averagarmeacross all days in the sample period, expdeasemonthly
returns in percent. T-statistics, based on stahdaprs clustered by fund and day, are reportgzhirntheses.

Panel A: Hedge Funds

Holding Period

21 63 126 252
Gross Returns
Buys 1.27 0.72 0.71 0.72
Sells 0.75 0.63 0.66 0.64
Buys - Sells 0.52 0.10 0.05 0.08
(1.74) (0.60) (0.51) (1.00)
DGTW Adjusted Returns
Buys 0.40 0.04 0.03 0.01
Sells -0.01 -0.05 -0.03 -0.06
Buys - Sells 0.41 0.09 0.06 0.07
(21.63) (0.60) (0.66) (1.11)
DGTW Adjusted Returns Less Commissions
Buys 0.22 -0.02 0.00 -0.01
Sells 0.18 0.01 0.00 -0.04
Buys - Sells 0.04 -0.03 -0.01 0.04
(0.14) (-0.23) (-0.06) (0.57)

Panel B: Other Institutions

Holding Period

21 63 126 252
Gross Returns
Buys 0.90 0.60 0.56 0.52
Sells 0.63 0.58 0.58 0.57
Buys - Sells 0.27 0.02 -0.02 -0.05
(3.55) (0.64) (-0.66) (-1.98)
DGTW Adjusted Returns
Buys 0.23 0.00 -0.06 -0.08
Sells 0.08 0.01 -0.03 -0.04
Buys - Sells 0.15 -0.01 -0.03 -0.04
(2.54) (-0.35) (-1.17) (-2.33)
DGTW Adjusted Returns Less Commissions
Buys 0.11 -0.04 -0.08 -0.10
Sells 0.21 0.05 -0.01 -0.03
Buys - Sells -0.10 -0.10 -0.07 -0.07
(-1.72) (-3.09) (-3.10) (-3.83)
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Table 4: The Cross-Section of Fund Performance

For each fund, | estimate performance using traimsabased calendar time portfolios with a 252-dejding
period. | exclude fund-days in which there are fiethan 10 stocks in both the buy and sell portfolicalso exclude
funds that are in the sample for less than one. YReturns are inclusive of ‘Day O’ returns, basedtie reported
execution price. | estimate returns based on DGTjsted returns both excluding and including trgdin
commissions. For each fund in the sample, | comigectual t-statistic of alpha, based on theetithe-series of
the fund’s returnsActual reports the distribution of t-statistics acrodshaldge funds (Panel A) or other institutional
investors (Panel B). | compare the actual distrisuof t-statistics to a simulated distributiontestatistics under the
null hypothesis that the true alpha is zero fofiallds. | also show the percentage of simulati@awdrthat produce a
t-statistic greater than the corresponding actahle:

Panel A: Hedge Funds

Excluding Commissions Including Commissions
Pct Actual Simulated % Act Actual Simulated % Act
1 -3.35 -2.63 97.5% -3.40 -2.62 97.9%
2 -2.70 -2.22 96.5% -2.78 -2.21 98.1%
3 -1.74 -1.98 11.7% -1.83 -1.97 23.8%
4 -1.56 -1.82 7.7% -1.65 -1.81 18.1%
5 -1.48 -1.71 9.0% -1.60 -1.71 26.6%
10 -1.20 -1.32 21.3% -1.31 -1.32 48.4%
20 -0.83 -0.86 42.0% -0.88 -0.86 58.4%
30 -0.43 -0.53 18.7% -0.51 -0.53 44.1%
40 -0.11 -0.26 10.4% -0.23 -0.26 40.1%
50 0.15 0.00 9.7% 0.01 0.00 48.1%
60 0.43 0.26 7.0% 0.30 0.26 34.9%
70 0.81 0.54 1.0% 0.70 0.53 7.9%
80 1.09 0.86 3.5% 1.02 0.86 9.3%
90 1.74 1.32 0.4% 1.63 1.32 2.0%
95 2.15 1.72 1.4% 2.06 1.72 3.7%
96 2.46 1.82 0.2% 2.41 1.82 0.4%
97 2.83 1.99 0.1% 2.75 1.98 0.2%
98 3.17 2.23 0.1% 3.06 2.22 0.3%
99 3.84 2.63 0.2% 3.68 2.63 0.4%
Panel B: Other Institutions
Excluding Commissions Including Commissions
Pct Actual Simulated % Act Actual Simulated % Act
1 -2.73 -2.66 71.9% -2.87 -2.66 94.1%
2 -2.27 -2.18 83.2% -2.34 -2.17 94.6%
3 -2.05 -1.96 84.1% -2.12 -1.96 95.8%
4 -1.91 -1.81 88.1% -1.99 -1.81 97.8%
5 -1.79 -1.69 88.3% -1.87 -1.69 97.8%
10 -1.42 -1.31 93.6% -1.50 -1.31 99.6%
20 -0.99 -0.85 98.8% -1.07 -0.85 99.9%
30 -0.64 -0.53 97.9% -0.72 -0.53 100.0%
40 -0.36 -0.26 97.3% -0.43 -0.26 100.0%
50 -0.10 0.00 97.7% -0.17 0.00 100.0%
60 0.16 0.26 97.1% 0.07 0.26 100.0%
70 0.41 0.53 98.7% 0.34 0.53 100.0%
80 0.75 0.85 96.4% 0.66 0.86 100.0%
90 1.25 1.31 79.2% 1.17 1.31 98.7%
95 1.61 1.70 84.3% 1.53 1.70 98.7%
96 1.76 1.81 72.7% 1.66 1.81 97.1%
97 1.92 1.96 64.7% 1.82 1.96 94.9%
98 2.12 2.18 71.7% 2.01 2.18 96.0%
99 2.70 2.66 37.4% 2.58 2.67 74.2%
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Table 5: Persistence in Annual Trading Skill
| estimate fund performance using calendar-timestation portfolios with 252-day holding periodstiRns are reported as DGTW-adjusted returns less

