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ABSTRACT

Thus this paper identifies one of the few situations in which there are clear, ex

ante predictions about exactlpw short sellers would manipulate prices, amd

this setting,we find patterns consistent with emd-year price manipulation by

shortsellers. Specifically, & find stocks with high short interest experience

abnormally low returns on the last trading adiythe year This effectis strongest

amongstocks that are easily manipulatestrongest during the last hour of the

trading andthe effectreverses at the beginning of the ydaur findingsthatare

consistent with temporary price manipulatiop shat sellers Furthermore, we

find a large increase in erad-day short sales on the last day of the ygaing

direct evidence thashort salescontribute tothe return patternWe show that

hedge fund8 port foli os ar e ciwdedeolt nteresedndt ed t o t
we ar gue t hacbonvek pag gtrectufgeneratesn@entivesthat may

lead tothe behavior we observe. Finallyew s how t hat i f mut ual f
positions andshortsellers short positions are of similar size, then there are

decreases in volume consistent wsthortsellersand mutual funds avoiding each

ot her 6 s t arapedee tisat, anetage, upward/manipulation pressure

by mutual funds outweighs downward pressursltibyrtsellers,but among stocks

with high holdngs and among stocks with high eoldday volume, downward

pressure is stronger than upwaréssure.
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In the popular press, shesellers ar@ften accused of manipulating pricesn response to the
perceived manipulation, regulators have limited the trading behavior ofsslents in a variety

of ways (e.g. the uptick rule or the recent sfsefiting ban on financial stocks). Despite the
outcry and the government action, beyonduadful of anecdotes there are no academic studies
that (1)identify manipulationopportunities specifically fashortsellers and (2) find evidence

consistent with manipulation. This paper is the first to do so.

Oddly enough, our evidence of shedller manipulatiomloes nojustify the singling out
of shortsellers by regulators and media. In fact, quite the opposite is true. We find that short
sellers manipulate in the same way lardy traders manipulateniresponse to perieend

incentives.

A large body of literature finds that mutual fund managers manipulate closing prices by
trading to put upward pressure on closing prices at the end of the year (e.g., Carhart, Kaniel,
Musto and Reed (2002), Bernharddddavies (2005) and Zweig (1997IEven though the
resulting price impact is transitory, t@erforming managers have the incentive to make these

trades because of the convex flmperformance relationship

While the mutual fund literature finds a stgorelationship betweemutual fundholdings

andhigh endof-year returnsherewe find a string relationship betweshort intereseindlow

!See, for example: AAre Short Sellers to Blame for the
o r Did Short Selling Contribute To The Financial Me33®¥endy Kaufnan National Public Radio, September 19,
2008.

2 Evidence on responses to incentives includes Brown, Harlow and Starks (1996) and Busse (1999), among others.
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endof-year returns. In other words, stocks for which there are a large number of short positions
perform poorly orthe last trading day of the year. The effect that we document is strongest
among firms that are easiest to manipulate (small, illiquid stocks), and is strongest in the last
hour of the last day of trading. Using the Regulation SHO-ohrty data on strt sales (as

described irDiether, Lee and Waer (2007), we find significantly more shogelling in the last

hour of trading for stocks that have large short interest. We also find strong evidence that stocks
with high short interest experience reassat the beginning of the year, undoing the low returns
experienced at yeand with high returns at the beginning of the year. This suggests that the

poor returns experienced by high shoterest stocks at the end of the year are temporary.

All of these results are consistent withding byshortsellers who have strong ewdyear
incentives to manipulate price§urthermore, previous literature has shown tedgke fund
managersave strong endf-year incentives arising out of tikenvex relatioship between
returns and compensation, primaugven byperformance contractsSo hedgdund trades are
a naturakxamples of short sellers with strong esfeyear incentives Although data concerning
hedge fund short positions are sparse, we abdistrong relationship between our short interest
variable and the aggregate short positions of hedge funds that we can observe. We also find that
our main result high short interest leads to low yeand return$ is strongest in years in which

the helge fund industry was the largest.

After providing both timeseries and crossectional evidence of eraf-year manipulation by

shortsellers, our paper then considers situations in which stocks are subject to upward



manipulation pressure by mutual furated downward pressure by sheellers, a set of stocks

which we call dAbattlefieldo stocks. We show t
sellers positions are of similar size, then a number of interesting results emerge in two distinct
variables: volume and price. First, we find overall decreases in volume that are consistent with

the notionthatshot el | er s and mut ual fund manaegmdr s avoli
trading. Even though the average pattern is consistent with eaghayroiding trading against

the other, a refinement of the results shows that when both groups have large positions, volume

increases significantly.

When we turn our attention to prices, and we see that the battlefield stocks show either no
pattern on yeaends, or they show a price increase, consistent with the idea that for the average
battlefield stock, upward manipulation pressure by mutual funds is relatively strong compared
with downward pressure by shallers. However, when we focus on the dédfee between
holdings in battlefield stocks, we find that downward manipulation pressure is significantly
stronger among stocks with high holdings. This result indicates that when the two sets of traders
have large exposures to the stock, downward pressushorsellers dominates. Furthermore,
when we examine stocks with high trading volume in the last half hour of the day, or stocks
where battles between mutual funds and sbeliers may have taken place, we find that returns
for high-volume stocks i@ below returns for lowolume stocks. In other words, when battles
appear to have taken place among relative matches, downward pressure is stronger, relatively,

than upward pressure.



Our conclusions that shortsellers are not unique, but rather tHatfbased and
compensatioibased incentives motivate traders regardless of whether they are long oWghort.
also find interesting return and price dynamics when the incentives of both long and short traders
align.

The balance of this paper proceedsadlews. Section Il describes the existing literature
upon which our paper builds, Section Il details our hypotheses, Section IV describes our data,

Section V reports our findings and Section VI concludes.

Il. Background

The motivation for this paper aas out of three distinct strands of the existing literature. In
Section A, we summarize the |iterature on hed
we describe the i t e rnaain tindirgé an perio@énd trading patterns, and in Section C, we

describe the lgrature on price manipulation.

A. Incentives

Incentives are central to thgpothesighathedge fund trading is associated wp#riodend
tradingpatternsincentives mayarise from three sources: repogjflows andcontractsFirst,
reporting refers to the idea that hedge funds may report theinsestordatabases and investors.
To the extent that reporting makes monthly, quarterly and annual performance periods more
important than other periodsedge funds will havan incentiveo manipulate prices at the da

of these periodsSecondflows into funds from new investorsay reflect past performance over
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specifed periodsin hedge funds, thilow to performance relationship may be more closely tied

to quarterly and annual performanisecause of the existence of redemption periods which limit
investorso ability t o weneasdrenentpefiodanaly bet ween
managerso6 performance contracts are qané of th
these contrae generateelatively strongncentives Performance contracts are not only

functions of assets under managementakighown in Hodder and Jackwerth (20Gi&dge

fund contracts typically include performance fées are tied to performancehe fact hat

manager so contracts amecmoli@cclaselspgtobinadetr @ 0
manipulate enaf-periodprices.In the following paragraphs, we will explain Hgethree sources

of yearend incentivesn more detail.

In the popular press, &ginger (2005argues thateporting is &eydriver in an apparent
pattern in montkend prices; the article documents upward spikes in the reoatiprices of
several stocks The article argues thaedge funds are likely responsible for gaternon the
last day on the month, quarter or yelre articleshows that prices increase before the end of the
period and recede in the first days of thkowing period, andhearticle argues that recent
proliferation of hedge furgl combined with the fact thatany hedgdund investors gt monthly
updates, explainsracent increase ifmé endof-month return patterizurthermore, Ackermann,
McEnally and Ravenscraft (1999) explain that hedge funds send audited reports to investors
which include monthly returngndthatthese returns are the same returnduhds supply to the

databases.