trading commissions and are inclusive of Day Orretu | sort funds into three groups accordinghew DGTW-adjusted performance over the prior yeaou@®
3 (1) consists of funds that were in the top (bo)it@0% of performance. Group 2 consists of the meimg 40% of funds. | exclude fund-days on whibkre
are fewer than 10 stocks in both the buy and theeefolio. | hold the portfolios for post-rankinperiods ranging from one year to three yearsbalance the
portfolios at the end of each year. | report thaults for one, two, and three year separately,edsas the cumulative three-year holding periode Ppbst ranking
returns reflect the average daily return, expressedhonthly returns in percent. | report the rasfdt both hedge funds and other institutional stees. T-

statistics, based on standard errors clusteredrny dnd day, are reported in parentheses.

Annual Persistence (Including Commissions)
Hedge Funds Other Institutions
Holding Period (in Quarters) Holding Period Quarters)
Past Year Ranking [1,4] [5,8] [9,12] [1,12] [1,4] [5,8] [9,12] [1,12]

1 0.01 0.01 0.0z 0.01 -0.0¢€ -0.08 -0.0¢ -0.07
(0.12) (0.14) (0.39) (0.24) (-1.82) (-1.69) -2.69) (-2.38)

2 -0.04 0.0¢ 0.0t 0.01 -0.0€ -0.0t -0.04 -0.0t
(-0.97 (1.23 (0.98 (0.42 (-3.44 (-1.79 (-1.94 (-2.90

3 0.25 0.14 0.12 0.19 -0.04 -0.06 -0.02 -0.04
(2.75 (1.46 (1.22 (2.14 (-1.11 (-1.99 (-0.48 (-1.60

3-1 0.24 0.13 0.10 0.17 0.04 -0.01 0.07 0.03
(2.59) (1.32) (1.08) (2.59) (0.59) (-0.29) (1.56) (0.78)
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Table 6: Persistence in Annual Trading Skill of “Sar” Hedge Funds - Alternative Risk Adjustments

This table examines the performance of “star” hefdgels using alternative risk-adjustments. | definstar hedge fund as a fund that was in the tép 8D
performance (as defined in Table 5) over the préar. | estimate the performance of the star héalggs over the subsequent year. | estimate padoce as
the average daily return (expressed as monthlynetim percent) for all star hedge funds over tloatim. | exclude fund-days in which there are fethan 10
stocks in both the buy and the sell portfolioshdrt estimate the following monthly time-series esgion for the period from January 2000 to Deceribéd :
Ry=ai+BFi+e. Ryiis the monthly return on the aggregate star hedgd portfolio, and, is a matrix of returns on the MKTRF, SMB, HML, WMBnd LIQ
factors. In specifications 1-4, the dependent Wégids the gross performance of star hedge funis,imspecification 5, the dependent variable &sBGTW-
adjusted performance of star hedge funds. Botltopegnce measures incorporate trading commissidms tilhe-series regression is estimated using weilght
least squares, where the weight is given by thebeurof observations used to compute the monthiyrmefl -statistics are reported in parentheses.

Return Measul Alpha MKTRF SMB HML WML LIQ Adj R-square

1 Gross Return 0.30 0.07 6.48%
(2.83) (3.30)

2 Gross Return 0.30 0.08 -0.01 0.02 5.65%
(2.65) (3.38) (-0.39) (0.55)

3 Gross Return 0.30 0.05 0.01 0.01 -0.05 9.74%
(2.71) (2.79) (0.30) (0.31) (-2.71)

4 Gross Return 0.28 0.04 0.01 0.01 -0.05 0.01 9.23%
(2.52) 2.73) (0.28) (0.34) (-2.73) (0.48)

5 DGTW-Adj Return 0.27 0.05 -0.01 -0.03 0.00 0.01 .60%%
(3.08) (2.69) (-0.52) (-1.07) (0.22) (0.60)
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Table 7: Performance of Star Hedge Funds by Holdineriod
This table sorts hedge funds into 3 groups, basegecsformance (as defined in Table 5) in the curyear (Panel
A) or the prior year (Panel B). Group 3 (1) cotssisf funds that were in the top (bottom) 30% offgenance.
Group 2 consists of the remaining 40% of funds. éach fund and year, | examine the DGTW-adjustadrme of
the stocks purchased by the fund less the DGTWséatjureturns of the stocks sold by the fund overstibsequent
one, two, three, or four quarters or the entirer {@a4). Returns are expressed as percent pereguartd do not
incorporate trading commissions. T-statistics,oregrl in parentheses, are based on standard etustered by

management company and year.

Panel A: Ranking Period
Holding Period in Quarters

Current Year Rank Q1 Q2 Q3 Q4 [1,4]
1 -2.68 -1.22 -1.36 0.63 -1.16
2 0.44 -0.16 -0.09 -0.28 -0.24
3 3.37 2.11 1.79 1.02 2.07
3-1 6.04 3.33 3.15 0.39 3.23
t-stat (8.00) (7.83) (4.96) (0.73) (12.70)

Panel B: Subsequent Period
Holding Period in Quarters

Past Year Rank Q1 Q2 Q3 Q4 [1,4]
1 -0.17 0.23 -0.53 0.54 0.02

2 0.24 -0.31 -0.20 -0.01 -0.07

3 1.69 0.72 0.46 0.50 0.84

3-1 1.86 0.48 0.99 -0.04 0.82
t-stat (2.22) (0.66) (1.26) (-0.06) (2.01)
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Table 8: Performance of Hedge Funds by Stock Chargeristics

This table reports the trading performance of séatge funds and other hedge funds. Star hedge &radsnds that
were in the top 30% of performance (as defined abld@ 5) over the prior year. | assign stocks te,smok-to-
market, idiosyncratic volatility, and momentum gposubased on NYSE breakpoints. For all charactesistikcept
size and illiquidity, stocks are divided based loa tnedian NYSE breakpoint. | define a stock aseldog liquid) if
the stock is in the top 30 of NYSE size (or bott8@% of NYSE illiquidity). All other stocks are da&d as small
(or illiquid) stocks. | also define stocks accaglito the time of the most recent earnings annourats. Pre-
earnings stocks are stocks that will announce egsnivithin the next 10 trading days, and post-egsstocks are
stocks that announced earnings within the pastatlintg days. For each fund and stock characteristizmpute the
principal-weighted DGTW-adjusted returns on theksobought less the stocks sold. The sample inslaidunds
with at least five buys and five sells over theecdlar year for both groups (i.e., both small amgeastocks). |
report the equal-weighted average across all gidgdrfunds or other hedge funds. *, **, and *** dém statistical
significance at 10%, 5%, and 1%, respectively. tafistics, based on standard errors clustered hyagement
company and year, are reported in parentheses.