Similarly, fund flows have been shown to be an important determinant of manager behavior
especially in the area of mutual fun@&sown, Harlow and Starks (1996hows that muwal fund
managers increase risk when their performasiéelow that of their peerSpecifically,
managerswhosemigle ar per f or mance | s farbhanoe bavaaHowerme di an
standard deviation through the rest of the year than funds witlyeaigherformance below the
median.Papers such as Brown, Harlow and St4il&96) are measuring risk shifting that would
be a natural outcome of the incentives generated by the convepédidarmance relationship
identified in Chevalier and Ellison (19Pand Sirri and Tufano (1998pespite the fact that
hedge fund contractgpically pay benchmarkased performance fe&rown, Goetzmann and
Park (2001) provides evidence that relative performance, or competition among managers in the
hedge fund industngtill influe n c e ma n a g e r sTae paperaigueethabnanagdria k .
career concerns are the primary driver of increased risk takowever,Fung and Hsieh (1997)
show that reputational concerns and contractual constraayseduceheincentiveto increase

risk.

The existence of subscription and redemption periodsaisayncrease the importance of
period endge.g. Ackermann, McEnally and Ravensc(af98) andAragon (2007))Unlike
mutual fundshedge fundnvestors are only allowed to withalv funds at prepecified times
Ackermann, McEnally and Ravenscraft (1999) show that 85% of hedge funds allow multiple
redemption periods each yehased on net monthly returmsterestingly they show that
subscription and redemption periods do natessarily correspond to incentive fee perjods

which are quarterly or annual



Finally, contracts ardikely to play astrong role in hedge fund managarseentives at the
end of the prformance measurement periéd Brown, Goetzmann and Park (2001) oade,
there are two compents to manager compensatiarfixed percentage of assets under
management and a perfance-based feeAckermann, McEnally and Ravenscraft (1999) show
that the medin percentage of assets thgtasd annually as a ngmerformamce-based
management fee is 1.25%, a@Bdb et z ma nn , l nger sol | and Ross (20
axiomatico for manager s s e enknagemenBuhperhapsalee t he
strongest incentive to manipulate prices arises frompén®rmancdee.Carpenter (2000),
Goetzmann, Ingersoll and Ross (1997), Grinblatt and Titman (1989) and Kaniel and Cuoco
(2007)all show that hedge funaerformance contracts have optidce payoffs that increashe
incentive to take riskMcEnally and Ravenscraft1 999) st ate that in the i
maj orityo ofalcdaied ensan anrfua easiheeeiore, garend price manipulation
could be considered one form of risk taking, and Agaridahiel and Naik2007)sayihedge
funds are compensated Imcentive fees that are paid at the end of the year based on annual
performance exceeding pspecified thresholds. Thus, there exist strong incentives for managers

to improve performance as the year comes to a.dlose

B. End-of-Period Return Patterns
The financeliterature has identified sevengétterns in returns arouperiod endsKeim

(1983) and Roll (1983) identify excess returns in small stocks over-ddiy@eriod a starting



with the last day of the yearAttempted explanations for this anomalglude taxloss selling

(e.g. Roll (1983) and Ritter (1988)) and window dressing (e.g. Haugen and Lakonishok (1988)
andMusto (1997)).However, these explanations relate to the first days in the new year, and they
have no specific implications for the lakty (or especially, the last minutes) of the previous

year. Similarly, Ariel (1987) identifies excess returns over a-daeperiod a starting with the

lag day of the monthFurthermore, Harris (1989) shows that prices rise atedalg, and he

finds this pattern istrongesat monthends.

Carhart, Kaniel, Musto and Reed (2002¢rnhardt and Da&s (2005) Duongand Meschke
(2008 and Zweig (1997) show that mutual funds npaihate yeaiend pricesFurthermoreaside
from differences in hedge fund feeences (e.g., Griffin and Xu (20083ny upward
manipulation by mutual funds is likely to be indistinguishable from upward manipulation by
hedge funds, and that upward manipulation playisrgoortant role in our settingverything
else being equal, weould expethedge funds to manipulate yeand prices for the same
reasons mutual funds dibut the manipulation would look different because of the prevalence of
short positions in hedge fundaurthermorehedge funds ardoy definition,less regulatethan
mutualfunds.As a resultwe may expect evemore manipulatiomlue to the relative lack of
supervisionandwe may expecsomemanipulation at the expense otitaal funds as in Chen,

Hanson, Hong, and Stein (2008).

Onepotentiallyimportantaspect ®marketmicrostructure that affects our analysishe

calculaton of closing pricedHillion and Suominen2004)showclosing auctions significantly



changed trading patterns associated withimdation on the Paris Bours&imilarly, Duong
and Meschkg2008 show manipulation peaks in the 192001 period.On theNASDAQ, price
determination changddom alasttrade mechanisio a closing price auction April, 2004
The change, documented Smith (2005), makes it more difficult to manipulate clggmnices
(e.g.ComertosF or de and P unterestidgly, we @Gohd@ 8l any significant

difference wherwe proxy for this change in our analysis.

One addional way hedge fundsould improve periogétnd perfomance is torade in non
equity secuties. Aragon and Martin (2008) show that hedgeds have many optigmositions
Hedge funds could possibly avoid contention with mutual fund closing trades by trading in non

equity markets such as the options market.

C. Manipulation

This work also toucheon the theme @nforcement cases in the areatoick price
manipulation. Aggarwal and Wu (2006&how that stock characteristics such as exchange listing,
market capitalization and liquidigre related tonanipulationIn the sample used by Aggarwal
and Wu (2006), therera 17 SEC enforcement actionsidASDAQ listed securitiesind only 3
enforcement actions on NYScurities Similarly, ComertorsForde and® u t r{2008)j
construct a modehat estimateshk likelihood of manipulationThe model is c@brated using
160 enforcement cases of closing price manipulation, and they find that price, volume and

liquidity all play an important role in predicting the likelihood of closing price manipulation.
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Theliteratureon enforcement of manipulation case$oes thditeratureon the potential for
manipulationThe literature on enforcement actions suggests that more manipulation actually
takes places in situations where manipulation is easier, such as small, illiquid stocks traded on

the NASDAQ.

lll. Hypoth esis Development

We intend to show that short interest before the end of the period is relatedofopammd
returns, and this pattern is a result of-efigheriod trading by hedge funds. We hatart by
breaking this pattern upto testable hypothesegFirst, we need to show that short interest is

negatively related to enalf-year price movements.

H1. High short interest is negatively correlated with esfd/ear returns.

Next, we can take advantagetloé recently released intradshort sales volumeata to

show that short interest is related tal@f-year short sales volume.

H2. Short interest is positively correlated with eoilyear short sales volume.

Finally, to reinforce the result that the price and trading patterns are the result of matlentio
manipulation, we need to show that the trading and return patterns are most evident in settings
where manipulatiorsilikely to be most effectivéStarting with the exchange, we can rely on

11



evidence form Aggarwal and Wu (2006)steow that manipulatiois more likely on the
NASDAQ. It is interesting to note that erad-period prices may be affected by information
and/or trading in other markets. So, volume and selling pressure are not necessary for a price

effect.

H3a. Price, volume and selling pressuare all more evident on the NASDAQ than the NYSE.

Also following Aggarwal and Wu (2006), we would expect ligiydo be an important

factor.

H3b. Price, volume and selling pressure are all more evident on stocks where liquidity is low.

While somewhat werlapping with a measure of liquidity, we expect that smaller cap stocks

will be more easily manipulated as Wwel

H3c. Price, volume, and selling pressure are all more evident on smaller cap stocks.

Finally, following Carhart, Kaniel, Musto and Reed (2))G2e expect manipulation to be
more effective at the end of the period, a result that is supported by the prevalence of

erforcement actions examined @omertonrForde and Putnins (2008).
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H4. Price, volume and selling presswusffectsare all more evidenat the end of the last day of

trading relative to earlier in the day and relative to other days of the year.

Overall, our hypothesdake the basic idea that hedge funds put downward pressure on prices

to increase the value of short positions and splip into testable hypotheses.

V. Data

We employ a number of databases to examing skting around period ends. addition to
the usual data on stock prices and accounting variables, we use short interest, intraday short sales
transaction data, iraday trade and quote datad a database on hedge fund short positibns
this section we will describe each database and our process of preparing the data for analysis.
We obtain short interest fronude 1, 1988 to December 31, 200Bhort interest iseported
is monthly until August 2007, and it is reported semi monthly from Septembett2@digh the
end of 2008Compustat provides the data from March 2003 to the present, and the older data are

from historical releases frothe exchanges.