Star HF Other HF Star - Other HF
Holding Period Holding Period Holding Period
(in Quarters) (in Quarters) (in Quarters)
[1] [1.4] [1] [1.4] [1] [1,4]
Small 1.28 1.24* 1.31*% -0.02 -0.03 1.26
Large 1.16 0.93 -0.34 0.14 1.50 0.79
Small - Large 0.11 0.31 1.64** -0.16 -1.53 0.48
(0.07) (0.41) (2.11) (-0.45) (-0.90) (0.61)
Growth 1.46** 0.93* -0.05 0.06 1.51* 0.87*
Value 1.73 0.53 0.11 -0.25 1.62 0.78*
Growth - Value -0.27 0.40 -0.17 0.31 -0.10 0.08
(-0.22) (0.53) (-0.28) (0.94) (-0.09) (014
High Vol 1.88** 1.24* -0.02 0.04 1.90** 1.20*
Low IVol 1.54** 0.24 -0.07 0.02 1.61** 0.22
High - Low Vol 0.34 1.00** 0.05 0.02 0.29 0.98*
(0.56) (2.00) (0.10) (0.08) (0.34) (1.68)
lliquid 1.52 0.52 -0.31 0.04 1.83* 0.48
Liquid 1.76* 1.12 0.41 0.25 1.35 0.87
llliquid - Liquid -0.24 -0.60 -0.72 -0.21 0.48 39
(-0.18) (-0.79) (-0.93) (-0.41) (0.41) 60)
Pre_Earnigns 0.15 1.19 -0.83 -0.19 0.98 1.38
Post_Earnings 1.71 1.06 0.46 0.61 1.25 0.45
Pre-Post Earnings -1.55 0.13 -1.27 -0.80 -0.26 92 0.
(-1.33) (0.24) (-1.88) (-1.59) (0.24) 3)3
Contrarian21_252 2.23* 1.26%** 0.37 0.62** B8 0.64*
Momentum21_252 1.06 0.41 0.12 -0.65 0.94 1.06
Con21_252- Mom21_252 1.17 0.85 0.25 1.27%** 0.92 -0.42
(1.15) (0.98) (0.50) (2.97) (0.95) (-0.52)
Contrarian21 2.19* 1.10** 1.07*** 0.26 1.13 as
Momentum21 0.28 0.42 -0.87** -0.16 1.15*% 0.58
Con21 - Mom21 1.91 0.69** 1.93*** 0.42* -0.02 a2
(1.66) (2.06) (4.28) (1.92) (-0.02) (0.90)
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Table 9: The Characteristics of Star Hedge Funds

The table below compares the characteristics oth&tdge funds to those of other hedge funds. St@dgdrfunds are
funds that were in the top 30% of performance @f#ndd in Table 5) over the subsequent year. Foh é&dge
fund with at least 10 buys and 10 sells duringvaigicalendar year, | compute the principal-weiglttegracteristics
of the stocks traded (i.e., (buys + sells)/2). Paeeports the average across all star hedge famdsall other
hedge funds. Panel B reports a similar metric fet mading (i.e., buys — sells). Panel C reportsdflevel
characteristics. The construction of all varialitedescribed in Appendix A. T-statistics, reporiegarentheses, are
based on standard errors clustered by managemexpacy and year.

Panel A: Total Trading

Star HF Other HF Star- Other t(Star-Other)
Size 6.81 7.12 -0.31 (-1.00)
BM 4.22 4.09 0.13 (0.94)
Vol 5.75 5.78 -0.03 (-0.23)
llliquidity 3.90 3.61 0.29 (1.04)
Mom21 571 5.74 -0.03 (-0.41)
Mom21_ 252 6.01 6.14 -0.13 (-0.95)
Pre_Earnings (%) 13.29 12.99 0.30 0.77)
Post_Earnings (%) 16.04 16.31 -0.27 (-0.48)

Panel B: Net Trading

Star HF Other HF Star- Other t(Star-Other)
Size 0.00 -0.08 0.08 (1.59)
BM -0.40 -0.17 -0.23 (-3.34)
Vol 0.15 0.04 0.11 (0.96)
lliquidity -0.02 0.10 -0.12 (-1.97)
Mom21 -0.82 -0.26 -0.56 (-3.67)
Mom21_252 -1.11 -0.74 -0.37 (-2.31)
Pre_Earnings (%) 0.53 0.33 0.20 (0.36)
Post_Earnings (%) 1.41 0.00 1.41 (1.49)

Panel C: Fund Characteristics

Star HF Other HF Star- Other t(Star-Other)
Log (Fund Size) 3.88 3.98 -0.10 (-0.26)
Management Fee 1.34 1.27 0.07 (0.61)
Incentive Fee 15.17 15.66 -0.49 (-0.44)
High-water Mark 67.84 60.92 6.92 (0.99)
Dlockup 52.63 29.33 23.30 (2.92)
Restrictions 202.33 154.18 48.15 (2.34)
Derivatives 6.16 8.32 -2.16 (-0.74)
Execution Shortfall 4.80 5.88 -1.08 (3.86)
Turnover 0.62 0.74 -0.12 (-1.96)
Log (Management Co.Size) 8.45 8.15 0.30 (1.87)
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Table 10: Predicting Star Hedge Funds

The dependent variable is a dummy variable equahwif the hedge fund is in the top 30% of perfance (as
defined in Table 5) over the subsequent year. Kpéanatory variables are computed in the year pgdarbserved
performance. Descriptions of the control varialales presented in Appendix A. Specification 1 ukesviarious net
trading (i.e., buys — sells) characteristics tadtewhether a hedge fund is a star. Specificafi@xamines whether
characteristics of the money manager company ceecdst star hedge funds. Specification 3 includeh bet
trading and fund characteristics. All specificaicare estimated using logistic regressions. Fon specification,
in the first column, | report the coefficient amd parentheses, the z-score. Z-scores are compateti on standard
errors clustered by management company. In thensecolumn, | report the marginal effects. The rraleffects
estimate the change in the predicted probabilitgrwvthe independent variable of interest changesnleystandard
deviation and all other variables are at their agervalues.

1 2 3
Coeff Marg. Eff Coeff Marg. Eff Coeff Marg. Eff
Intercept -112.19 -95.01 -128.78
(-9.28) (-0.89) (-1.23)
Net_Size 1.62 0.28% 3.19 0.59%
(0.21) (0.43)
Net_BM -11.41 -2.53% -8.22 -1.30%
(-2.03) (-1.81)
Net_Mom21 -8.94 -3.61% -1.75 -0.77%
(-2.63) (-0.40)
Net_Mom21_252 -11.42 -3.17% -12.60 -3.72%
(-1.58) (-2.14)
Net_IVol 9.43 2.41% 10.07 2.73%
(1.12) (1.02)
Net_Pre_Earnings 0.11 0.26% 0.02 0.05%
(0.24) (0.04)
Net_Post_Earnings 0.85 2.21% 0.72 2.00%
(1.46) (1.32)
Log (Management Size) 1.97 0.55% 4.10 1.19%
(0.28) (0.61)
Turnover -87.07 -1.95% -41.45 -0.96%
(-0.78) (-0.37)
Management Fee 37.36 3.11% 33.37 2.84%
(0.69) (0.61)
Incentive Fee 0.75 1.02% 0.65 0.90%
(0.40) (0.34)
High-water Mark -0.57 -4.93% -62.20 -5.47%
(-1.39) (-1.55)
Dlockup 1.17 11.74% 1.16 11.80%
(2.57) (2.62)
Derivatives -0.63 -3.10% -0.74 -3.69%
(-0.82) (-0.80)
Shortfall -9.56 -5.81% -7.67 -4.88%
(-2.60) (-1.91)
Obs 3023 3023 3023
Pseudo R-squared 2.85% 4.72% 5.99%
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Table 11: Performance Persistence of Liquidity-Suplying versus Liquidity-Demanding Hedge Funds
This table revisits the performance persistencgtaf hedge funds (i.e., hedge funds in the top 80ferformance
in Table 5) and other hedge funds (i.e., hedge Suimdthe bottom 70% of performance in Table 5). The
methodology is identical to Table 5, except | noartition funds into three groups: liquidity demarsi¢LD),
liquidity neutral (LN) and liquidity suppliers (LS) create two liquidity proxies: execution sholitand short-term
momentum trading. Funds in the bottom (top) 30%»adcution shortfall (as defined in the Appendix)fumds in
the bottom (top) 30% of net trading based on past month returns (as defined in the Appendix) afndd as
liquidity suppliers (liquidity demanders). Fundstire middle 40% are classified as liquidity neutRdnel A reports
the results for star hedge funds, and Panel B tegbe results for all other hedge funds. T-stastbased on
standard errors clustered by management compangiandre reported in parentheses.

Panel A: Star Hedge Fund Persistence by Liquidity ®up

Annual Performance ( + Commissions) Annual Rerfnce ( + Commissions)
Liquidity Proxy: Execution Shortfall Liquidity Proxy: Mom1 Trading
Group Yearl Year2 Year3 Year[1-3] Yearl Year Year3 Year[l-3]
Star LS 0.41 0.26 0.07 0.29 0.36 0.37 0.06 0.30
(3.56) (2.42) (0.44) (2.87) (2.84) (2.52) (0.52) (2.41)
Star LN 0.24 0.14 0.32 0.22 0.32 0.16 0.29 0.27
(1.83) (0.87) (2.06) (1.82) (3.06) (1.04) (1.98) (2.39)
Star LD 0.03 -0.05 -0.17 -0.04 0.01 -0.19 -0.13 0.09
(0.43) (-0.51) (-1.37) (-0.74) (0.06) (-239 (-1.29) (-0.98)
LS-LD 0.38 0.31 0.23 0.33 0.35 0.56 0.18 0.39
(2.51) (1.99) (1.19) (2.61) (2.12) (3.09) 3@ (2.99)