We employ alatabase ahtraday short sales transaction data from January 2005 through
July 2007 As described in Diethet.ee and Werner (2007), our short sales database is a
transactio level record of short saléBhe data were made available as part of the Seszuand
Exchange Commi ssionds Regulation SHO, which
transaction data publicly availablé.is worth noting that the short sales volume is only one part

of a large collectin of databases on short sal&s.describedn Boemer, Jones and Zhang
13



(2008) one important deficiency of the short sales volume database is the fact that these data are
short sale initiations, and this database provides no information on the duration of short

positions.

We also employ the NYSE Tda and Quote data (TAQ) to examine the intraday evidence on
closing price patters. We employ the TAQlata for two primary reasonsirst, the TAQ data
shows whether trading patterns at the end of the day differ from trading patterns throughout the
rest ofthe day. Second, given the fact that the short selling transaction data is only available for
a relatively short period, the TAQ data allows us to estimate sdl@nedor a much longer
period.Although we will not be able to disentangle short sales fimng sales, the Lee and
Ready (1991) algorithm helps measure the relative selling pressure at the end of Ale day.
transactions are aggregated into 30 minute intervals through the trading day. Out of hours trades

are excluded. Trade volume for anindual interval is dollar weighted at the transaction level.

To obtain accurate measures of price manipulation, we only consider transaction executed on
the listing exchange of each stock. We obtain monthly data from CRSP which we compare with

the TAQ daa, keepingnly the transactions which occur on the home exchange.

We obtain institutionabwnershipdata from the Thomson Reuters s34 database, which
provides all institutional ownership of all 1
ownerspp 0 t o refer to these 13f institutions, not
returns, we employ the vakveeighted market return and the benchmark described in Daniel,

Grinblat , Ti tman, and Wermers (1997). aMutl wedli efFudrod

14



section are from the Thomson Reuters s12 database at a quarterly frequency, and the percentage
is computed by aggregating mutual fund positions in a single stock and dividing by shares

outstanding.

Aggregate bdge fund data comes fromd sources. We obtain Net Asset Val(i8AV) and
Returns from TASS prior to 2006, and obtain Funds Under ManagéRrigil) from
HedgeFund.neData is available by fund along with fund style. We take all fund styles except
Fixed Income Arbitrage, Emerging Markedsi\d Managed Futuses funds of interest for short
selling. NAV and FUMare eaclsummed monthly to obtain an aggregate growth measure of
hedge fundsWe believe NAV to be the more accurate measure and so we use them separately
and then create an aggregateasure where we take NAV first and supplement with FUM only

when NAYV is not available.

Data on positiodevel hedge fund holdingsomefrom the Morningstar US Open Ended
Funds databas@&his dat®aseallows us to gather holdings of hedge fufrdsn 1988 6 2009
The database, similar to that used by Aragon and Martin (2009), covers hedge funds that qualify
as 13(f) institutions, namely managers with h
the last trading day of any month of any calendarytar@at | east $100, 000, 000
data, we construct aggregate holdifgshedge funds in each stodkhe data frequency is
guarterly, though there are some additional observations available for intervening months for

some funds.
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We combine these ddiases with stock price and volume data from CRSP and financial
statement data from Compustate use different time horizons for each experiment, but in the
Cross section owtatabases cova6,668unique equitietn overthe period from 1988 2007.

Additional summary statistics are providedTiablel.

V. Results

If hedge funds trade to affect the closing prices of their positions, it will be relatively
straightforward to find statisticalvidence of thesactions.In this setion, we will describe our

approach of testing for patterns of manipulation and we will analyze our results.

A. Patterns in Prices

In our first set of experiments, we will be looking fmatterns in closing price@ur
hypot heses are dngttimett dpodn hyhpotimasiks i n
positions rather than long positioris. this sensgour paper is the first to identify the use of
closing price tradig strategies by short selleBpecifically, we know from Carhart, Kaniel,
Musto and Red (2002) that there are positive abnormal returns for mutual fund long holdings on
the last day of the year, so our approach is to look for distinct return patterns in stocks where
there ae substantial short positiorSf course, short interest is sucimaasure, so as a fifgass,

we will look at the effect of short interest on ewnfdyear returns.
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Figurel shows theendof-year returrpattern graphicallyWe plot excesgeturns in30-
minute intervals for yeaends and noiyearends Ondays that are not yeands, thereturns are
relativelyflat, and returns for stocks with high short interest and low short interedbaesto
one anotherThis indicates tht these two sets of stocks have relatively similar rgiatterns on
nonyearend daysHowever, thesolid lines indicate short interest plays a large role in the return
pattern, espcially at the end of the dayhe grey line captures the return pattern documented in
Carhart Kaniel, Musto and Reed (20029r stocks withow short interesteturns increasél
basis pointsn the last haklhour, consistent with mutual fund managers tratiingcrease the
closing priceThe black line, which plotseturrs for stoks with high short interest, shows the
dramatic differencerbm Carhart Kaniel, Musto and Reed (2002); for stocks with high short
interest, returns fall b24 pointsin the last hakhour. The dramatic difference between the two
sets of stocksprimarily in the last halhour of the day, is consistent with institunal managers
trading to improve the annual performance of their portfolios, but in distinct ways depending on

whether portfolio positiosareshort or long.

When we turn our attention to stocks that are neaely manipulated in Panel B Bigurel,
we see that there is evstiongerevidence for the marking the tape hypothesis; stocks with low
short interest hava 95 basis poiriticrease ineturns at the end of the yelnterestingly, we see
that stocks with highhert interest have a less dramatic decrease among stodkar¢haore
easily manipulatedAs we will explorein a later section, the smaller difference may be the result
of an increased proportion of stocks where both-4amg shorHposition holders & trading ©

change prices.
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Ouir first statistical approadb testing the statistical significance of the pattera pooled
time series iad cross sectional regressidime regression has daily riskljusted returns for
individual stocks on the left hand side, andicator variables for period ends and short interest
on the rght hand sideSpecifically,MonthEndis an indicator for montends which are not
guarter or yearends,Quarter Endis an indicator for quarteznds which are not yeands,and
Year Ends the last trading day of the ye&hort Interests the number of open short positions
normalized by the number of shares outstandilogensure that possible correlation between
short interesand mutual fund holdings is ndtiving the results, we comt for institutional
ownership in the regressions to capture the distinct effect of shogshn enebf-period
returns.Hedge Fund NAW a monthly aggregate Hedge Fund Net Asset Value of hedge fund
styles likely to engage in short selling. We emplug variable to test wheth&hort Interests a
good proxy for Hedge Funds engaging in short sellhgpothesidHl, the hypothesis that there
is negativecorrelation betwaeshort interest and returnsysarends, will be tested by asking
whether therés a statistically positive coefficient estimate on the interaction bet@&kert

InterestandYear End

Table Il showghe resultsThe coefficient estimates of the peredd indicator variables are
mixedfor the whole sampléut inthelater portionof the sample, there is a strong positive
relationship between returns avidarEnd as expected from Carhaaniel, Musto and Reed
(2002).However, this relationship does not condition on the@gf long or short holdingk
fact, one of the centréihdings of this paper reverses the Carhart, Kaniel, Musto and Reed

(2002) result for stocks with high short interest. The negative and statistically significant
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coefficient estimate 0fL06.091in the overall sample indicates that for stocks with a large
amount of short interest, yeand returns are significantly negative. Economically, the
coeffident isrelativelylarge; a one standard deviation increase in short interest is associated
with a decline ofl basis poinin the daily return, but on the lagay of the year, that same one

standard deviation increase in short interest leads thaesis pointecrease in returns.

Although the result is large and statistically significant in overall sample, the effect of short
interest on enaf-year returns iparticularlystrong from 2001 through 200This later period,
which corresponds with a dramatic increase in hedge fund assets, has a particularly strong
coefficient estimate 0220.806 Here,a one standard deviation increase in short interest is
assocated with a decline df basis poinin the daily return, but on the last day of the year, that
same one standard deviation increase in short interest lead8 tmagis pointlecrease in

returns.