Panel B: Other Hedge Fund Persistence by Liquiditysroup

Annual Performance ( + Commissions) Annual Rerfnce ( + Commissions)
Liquidity Proxy: Execution Shortfall Liquidity Proxy: Mom1 Trading
Group Yearl Year2 Year3 VYear[1-3] Yearl Year Year3 Year[1-3]
Other LS 0.04 0.07 0.03 0.05 -0.03 0.18 0.12 0.08
(0.44) (0.84) (0.41) (0.68) (-0.27) (2.41) @8 (1.10)
Other LN -0.02 0.11 0.05 0.04 -0.01 0.02 0.11 30.0
(-0.29) (1.24) (0.61) (0.68) (-0.19) (0.33) .9 (0.42)
Other LD -0.07 -0.07 0.03 -0.05 -0.02 -0.06 -0.12 -0.06
(-1.26) (-1.72) (0.48) (-1.13) (-0.41) @2) (-1.93) (-1.53)
LS-LD 0.11 0.14 0.00 0.10 -0.01 0.25 0.23 0.14
(1.03) (1.42) (-0.03) (1.12) (-0.06) (2.54) .4® (1.54)
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Figure 1: The Advantages of ANcerno Data

This figure highlights some limitations of the diig hedge fund data sources and comments on whétbe
limitations are also present in ANcerno data. Pakehighlights the shortcomings of commercial hedgad
databases (e.g., TASS), and Panel B highlightshbetcomings of 13F filings (i.e., quarterly holgg).

Panel A: Problems in Commercial Databases ProblermiANcerno?

Backfill Bias No
Survivorship Bias No
Smoothing Bias No
Distinguishing Beta vs. Alpha No
Reliable Returns No

Self-Selection Bias See Appendix Tables A.1 & A.2

Panel B: Problems with 13F Problem in ANcerno?

Missing Intra-quarter Trades No
Window Dressing No
Unclear Execution Price No
Missing short-sales No
Missing Confidential Filings No
Missing Derivative Positions Yes
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Figure 2: Time-Series Variation in the Performanceof Star Hedge Funds
| estimate fund performance using calendar-timestation portfolios with 252-day holding periodextlude fund-day observations in which there areef than 10 stocks

in both the buy and the sell portfolios. Returres mported as DGTW-adjusted returns less tradingnassions and are inclusive of Day O returns. fingea star hedge fund
as a fund that was in the top 30% of performansalédined in Table 5) over the prior year. Thigife plots the performance of the star hedge feadh quarter in the year
subsequent to the ranking year. Returns are exgutess% per month.
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Appendix B: Representativeness of ANcerno Hedge Fda
A.1 Comparisons to Quarterly Holdings

In this section, | compare 13F filing hedge funsttappear in ANcerno to 13F filing
hedge funds that do not report to ANcerno. | bdgincollecting a list of all institutional
investors that filed form 13F (and thus report tgrdy equity holdings) over the period from
1999 to 2010. | then use the hedge fund classidicgirocedure (as discussed in section 2.2)
to classify 13F filing institutions into hedge fumdnd other institutions. Specifically, |
classify a 13F filing institution as a hedge fuhdbre than 50% of its clients are categorized
as “high net worth individuals” or “other pooledvestment vehicles,” and the manager
charges a performance-based fee. | initially identi,171 hedge fund management
companies (hereafter hedge funds). | limit the danp hedge funds that hold at least 10
equity positions in a given quarter. The final sé@mponsists of 1,013 hedge funds and
19,840 hedge fund quarters.

The ANcerno sample consists of 74 hedge fund mamegecompanies and 1,524
management-company quarters. For each ANcerno hiethge | manually search for the
corresponding 13F filing hedge fund based on mamagé company name. | am able to
identify 54 ANcerno hedge funds and 1,191 ANceradde fund quarters in the 13F filings.

For each hedge fund quarter, | use quarterly hg&dohata to compute the following
fund-level variablestotal net assets (TNA), stocks hdidlding return, size, bm, illiquidity,
volatility, momland mom2_12 The details of the variable construction are dbed in
Appendix A.Momlandmom?2_1Zare computed relative to the first day of the tprar All
stock characteristics (e.g., size, bm, etc.) refllee principal-weighted characteristics of the
stocksheld by the fund.

Panel A compares the characteristics of ANcernayéddnds to other 13F Filing

hedge funds that do not appear in ANcer@thér). ANcerno hedge funds are significantly
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larger than other hedge funds. Specifically, therage ANcerno hedge fund has total net
assets of roughly $5 billion, while other hedgedsiron average have assets of slightly less
than $1 billion. The distribution of assets undemagement is highly skewed, and taking the
natural log of total net assets results in a leamdtic, but still highly significant, difference.
This finding is similar to Puckett and Yan (20140 also find that ANcerno institutions are
substantially larger than non-ANcerno institutiéh&iven the structure of ANcerno data, it
is not surprising that the sample is tilted towakger funds. Most ANcerno hedge funds
enter the sample because they manage money orf b&laaplan sponsor that subscribes to
ANcerno. Larger hedge funds manage money for mtae gponsors, which increases the
likelihood that they will appear in the ANcerno gae

On average, hedge funds in ANcerno have DGTW-agfjuguarterly holdings that
are nearly identical to those of other hedge fundke 13F universe (42 bps vs. 39 bps). The
characteristics of the stocks they hold are alsg senilar. In particular, compared to other
hedge funds, ANcerno hedge funds show no signifitiiowards firm size, bm, illiquidity,
or volatility, although they do exhibit a slightgberence for recent winners.

| also examine whether the trading of ANcerno hefimels is similar to that of the
universe of 13F filing hedge funds. Trading is comaol as changes in quarterly holdings. For
each fund, | estimate the fundigrnoverand the principal-weighted DGTW-adjusted returns
on stocks bought less returns on stocks sold dwestibsequent quartdérading return) |
also computesize,bm, illiquidity, volatility, momland mom2_1Zor the stocks traded by
each fund (i.e., total trading) and net trading.(ibuys — sells). Additional information
regarding variable construction is presented inekugjix A.

Panel B presents the results. | find that ANceredge funds have lower turnover

than other hedge funds (70% vs. 97%). Their tragi@dormance is also lower (0.05% vs.

22 At the time of Puckett and Yan's (2011) study, Aicerno data were anonymous; however the authers w
able to obtain a list of the names of 68 institasidrom ANcerno. Their analysis does not distinguiedge
funds from other institutions.
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0.43%), although the estimates do not differ sigaiftly. If anything, the slightly weaker
performance of ANcerno funds suggests the podsilthiat more than 10% of hedge funds
may be star traders. The characteristics of stovekied (i.e., buys + sells) by ANcerno hedge
funds are very similar to those traded by otheigkeddnds. Similarly, net trading (i.e., buys —
sells) of ANcerno hedge funds is typically very ganto that of other hedge funds, although
ANcerno hedge funds tilt towards more contrariaditng strategies. This finding suggests
that my sample may be biased towards liquidity-spg funds. However, my emphasis is
not on whether the average hedge fund provideddiigubut on whether liquidity provision
generates persistent trading profits for some héaduds.
A.2 Comparisons to TASS

| next compare my sample of ANcerno hedge fundinals that report to TASS. |
identify 17,272 live and graveyard funds that ré@drto the TASS database between 1999
and 2010. To make these data congruent with theeAicdata, | aggregate across all funds
that belong to a given management company and cenmpanagement company averages by
weighting each fund by its assets under managemeéhé sample includes 4,693
management companies and 237,638 management comuantlgs. For each observation, |
compute the following management-company varialilexi size, management f@acentive
fee, high-water markglokcup,restrictions, derivatives, return rankingnd equity focused.
Details of the variable construction are presemefppendix A.

| manually search for ANcerno hedge funds withinSI3) identifying 48 such funds.
The intersection of ANcerno and TASS vyields a samgdl 35 management companies for
which the TASS and ANcerno reporting periods oyerleesulting in a total of 1,630
company-month observations.

| compare the sample of ANcerno hedge funds rapprtd TASS to other TASS

hedge funds that do not report to ANcerno. Tabl2 presents the results. Along most
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dimensions, there is no significant difference esw ANcerno hedge funds and other TASS
hedge funds. The two groups are similar with respecperformance réturn ranking),
incentive fees, lockup periods, restrictions, lager, and high-water marks.

There are, however, some notable differences., Rirete is evidence that ANcerno
hedge funds are larger than TASS hedge funds.i3leisnsistent with the comparison to 13F
holdings, although the difference here is less dtamSecond, ANcerno hedge funds charge
significantly lower management fees (1.2% comp#&oeti4%). In a competitive equilibrium,
one might expect net of fee alphas to be zero fdiuads (Berk and Green, 2004). As the
trading analysis is performed gross of managemesd, fthis may bias the sample towards
less skilled funds. However, in Table 9, | find mignificant relationship between
management fees and the likelihood of being alsdge fund trader.