We test the correlation of hedge funds and our proxybfaria the final regression. Again,
we use the whole sample and find that it enters the regression negatively and significant at the

10% level. This gives at least some evidence that hedge funds matter in this end of year effect.

As Aggarwal and Wu (200@)emonstrate, manipulation is not equally likely among stocks.
Specifically, that paper shows that manipulation is more likely among NASDAQ stocks than
NYSE stocks, and manipulation is more likely among small #iqdid stocks.As a test of
HypothesisH3a, weshow in Table Il that thgearend return pattern is only statistically

significant for NASDAQ traded equities. The statistically significaogfficient estimate of
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316607 0on the NASDAQ compared with the insignificant estimate on the NYSE siavihe

effect is surprisingly strong on the NASDAQ relative to the NYSE.

Similarly, we show that the effect isrmzentrated in illiquid stock#\s a test of Hypothsis
H3b, we show that the yeand return pattern is statistically significant for theéstvtwo
terciles of illiquidty as measured by Amihud (200Zhe effect is particularly strong for the
lowest tercile, where the statistically significant ficeent estimate 1s622974, also in Table
l1l. Whenwe pool all stocks, we find that the indtor variable for stocks in the lowest tercile of
Amihud (2002) liquidity is significantly negative when interacted V@tiort InteresandY ear-
End as shown in Table NMOverall, we find that the end of the year price effect is significantly

stronger amogilliquid stocks

Finally, we show that the effect is concentrated in small stocks. As a test of elsigbtBc,
we show that the ye@nd return pattern is statistibyasignificant for small stocks as predicted.
The lowest tercile of stocks, which cprises stocks with an average market capddMViM, has
a statistically significant coefficient estimate-466.523 As with exchange listing and liquidity,
we show the difference is statigtily significant in Table 111lWhen we pool all stocks, we find
that the indicator variable for stocks in the lowest tercile of market capitalization is significantly
negative when interacted wighort InteresandYearEndin Table IV.Overall, we find that
stocks traded on the NASDAQ), illiquid stocks and small st@khave a significantly larger

price effect, a finding consistent with the Aggarwal and Wu (2006) findings more the end of the
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year price effect is significantly stronger among illiquid stoéksummary of these results can

be found inTablelV .

To confirm that the movement in prices we observe is manipulation rathentbiamation
based trading, we mushow that prices reverse in the subsequent first tradinqndbg next
period.Thus, we now employ a leadimgturn as oudependent variable, and the
contemporaneous retuim addition to our standard set of independent variables. We show the
results of our test with an Excess Return measure in Table V. Similar to our main result, we see a
reversal on the whole sample of86but when we limit the sample to 262Q07, we find
stronger evidence of reversals, as evidenced by a coefficielb6@d and an increase in
significance from 10% to 5%. With raw returns, we do not have a significant result on the entire
sample but find strong evidence oéversas in the 20032007 subsample with a coefficient-of
1.015, significant at the 1% lev&We see this as further evidence that hedge funds play a role in
endof-year manipulation as their growth has been tremendous sinceR&ults are

summarized in Tables V and VI.

B. Patterns in Volume

Figure2 shows the pattern graphicallollowing Carhart, Kaniel, Musto and Reed (2002),
we first define abnormal short selling volume as short sellihgwe relative to short selling
volume in the surrounding symmetric 2@8ywindow. We do this over distinct 3thinute

intervals throughout each ddyext we compare abnormal short selling volume among stocks
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with high short interest to stoskvithout highshort interestAs Panel A shows, on days that are
not yearend the dashed lines aflat and close to one anothd&ihis indicates that these two sets
of stocks are relatively similar in termssifort sales on a typical dayyowever, the solid lines
indicate short sales volwron the last day of the yedihe black line, which plots short volume
for stocks with high short interest, is higher than the grey line throughout the day, and the
difference is particularly large in the last hour of the day. hermivords, the trading patterns of
stocks with high short interest are normally similar to other stocks, but on the last day of the
year, tlere is substantially more shelling among stocks with high short interest, especially at
the end of the daylhe pattern inPanel A ofFigure2 is striking, but it is somewhat unfocused
because it includes stocks regardless of whether manipulation is feasible. Following theeevide
in Aggarwal and Wu (2006), ewrefine our samplof stocks to small stocks on the NASDAQ

exchange, and we find that the pattern is similar, if not more dramatic.

Of course, the pattern in the figure may or may not be statistically significant after
controlling for various factorsSo, in Table WM, weturn to a regression framework in which the
dependent variable is abnormal volume in each of the last four hours of thiédtis,the
dependent vaabdeist he nat ur al l ogarithm of each hour os
logarithm of shortalling volume from 9:30 A.M. to 12:00 P.M. on the same Hahe fact that

each houro6és normalization comes from an early

3 We obtain qualitatively similar results when we use percent changes rather than log differences for the
dependent variable.
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crossstock and crosday differences in trading patterdmsitit also allows us to inchle one
observation per day in the regression framevioik setugsimilar to Table 111.The coefficient
estimates show that short selling volume is not abnormally high from 12:00 P.M. through 3:00
P.M., but from 3:00 P.M. to 4:00 P.M., there is a signiftaacrease in short selling among

stocks that have high short interes the last day of the yedrhis finding is confirms
HypothesisH4. We see that short selling is abnormally high only in the last hour of trading,

which is consistent with short satietrading in an effort to fluence the closing price.

C. The Role of Hedge Funds

The patterns described in the preceding sections of this paper are based on short interest data,
and as such, they cover a number of different types of market participaiudjng individuals,
proprietary trading desks and hedge funds. In this section, we provide some evidence that the

behavior of hedge funds contributes to the pattern.

TableVIll shows that hedge fund holdings are closely correlated wath stterest.
Specifically, wepresent the estimates from regressions of short interest on hedge fund holdings
from Morningstarfrom 2001 to 200. Each observation in the regression represents a unique
reporting date on which we bragwnstogkgandfgthdte hed
observation, we identify the markeide short interest data for that stock that is most closely
matched in calendar time. In thermalized regressionshortinteresthedgefundholdings and

institutionalownership are nonalized bysharesoutstanding.
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We see positive and significant relationship betwéexdgefund ownership ansghort
interest, even controlling fonstitutionalownership ananarketcapitalization.The relationship
is strong and the magnitude of theffwient estimates is intuitive. The coefficient estimate in
the last column of Panel A, 2.279, indicates that for a 10% increase in shares held by hedge
funds, short interest increases by 22.79%. In other words, the regression indicatesvidarket
shat positions are closely correlated holdings that holdings by hedge funds, and hedge funds

comprise only a fraction of the marketds over

Ideally, we could study hedge fund behavior more closely by looking at holdings data in
muchthea me way Car hart, Kaniel, Musto and Reed (
Namely, we could use stod&vel hedge fundholdings to predict yeagnd patterns in prices and
returns’ However, thigpotentialexperiment suffrs from several shortcongjs. First, the
$100,000,000 cutoff significantly regtts the sample of hedge fun@pecifically, or sample
comprises330hedge funds whereaspper/TASS database indicates that there are at least 3863
unique hedge funds over this peridslecond, we spect that those funds that do report may be
modifying their behavior because of the reporting itself. We see a significant amount of cash
holdings in thenoldings databas@6%on averagéwith a median of 16%\hereas other
sources, such dspper/TASS ndicate thattheaverage hedge furtths a leverage ratio of over

50% This holdings difference may a result of window dressing.

*In unreported results, we replicate Table Il with hedge fund holdings instead of short interest. We find
insignificant resultsand we attribute some of the difference between these results and the Table VIl results to a
lack of power. The number of observations falls from 6.2M with short interest to 739K with hedge fund holdings.
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In the end, it is not surprising that the lightggulated pool of hedge fund assets has sparse,
and potentially nommepresetative, reporting.In fact, similar databases are used by several
recent papers because, despite the limitations, these data give an unprecedented view into hedge
fund holdings’ Overall, wesee that the short positions of those hedgesftordvhich wedo
have data are closely correlated witarketwide short interestbut thehedge funds data are too
sparse to use in a dirdesst of whether specific hedge funds manipulate stimcksich they

have short positions.