Finally, | find that ANcerno hedge funds are sigahtly less likely to use
derivatives. In fact, only 6% of ANcerno hedge fange derivatives. This is not surprising,
as funds that primarily trade derivatives would éndess need to use an equity-focused
transaction cost consulting firm. The fact that thajority of hedge funds in the sample do
not use derivatives is reassuring, as this mitggatacerns about bias caused by the omission
of derivative trades (Aragon and Martin, 2012)ddtes, however, raise a concern that the
sample is tilted towards specific types of hedgedfsgtrategies. Consistent with this view,
57% of the hedge funds in the ANcerno sample dhelquity market neutradr long/short
equity strategies (i.e., equity-focused strategies), @megbto 37% in the universe of hedge
funds? Nevertheless, existing studies find that equitgufed hedge funds generate similar
outperformance compared to most other hedge fuelsstKosowski, Naik, and Teo, 2007),

and this subset of hedge funds reflects a sizdedatBon of the hedge fund universe.

% The 57% estimate is likely an understatement. Mamgls offer multiple products, and it is likelyaththe
ANcerno funds are more likely to be equity produtits limit the sample to funds that offer only @product,
the sample of equity-focused funds increases to {@#¥tpared to 44% for non-ANcerno funds).
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Table A.1: Comparison of ANcerno Hedge Funds and EF3Hedge Funds
This table compares 13F filing hedge funds thabref ANcerno to hedge funds that do no reporANcerno
(Other). Panel A compares characteristics of thieihgs of the two groups of funds. Panel B compadrading
characteristics. Definitions of the variables argtads of their construction are presented in ApiperA. T-
statistics, based on standard errors clusteredamagement company and quarter, are reported inthases.

Panel A: Holdings

ANcerno Other Dif t(Dif)
Mean TNA ($ Millions) 4935.17 973.41 3961.76 (2.37)
Log (TNA) 7.54 5.74 1.80 (8.74)
Stocks Held 287.23 113.94 173.29 (3.49)
Holding Return (Quarterly) 0.42 0.39 0.03 (0.15)
Size 7.41 7.18 0.23 (0.91)
BM 4.17 4.28 -0.11 (-0.62)
lliquidity 3.42 3.67 -0.25 (-1.06)
Volatility 5.26 5.37 -0.11 (-0.52)
Mom1 5.90 5.71 0.19 (2.57)
Mom2_12 6.42 6.13 0.29 (2.07)
Panel B: Trading
ANcerno Other Dif t(Dif)
Turnover 0.69 0.97 -0.28 (-3.63)
Trading Return 0.05 0.43 -0.38 (-1.54)
Total Trading (Buys + Sells)
Size 7.35 7.35 -0.04 (-0.16)
BM 4.06 4.08 -0.02 (-0.11)
llliquidity 3.45 3.44 0.01 (0.03)
Volatility 5.64 5.47 0.17 (0.88)
Mom1 5.79 5.68 0.11 (1.54)
Mom2_12 6.39 6.14 0.25 (1.92)
Net Trading (Buys - Sells)
Size -0.01 -0.04 -0.01 (-0.22)
BM -0.05 -0.01 -0.05 (-0.67)
lliquidity 0.07 0.06 0.01 (0.11)
Volatility 0.12 0.03 0.09 (2.04)
Mom1 -0.18 -0.15 -0.03 (-0.32)
Mom2_12 -0.42 -0.05 -0.37 (-3.08)
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Table A.2 Comparison of ANcerno Hedge Funds and TASHedge Funds
This table compares TASS hedge funds that repokfNcerno to TASS hedge funds that do not repo/hzerno
(Other). Definitions of the variables and detailsh®ir construction are presented in Appendix Astatistics, based
on standard errors clustered by management conmgrahynonth, are reported in parentheses.

ANcerno Other Dif T(Dif)
Manager Size $Millions 273 182 91 (0.62)
Log (Manager Size) 4.57 3.90 0.67 (1.98)
Log (Ave_Fund_Size) 3.83 3.44 0.39 (1.36)
Return Ranking 4.40 4.49 -0.09 (-0.87)
Mgmt Fee 1.20 1.40 -0.20 (-2.72)
Incentive Fee 16.83 16.54 0.29 (0.23)
Dlockup 0.35 0.31 0.04 (0.43)
Restrictions 154.86 112.97 41.89 (1.53)
Leverage 0.43 0.60 -0.17 (-1.55)
Derivatives 0.06 0.28 -0.22 (-6.13)
Equity Focused 0.57 0.37 0.20 (1.53)
High-water Mark 0.63 0.71 -0.08 (-0.75)
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