D. Battlefield Stocks

Carhart, KanielMusto and Reed (2002) show that fund managers trade to increasmgear
prices, and the evidence above indicates that hedge fund managers trade to decrende year
prices What happens when both types of managezdradingn the same sto¢kn this sction,
we answer this question by analyzing stocks where mutual fund managers and hedge fund
managers both have a strong interest in the-gedrmrices, stocks we will call battlefield stocks.

Ouir first goal is to identify these stocks, and we do thiisdmparing short interest to
institutional ownerBip on a stock by stock basi&o get an accurate gauge of holdings without
including shares bought andd@n the last day of the quarteve take institutional ownership in

the previous quarter and thast short intereseport in the previous quartéf/e then calculate

® e.g.Aragon and Martin (2008nd Griffin andXu (2007)
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two measures for each stock: institutional ownership scaled by shares outstanding and short
interest scad by shares outstandinge then identify stocks where these measures are roughly
equal based on two notions ofuadjty: relative and absolut@ur relative measure identifies
stocks wherette percentile ranking afstitutional ownership is equivalent to the perdent
ranking of short intereskn other words, we round each perckntanking to the nearest
percentage point, and we look for stocks where thasedex percentages are eqiéé will

call this ourrank match Our absolute measure is similar, except we do not rank institutional
ownership or shares outstanding in ordegdba measure that captures matches wambeiof-
shares held basik other words, the absolute measure identifies stocks where the number of
shares held by mutual fund managers matches the number of shares held by hedge fund
managersWe will call this oursizematch We will use this bold italic font to indicate our

battlefield matches on rank and size.

The resultsof a Wilcoxon test of mearege presented ihablelX. The firstset of findings
that emergdérom the examinatia relateto volume.We use two measwsef volume over the last
half hour of the dayExcess VolumandExcess DollatWeighted Volumevhich is defined as
theincrease in volume in the last hdlbur of trading on quarter endser the 120noving
average or that half hourAs seen in Table Xn therank match on thewhole sample we do
not see a statistical difference in eank matchmeasure of battles, though we will continue
using it for comparisorin thesizematch, however, we get very largegatve Z scores of 23.44

and 24.78 for our two measure of volume, indicating that this is a significant division.
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The matching definition allows matches where short interest and institutional ownership are
equal andow as well as matches where short intesest institutional ownership are equal and
high, but we have little reason to expecidof-quarter trading when these variables are low,
because trading will have a relatively small effect on theatveerformance when holdings are
low. To examine diffegences between high matches and loatches, we form groups for both
types ofmatcles specifically, we define a low match as a matdterethe relativeranking
percentile idn the lowest tercile of matched battle stqakkich is less than the 9percetile,
or the numbr of absolute shares is belo&IWe define a high match as a mavtaherethe
relative ranking percentile i& the highest tercilegreater than #0percentile or the absolute
number of shares is above 4%e then compare volume forgh matches and low matches in
rows 2 and 4f Table IX Interestingly,we get opposing results. Under tlamk matchmeasure,
we see that higher holdings lead to lower excess volBatewhen the absolute number of
shares is matched our size matchmeasire, the significanZ-score of 7.39ndicates thathese
stocks lave significantly more volumén other words, the overall results show that hedge funds
and mutual funds generally stay away from eac
large pogions, volume increases significantlindicating that hedge funds may have higher
enough incentives to push prices downward or perhaps just prevent mutual funds from moving
prices up against their large short positiddsr last comparison is on quarend versus year
end. We find thawvith therank match measure, volume in general decreases at year end, with an
insignificant decreasing using teze matchmeasureln Table X, we show that a multivariate
analysis yields similar results, with thenk match correlating higher holdings with lower
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volume, whereas th&ze matctcorrelates higher holdings with higher volume. Téuek
maagain shows a decrease in volumgeatrend, indicating avoidance, which now is

corroborated by thsize matchwhen we inéractYear Endwith High Holdings

The secondet of findings relate to price, where we again haveladkbn Test of Means in
Table X If higher volume indicates that a battle is happening, then the movement of the price
will tell us who is winning. V¢ @mnsider two measureafternoon Returywhichis computed
with the price difference from 12:00 P.kb. closeandLate Afternoon Retugrwhich is
computed with the price ffierence from 2:30 P.M. to close and again subdivide into the same
Low HoldingsandHigh Holdingsgroups as befor&Ve first look at prices in the full sample of
stocks with somewhat mixed results. Thaek matchis insignificant for the full afternoon, but
in Late Afternoonwe see a significant decrease, indicating that Hedge Fundsemiplessing
prices. But when we look at tlseze matchwe get strong results in the other direction, with both
AfternoonandLate Afternoon Returnacreasing when there is a battle. In all caskgh
Holdingsis associated with a significadtscoreindicating downward pressure on prices. This
seems to indicate that the higher the stakes, the lmedgefunds are willing to fighin general
If we look solely atrear End, however, we setle familiar result oCarhart, Kaniel, Musto and
Reed (2002gmeges where in all four cases we see upward pressuyeat End Table XI

again provides multivariate results, but there are no significant results on the interaction terms.

In total, we see a pattern emerging. With a relative match, pitting the lamgest fund

positions against the largdsdgefundshortinterest positions, we see evidence of avoiding a
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fight as evidenced by insignificant differences overall, and specifically low abnormal volume
when the stakes are particularly high. But when we &igkices, we see some evidence of
downward pressure in general until we consiear Endwhen it is clear that thmutualfunds

push prices upward.

When both institutional ownership and short interest are approximately the same percent of
shares outanding (ank match), there is more likely an increase in abnormal volume, indicating
thatmutualfunds andedgefunds are fighting to push the prices in different directions. Looking
at the whole sample, we see general downward pressure on pricesy &art Bhdcompared to
guarterend, the movement changes to upward pressure, indicating thauthalfunds are

winning when it matters the most.

VI. Conclusion

In this paper we findtradingpatternsconsistent with price manipulation by hedge funds. We
start by identifying stocks for which hedge funds have a strong incentive to manipulate prices
because of theiatge aggregate short positiostocks where there isdgh short interest. &ar
end returns are significantly lower in this sampiatocks. krthermorethe effect is
significantly stronger in later periodsdstronger for stocks that are more easily manipulated.
We also look at endf-day $ort sales transactions, and we find that an increase in short sales
may be responsible for the returatigrn. Specificallywhen there are relatively large short
interest positionsye seea significant increase ishort selling in the lasgtalf hour of trading.

Overall, we find hedge funds respond to annual performance incentives in much the same way
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mutual funds do, but they take the opposite actions. Instead of buying shares to increase portfolio
values, hedge funds short sell to decreaseoéiygar prices oftocksalreadyheld inshort

positions.

But what if mutual funds and hedge funds are tryinghémipulate the closing prisé
opposite directions? We show that when mutual
positions are of similar size, there are decreases in volume consistent with hedge funds and
mut ual funds av ogetdtocksgHowesec, tvhem doth grougshave samilarly
large positionsvolume increases significantly other words, if both groups have equal
holdings, and the incentives are relatively strong, then there is an increase in trading volume.
When we turn ouattention to prices, we see that on the average, upward manipulation pressure
by mutual funds is relatively strong compared with downward pressure by hedge funds.
However, we find that downward manipulation pressure is significantly stronger among stocks
with high holdings, and we find that returns for higilume stocks are below returns for low
volume stocks. In other words, upward manipulation dominates on averagddsuincentives
are especially stron@r when there is a lot of volume, downwardgsure is stronger than

upward pressure.

This paper alsmakes a noveatontribution to our understanding giort selling We present
evidence consistent with the idea that short sales are used in two waysvd-gistw thaa
significant portion okhat interestis likely heldby institutional investors, such as hedgedfin

managers, who hold the short positions overnight and who are subject to the same incentives as
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other, better understood, institutional investors such as mutual fund managers, Secsmulv
that the convex relationship between performance and remuneration leads hedge fund managers
to useshort selihg in order to temporarily decrease pscespecially in easily manipulated

stocks

Furthermore, the paper shows that skeflersmaripulate pricesWhereas pevious
literature(e.g. Securities and ExchgsnCommission (2006) and 8ko, Van Ness, and Van Ness
(2008))identifies potential manipulation based on price and volume patterns, this paper uses one
of the few situations in whicthere areclear, exante predictions about exactly how short sellers
would manipulate pricegend we find thatshort sellerslo indeed manipulate prices. However,
the results in this paper do not indicate that short sellers manipulate prices mdmeytngnust
that short sellers manipulate prices in mtledhhsame way buyers ddf. anything, we find hat
when short sellers arimliyers are both likely to be manipulating prices, the upward pressure from

buyers outweighs the downward pressure of sellees/erage
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Figure 1: Intraday Return
Both panels plot the average excess-halir return (excess is with respect to the valeégghted market return) for
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Figure 2. Intraday Short-Selling.

The top panieplots Excess Shoales Volume for stocks sorted into high/low quintiles based on short interest.

Excess ShorBales Volume is defined as Sh&dles Volume less its 120 day symmetric moving average over that

moving average. The bottom panel plotsthaese but i s restricted to Amani pul abl
those that trade on NASDAQ and have market capitalizations that are in the bottom tercile of our sample. The data
cover the Regulation SHO period of January 200&ay of 2007 where whave intraday shogelling data. Excess

ShortSales Volume is winsorized at th& dnd 99 percentile.
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Table |

Summary Statistics
Outstandi

Short Il nterest over Shares

ialOwnesHipeover e d

Shares Outstandi n®winercal lped MAltircughia@®adxdea shartsales ToRirded
which is January 2005 through July 200hique stocks are unique tickers across the entire data period. Total data
set is26.5M uniquestockdays.Mean is reported with Median in parentheses underneath except where otherwise

indicated.
Overall NASDAQ NYSE
Short Interest/Shares Outsanding 0.027 0.018 0.037
(0.0026) (0.0013) (0.0065)
Institutional Ownership/Shares Outstandin¢ 0.38 0.32 0.51
(0.29) (0.23) (0.51)
Normal Volume 329 M 260M 469M
(28 M) a7 m (72 M)
Short Sales Volume 8.7M 7.7M 9.3M
(2.3M) (1.3M) (3.4M)
Number olUnique Stocks 16,668 10,245 4,835

42

t

(o]

«‘



The dependent variable in each regression is the DGTW characteditsted returncomputed daily. All dta are

Table

Year-End Short Interest Effects by Period

daily observationgxcept as follows: Short Intest is normalized by Shares Outstanding observeehmiath
contemporaneously
reported miemonth. Institutional ownership is reported quarterly and duplicated daitiidoentire previous quarter
in which it was reportedWhite standard errors are in parentheses. *, ** and *** represents significance at the

10%, 5% and 1% level.

Wi

th Short |

nterest.

ADai |l yo

Dependent Variable: Abnormal Return

Period: 1988- 2007 1988- 1993 1994- 2000 2001- 2007 1988- 2007
Intercept 2.577*** 6.127%** 3.101%*=* 2.055%** 3.701%*
(0.208) (0.731) (0.712) (0.160) (0.465)
Short Interest (Normalized)  -21.399*** -30.338*** -10.899* -24.614%* -16.007**
(5.619) (10.458) (5.792) (3.013) (7.625)
Institutional Ownership -0.057** -8.187*** -1.401 -0.028*** -1.612**
(0.025) (1.585) (1.340) (0.007) (0.713)
Month End Dummy 1.707** -2.742 2.351* 3.355%** 1.482
(0.848) (2.083) (1.423) (2.179) (0.906)
Quarter End Dummy 0.461 -6.147* 1.466 2.058 0.055
(1.401) (3.439) (2.283) (2.109) (1.513)
Year End Dummy 3.481 -7.900 -1.019 14.680*** -4.265
(2.837) (6.091) (5.056) (2.948) (4.224)
Short Interest * Month End -18.895 2.890 -13.761 -37.779** -15.852
(14.493) (68.848) (22.367) (17.566) (16.268)
Short Interest Quarter End 24515 110.312 -4.756 29.968 24.815
(18.610) (149.651) (22.662) (27.604) (21.251)
Short Interest * Year End -106.091* -16.585 -51.381 -220.806*** -54.733
(54.859) (112.794) (110.703) (34.927) (112.029)
Hedge Funds -0.001***
(0.000)
Short Interest * Hedge 0.003
(0.005)
Year End * Hedge 0.012***
(0.003)
Short Int * YrEnd * Hedge -0.121*
(0.067)
Observations 13,571,010 2,303,227 5,039,227 6,228,556 11,842,700
Clusters (firm¥ 10,744 3,292 6,548 6,484 10,148
R-Square 0.000008867 0.000022 0.000003718  0.000024 0.0000092
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Table 11l

Year-End Short Interest Effects sorted by Easiesto-Manipulate Characteristics
The dependent variable in each reg@s$s the DGTW characteristadjusted return and the sample is restricted to the 2Q0OD7 time period Data is the
same as iTable 1. The Amihud illiquidity measure is calculated as in Amihud (2002) by taking the yearly average of absoluteutailjivieted by volume.
White standard errors are in parentheses. *, ** and *** represents significance at the 10%, 5% and 1% level.

Dependent Variable: Abnormal Return

Exchanges Liquidity Size
NYSE NASDAQ Low Medium High Small Medium Large
Intercept 0.387 2.428*** 3.911%** 1.680*** -1.965** -0.577* 9.394*** 3.298***
(0.604) (0.221) (0.411) (0.366) (0.780) (0.303) (0.486) (0.500)
Short Interest (Normalized) -18.926*** -28.473** -3.796 -24.100*** -26.910*** -151.959*** -36.642*** 35.265***
(4.998) (4.162) (9.937) (5.796) (4.798) (15.246) (5.638) (4.516)
Institutional Ownership 1.751** -0.030*** -4.409%+* -0.022** 4.885*+* -0.040** -8.515%** -2.401%+*
(0.843) (0.005) (1.088) (0.011) (1.071) (0.018) (0.841) (0.710)
Month End Dummy 4.688*** 3.305** 3.910* 3.230 4.927*%* 4.947* -0.445 5.397**
(1.329) (1.657) (2.261) (2.522) (1.675) (2.275) (1.745) (1.338)
Quarter End Dummy 7.854*** -0.302 -6.929* -0.780 15.457*+* -8.597** 10.798*** 10.027***
(2.172) (3.103) (3.677) (4.641) (2.860) (4.059) (3.271) (2.491)
Year End Dummy -1.336 20.328*** 22.520%** 13.986** -0.273 39.854*+* -6.524* -0.989
(2.622) (4.063) (6.160) (5.434) (2.730) (6.232) (3.648) (1.944)
Short Interest * Month End  8.314 -72.537%* 25.431 -41.248 -49.893* -79.165 -1.113 -64.196%*
(26.143) (23.690) (62.294) (34.147) (25.465) (63.506) (20.911) (25.894)
Short Interest * Quarter End -58.912* 71.985* 95.854 15.670 -83.656*** 178.267* -43.820 -60.353
(30.804) (39.758) (158.602) (53.594) (31.660) (97.842) (32.234) (49.787)
Short Interest * Year End 10.642 -316.607*** -622.974** -255.690*** -49.465 -456.523*** -48.838 -100.698***
(46.194) (43.988) (132.975) (68.782) (42.010) (149.028) (43.775) (35.876)
Observations 2070251 3781834 1649671 1556909 1801299 2070448 2062766 2095342
Clusters (firms) 1712 4246 2724 2786 2157 3707 3435 2355
R-Square 0.000043 0.000032 0.000025 0.000022 0.000073 0.000145 0.000197 0.00007
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Table IV

Comparison of AManipul abl ed Variabl
Data are all the same asTiablell. A Mani pul ati on Dummyo below is how each

used in each regression.

Dependent Variable: Abnormal Return

Manipulation Dummy Variable NASDAQ lliquid Small
Intercept 1.674*+* 1.529*** 4.,993***
(0.193) (0.191) (0.199)
Short Interest (Normalized) -24.446*** -20.9171*** -43.818***
(3.007) (3.111) (3.640)
Manipulation Dummy 0.617* 1.485*** -6.766***
(0.240) (0.320) (0.337)
Institutional Ownership -0.026*** -0.021* -0.063*
(0.009) (0.012) (0.035)
Month End Dummy 2.816* 3.128** 1.230
(1.492) (1.304) (1.117)
Quarter End Dummy 5.821** 7.015*%** 9.363***
(2.338) (2.558) (2.000)
Year End Dummy 4.091 10.818*** -4.935**
(3.801) (3.006) (2.164)
Short Interest * Month End 28.380 -41.540** -4.115
(25.534) (18.021) (16.995)
Short Interest * QuarteEnd -34.198 -13.161 -29.747
(32.309) (28.792) (26.569)
Short Interest * Year End -43.349 -171.606*** -47.232
(50.372) (35.258) (31.409)
Manipulation Dummy * Month End 0.625 0.682 4.919*
(2.231) (2.604) (2.521)
Manipulation Dummy *Quarter End -5.987 -14.044** -16.758***
(3.871) (4.450) (4.503)
Manipulation Dummy * Year End 16.373*** 11.609* 45.990***
(5.557) (6.811) (6.608)
Manipulation Dummy * Month End * Short Interest -104.957%* 78.734 -183.114**=
(35.091) (66.645) (64.642)
Manipulation Dummy * Quarter End * Short Interest 102.142** 120.613 99.951
(50.448) (157.256) (98.601)
Manipulation Dummy * Year End * Short Interest -277.297*** -441.142%*+* -517.392***
(66.325) (140.144) (150.191)
Observations 6,228556 6,228556 6,228556
Clusters (firms) 6,484 6,484 6,484
R-Square 0.00003 0.000032 0.000115
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TableV

Reversalsusing Excess Return Measure
Return is Excess Return over DGTW benchmark as in Table Il. The dependent variable is tledlsameersure,
one day ahead of the independent variable, such that it will be the first day of the year when T = Y\&énitEnd.
standard errors are in parentheses. *, ** and *** represents significance at the 10%, 5% and 1% level.

Dependent Variable:1 Day Lead Excess Return
1988i 2007 1988i 1993 1994i 2000 20017 2007

RETURN -0.165*** -0.255%** -0.166*** -0.097***
(0.006) (0.005) (0.005) (0.003)
Inst Ownership -0.066** -10.296*** -2.117 -0.026***
(0.033) (1.994) (1.564) (0.007)
Month End -0.906 -3.596* -0.748 0.564
(0.809) (2.071) (1.270) (1.068)
Qtr End -1.368 0.343 -6.132*** 2.037
(2.273) (2.884) (2.093) (1.848)
Year End -0.722 4.280 -3.154 -2.320
(2.478) (5.435) (4.503) (2.870)
Short Interest -22.991*** -48.008*** -12.076 -24709%**
(7.824) (9.996) (8.923) (2.660)
RETURN *Month End -0.014** 0.010 -0.017* -0.038***
(0.007) (0.021) (0.010) (0.010)
RETURN *Qtr End -0.061*** 0.008 -0.077*** -0.101***
(0.012) (0.021) (0.017) (0.022)
RETURN *Year End -0.021 -0.040 -0.002 -0.011
(0.016) (0.026) (0.023) (0.022)
Month End*Short Int -10.597 244 AT 7*** 21.100 -59.417***
(13.955) (66.162) (14.141) (15.644)
Qtr End*Short Int -69.757*** -43.926 -69.794** -83.228***
(20.390) (116.747) (30.817) (25.806)
Year End*Short Int -59221 -114.667 20.359 -66.077
(50.533) (101.658) (93.480) (47.115)
RETURN *Short Int 0.692** 1.470** 0.411 0.707***
(0.288) (0.273) (0.260) (0.040)
RETURN *Month End*Short Int -0.338*** 0.394 -0.310** 0.075
(0.070) (0.411) (0.154) (0.101)
RETURN *Qr End*Short Int -0.149 -1.254%** -0.148 0.267
(0.290) (0.394) (0.301) (0.227)
RETURN *Year End*Short Int -0.361* 0.163 -0.296 -0.679**
(0.185) (0.541) (0.209) (0.304)
Observations 13571009 2,303227 5,039227 6,228555
Clusters 10,744 3,292 6,548 6,484
R-Square 0.02551 0.06291 0.0268 0.008173
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Table VI

Reversalsusing Raw Return Measure
Same as in previous table, but Return measure is a raw return in basis Wiiiiesstandard errors are in
parentheses. * ** and *** represents significamtahe 10%, 5% and 1% level.

Dependent Variable: 1 Day LeadRaw Return
19882007 1988-1993 1994- 2000 2001- 2007

RETURN -0.150%** -0.246%*** -0.151%** -0.084***
(0.006) (0.006) (0.006) (0.003)
Inst Ownership -0.148 -15.423** -6.269*** -0.060**
(0.103) (2.071) (1.581) (0.020)
Month End 17.306*** 17.645** 23.125%** 13.232%**
(0.859) (2.264) (1.431) (1.186)
Qtr End -10.256*** 2.902 -34.881*** 4.195*
(1.532) (3.229) (2.413) (2.239)
Year End 24.816*** 73.028** 24.950** 1.946
(2.922) (6.823) (5.433) (2.943)
Short Interest -44 532*** -53.361*** -16.602 -56.311***
(15.068) (10.467) (11.523) (3.581)
RETURN *Month End -0.022*** 0.004 -0.027*** -0.047***
(0.007) (0.021) (0.010) (0.010)
RETURN *Qtr End -0.084*** 0.004 -0.084*** -0.149**
(0.013) (0.020) (0.017) (0.024)
RETURN *Year End -0.004 -0.038 0.020 -0.009
(0.015) (0.027) (0.021) (0.022)
Month End*Short Int 3.606 271.079*** 74.465** -74.890***
(13.485) (73.447) (36.487) (17.034)
Qtr End*Short Int 20.585 -12.608 -105.323** 78.392%**
(27.710) (121.489) (38.792) (29.500)
Year End*Short Int -302.929*** -760.720%*** -347.242*** -107.625**
(55.841) (204.406) (120.447) (49.792)
RETURN *Short Int 0.725** 1.627** 0.431 0.712%**
(0.297) (0.297) (0.277) (0.037)
RETURN *Mortth End*Short Int -0.455%** 0.149 -0.371* 0.126
(0.093) (0.420) (0.196) (0.103)
RETURN *Qtr End*Short Int -0.268 -1.418%* -0.056 -0.045
(0.311) (0.409) (0.309) (0.265)
RETURN *Year End*Short Int -0.184 0.037 0.118 -1.015***
(0.199) (0.537) (0.208) (0.313)
Observations 13571009 2,303227 5,039227 6,228555
Clusters 10,744 3,292 6,548 6,484
R-Square 0.02133 0.05832 0.02253 0.006496
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Table VI

Incentive-Driven Intraday Short-Selling
The dependent variable in each regression is the naturaltlogani o f t h a-gelling volumedmsnussthe o r t
natur al | ogar it h psellmd volante €9:30naN. toiln0Q B.Kl.). SE&elole It for a description
of the other variables. Abnormal short selling is Excess Short Sales Volume as dekitpdé. Note that
independent variables are all daily observations, while dependent are intraday intervals. White standard errors are in
parentheses. * ** and *** represents significance at the 10%, 5% and 1% level

Dependent Variable: Abnormal Short Selling

12:00 P.M-- 1:00 P.M.- 2:00 P.M.- 3:00 P.M.-
1:00 P.M. 2:00 P.M. 3:00 P.M. 4:00 P.M.
Intercept -1.363*** -1.375%** -1.175%** -0.607***
(0.006) (0.007) (0.007) (0.009)
Short Interes{Normalized)  -0.413*** -0.459*** -0.391*** 0.183*
(0.038) (0.042) (0.044) (0.072)
Institutional Ownership 0.000 0.000 0.001 0.002
(0.000) (0.000) (0.001) (0.002)
Month End Dummy 0.016*** 0.016*** 0.074*** 0.148***
(0.006) (0.006) (0.00%) (0.007)
Quarter End Dummy 0.009 0.009 0.045*** 0.321 %+
(0.009) (0.010) (0.009) (0.0112)
Year End Dummy 0.078*** 0.124*** 0.214*** 0.403***
(0.018) (0.018) (0.018) (0.018)
Short Interest * Month End  -0.102 -0.069 0.047 0.126
(0.065) (0.071) (0.070) (0.094)
Short Interest * Quarter End 0.359*** 0.062 0.029 0.337***
(0.107) (0.122) (0.104) (0.131)
Short Interest * Year End -0.167 -0.325 0.285 0.815***
(0.213) (0.223) (0.211) (0.215)
Monthly Fixed Effects YES YES YES YES
Observations 2,148,189 2,150,970 2,192,232 2,361,858
Clusters (firms) 5,820 5,829 5,834 5,880
R-Square 0.001385 0.001372 0.002288 0.004619
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Table VIII

Hedge Fund Holdings on Short Interest
The dependent variable is Short Intéresdit is represented as percerdgein columns 3 and.4HF Own ishedge
fund ownership from Morningstar in shares in the first two columns, and also normalized as a percent in columns 3
and 4. Inst Own is the same measure, but for all institutiossdban Thomson Reuters. Ln(MktCap) is not
normalized in column 3. Data is winsorized at tfledd 99 percentile White stadard errors are in parentheses,
and *, ** and *** represents significance at the 10%, 5% and 1% level.

Panel A:Non-NormalizedData.

20017 present (full sample) 2004- present

Intercept -17.91%** 7.055%** -17.59** 7.187**
(x 109 (4.278) (0.2833) (4.179 (0.2844
HF Own 21.064 -104.188*** 13.771 -108.478***

(30.878) (31.291) (28.045) (29.344)
Inst Own 14337.000*** 13884.000***

(2059.000) (2022.000)
Ln(Mkt Cap)  10.61** 10.577*
(x 10) (2.135) (2.083
Observations 38319 38319 30135 30135
Clusters 3154 3154 2997 2997
R-Square 0.3951 0.000006024 0.3982 0.000009044

Panel B:Normalized by Shares Outstanding

200171 present (full sample) 2004- present

Intercept 0.275*** 0.060*** 0.305*** 0.064***

(0.012) (0.001) (0.013) (0.001)
HF Own 1.049*** 2.279*** 0.951 *** 2.117%*

(0.119) (0.130) (0.125) (0.137
Inst Own 0.095*** 0.096***

(0.005) (0.005)
Ln(Mkt Cap)  -0.013*** -0.015%***

(0.001) (0.001)
Observations 38319 38319 30135 30135
Clusters 3154 3154 2997 2997
R-Square 0.2551 0.04002 0.263 0.03755
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Table IX

The Battlefield: Volume Differencesi Test of Means
Each section tests whether a battle exists on quantkidata by two different measures. The Rank Match creates a percentile rank on Mutual Fund Holding % vs
Short Interest normalized by Shares Outstandiing SizeMatch performs a comparison of integer percentages of the same values. High vs. Low Holdings is
based on a tercile rank of matched battle stocks only. F@itledlatch, the Low Group all have a value of 0, and the High Group are greaterabtrequ4%.
Year End is an indicator, Not Year End are quarter ends that are not Q4. Last Half Hour Excess Volume is the sum ofrvguheeldst half hour of trading
less the 12@lay symmetric moving average of last half hour volume over that sawviagraverage?*, ** and *** represents significancat the 10%, 5% and
1% level All tests use the nonparametric Wilcoxon F&ample testf meandecause a test for normality reveals that the samples are aionmal

Excess Volume

Excess Dollar Weighted Volume

Rank Match

Whole Sample Non-Battle Battle Z Score Non-Battle Battle Z Score
0.5754 0.6115 1.32 0.5618 0.6011 1.2

Within Battle Stocks Low Holdings High Holdings Z Score Low Holdings High Holdings Z Score
0.6758 0.3805 -4, 21 *** 0.6598 0.3787 -4, 82%**
Not Year End  Year End Z Score Not Year End Year End Z Score
0.7251 0.3208 -3.34*** 0.7029 0.3406 -3.11%**

SizeMatch

Whole Sample Non-Battle Battle Z Score Non-Battle Battle Z Score
0.5938 0.3443 -23.44%** 0.5802 0.3318 -24.78%**

Within Battle Stocks Low Group High Group Z Score Low Group High Group Z Score
0.234 0.766 7.39%** 0.1328 0.3991 7.53***
Not Year End  Year End Z Score Not Year End Year End Z Score
0.3847 0.24 0.49 0.3703 0.2323 0.27

50



Table X

The Battlefield: Price Differences
Each section tests whether a battle exists on quantkidata by two different measures. The Rank Match creates a percentile rank on Mutual Fund Holding % vs
Short Inerest normalized by Shares Outstanding. SizeMatch performs a comparison of integer percentages of the same values. High vs. Low Holdings is
based on a tercile rank of matched battle stocks only. For the Percentage Match, the Low Group all havé @ ealdiehe High Group are greater or equal
than 4%.Year End is an indicator, Not Year End are quarter ends that are not Q4. Afternoon return is the price at 4pm withthespecetat noon. Late

Afternoon Return is the price at 4pm with respgedhe price at 2:30pm. The first case listed is where the class variable egtiats &nd *** represents
significance at the 10%, 5% and 1% leval.tests use the nonparametric Wilcoxon F&ample tesbf meansecause a test for normality reveddattthe

samples are all nenormal.

Afternoon Return

Late Afternoon Return

Rank Match

Whole Sample Non-Battle Battle Z Score Non-Battle Battle Z Score
0.0035 0.0052 0.47 0.0013 0.0017 -1.92*

Within Battle Stocks Low Hddings High Holdings Z Score Low Holdings High Holdings Z Score
0.0135 0.0014 4.,03*** 0.0074 -0.0018 6.88***
Not Year End Year End Z Score Not Year End Year End Z Score
0.0042 0.0083 -1.266* 0.0015 0.0022 -3.16***

SizeMatch

Whole Sample Non-Battle Battle Z Score Non-Battle Battle Z Score
0.0029 0.0105 7.47%** 0.0006 0.0082 17.29%**

Within Battle Stocks Low Group High Group Z Score Low Group High Group Z Score
0.0117 0.0012 -2.29** 0.0095 -0.0007 -5.73***
Not Year End Year End Z Score Not Year End Year End Z Score
0.0037 0.0267 7.06*** 0.0022 0.0228 4.92*%*

51



Table XI

The Battlefield: Regression Analysis of Volumeand PriceEffects
The dependent variable is Last Half HourcEss Volume or Dollar Weighted Volume which is the sum of volume during the last half hour of trading less the
120-day symmetric moving average of last half hour volume over that same moving average. High Holdings is an indicatoorén@bligtiest pup for
each matching measure. For the Rank Match, it is the top tercile, for the Size Match, it is the High Group which reptebentatm% or greater. The dataset
only includes quarterly observations so Year End is Q4* and *** represents sigificance at the 10%, 5% and 1% level.

Rank Match Size Match Rank Match Size Match

Volume D-W Vol Volume D-W Vol Aft Ret L Aft Ret Aft Ret L Aft Ret
Intercept 0.944*%*  (0.921%* 0.944%%*  (0.921%** 57.902**  28.415 37.420%*  23.255%*

(0.193) (0.195) (0.193)  (0.195) (25.911)  (20.036) (6.071) (4.811)
High Holdings -0.508*  -0.507** -0.508**  -0.507** -59.115** -48.050** -40.773*  -24.753*

(0.205) (0.206) (0.205)  (0.206) (26.719)  (20.596) (16.214) (11.310)
Year End -0.561**  -0.540** -0.561**  -0.540** -0.268 1.885 232.811 220.012

(0.237) (0.243) (0.237)  (0.243) (31.733)  (24.907) (184.565)  (184.849)
High Holdings * Year End 0.327 0.390 0.327 0.390 8.394 -24.531 -178.440  -236.678

(0.284) (0.294) (0.284)  (0.294) (40.056)  (27.397) (186.530)  (185.755)
Observations 1,242 1,242 1,242 1,242 2,303 2,303 10,279 10,279
Clusters 1,009 1,009 1,009 1,009 1,732 1,732 2,988 2,988
R-Square 0.00901 0.007859 0.009011 0.007859 0.00212 0.00341 0.000407 0.000366
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