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Abstract
A strong increase in a firmdés market pri

associated with higher futur@bnormal returns, consistent with the

momentum anomalHowever, for a small set of firms for which arbitrage is

limited, high past returnforecaststrongly negtive future abnormal returns.

We propose dynamicmodelin which increased unwarranted optimism by a

set of speculators leads to dynamic mispricing effects. Consistent with this

model, we show a set of firms with high past returns, low institat

ownership, and high recent changes in short interest earns persistently low
returnsgoing forwmardA fiBetti ng Against Winnerso str
the overpriced winners and long other winners generates a Shsipef

1.08; its returns cannbk explained by commonly used Ffgctors.

Keywords:short-selling shortsale constraintglivergenceof-opinion, momentumlimits of
arbitrage market efficiencybubbles

JEL-ClassificationG12, G4

" Kent Daniel (kd2371@columbia.edu): Columbia Business School and NBER. Alexander Klos
(alexander.klos@qgber.uiiel.de): QBER, Kiel University and Kiel Institute for the World Economy. Simon Rottke
(simon.rottke@viwi .uni-muenstede): FCM, University of MiinsterCorresponding Author: Simon Rottke.

We thankRobin Greenwood, Alexander Hillert, Heiko Jacobs, Sven Klingler, Andreas Neuhierl and Luis Viceira

for helpful comments as well &ahi BenDavid, Sam Hanson and Byoung Hwang for helpful insights atheut
shortinterestdata. We appreciate the feedback from seminar and conference participavitataigale Asset
Managementthe European Finance Association, the German Finance Assocand the Kiel Workshop on

Empirical Asset Pricingrinancial support from the German Research Foundé@amt KL2365/31) is gratefully
acknowledged. All remaining errors areouroWrh e paper previously circulated u
Wi nner so.



1. l ntroducti on

Figurel plots theaverageeumulative log excess returns to four portfolioghe60 months
after formation The red line in the plot #he value weighted markgiortfolio. Not surprisingly,
the cumulative return of the market increases linearly with the holding period by the average
monthly excess return of the market over this per@@4%/month. Also not surprising are the
cumulative average log returns forthe pt f ol i os | abel ed A Wiattheer s o
start of each month t, inveist a value weighted portfoliof the 20% of US common stocks with
the highest and lowest cumulative returns from moxta through month-2.* Their performance
is consistent with the literature on momentum: over about the next year, the past winners

outperform the past losers by substantial margin.
INSERTFigurel HERE

The newresult inFigurel, and the focus of this paper, is the cumulatogexcesseturn
for the AConstrained Wi nner s eweightedportfolmlarealso Th e
past winners, but here we select only those past winners where the limits to arbitrage are strong
Specifically, these are the set of past winners which are in the bottom 20% in terms of institutional
ownership and in the top 20% in ters of the increase in sharterest. These two additional

characteristics suggest that these constrained past winners are likely difficult to short.

As a complement t&igurel, Figure2 plots the time series of cumulativeturns tathe
past winner, past loser, and the constrainedwpemster portfolioshedge with respect tahe three
Fama and French (1998ictorsover the sampkperiod? Again we see that theedged pasinner
and pastoser portfoliosearnstrong positive and negative average returns respectively, consistent

with themomentum effectiocumented byegadeesh and Titman (1993)

INSERTFigure2 HERE

! This is consistent with the procedure usedCarhart (1997)and the formation of the momentum portfolio on
Kenneth Frenchos d aetaied déscriptiorafor ythe méthly notménwim factor at
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/det_mom_factor.html

2 Specifically, we calculate the returns to the pmisiners for each sample month. We then run adathple
regression of the pastinner returns on MkRF, SMB, and HML. Then, using the ftdample regression
coefficients, we subtract the returns of the zexestment hedgportfolio [buk*(Rmki-Rsi)+bsme*SMB+
bum *HML ] from the pastvinner returns to genate the hedgegast winner returns. The factor return data comes
from Kenneth Frenchdds data I|ibrary.



Also consistent with the evidence kiigure 1, the constrained winner portfoleans an
average abnormal excess return2# o in the first month after formatiorAn investment of
$1000 in thisdynamic hedgegortfolio on June #1989 wouldhavebeen worth$0.38 at the end
of December 2014, a striking loss of value, particularly given that these are high momentum stocks.

What is responsible for the strikingly different performance of the constrained and
unconstrained winners? We argue here that the shocks tissdctiiese stocks to becoipest
winners are inherently differerftor the majority of thainconstrainegastwinnerfirms, the high
past returngienerallyreflect positive fundamental value shocks: these stocks likely rose in price
as good news was reledse about the firmsdéd ability to gene
explored in the behavioral finance literature, there is underreaction or delegedaction to these
fundamental shocks that leadsthe momentum effect that we see in both the "p@sher" and
"past loser" graph on the preceding pé&spe, e.g.Barberis, Shleifer, and Vishn$998 Daniel,
Hirshleifer, and Subrahmanyad®98 andHong and Steinl1999.

However, for the constrained winners, we argue thatssiblesource of theprice rise
wasthatonly a subset of investonevised upward thewaluation of the firmin response to what
we wi || | abel a fsent ifFoeanm tungonstrainddingthespacg woellé me nt 0
not move appreciably in response to such a shock; the subset-optiavisticinvestorsaffected
by the sentimenshockwould demand morehares, but in response the arbitrageurs (whose
valuation of the firm was unaffected by this shock) would shortstteges demanded by the
optimists.However, for a constrained stock, where it is costly for the arbitrageurs to borrow and
shortthe stock, ompetition between the optimistic investors will lead tsteong, unwarranted
price risk for the stock. As this optimism wart

fall, leading to the negative returns seen in Figures 1 and 2.

We note that ta shock that we describe and model here can be thought of either as an
individuakfirm sentiment shocKsee, e.g.Stambaugh, Yu, and Yua@012, or as a shock to
di sagreement ab o |ske,dgbether, Malloydaad Spherbiira@08, bdcause
following the shock the optimis and the arbitrageudisagree about the firm valuatiowe

capture this isomorphism in theoatels we present.



In our baseline model, which ihe spirit of Miller (1977), thae area set ofagents
( A s p e c uvhaapotentialyadisagree about thenflamental value of each firmhe prices at
which shares change hands in the market reflect the distribution of Gg&istions, and new
information can cause the distribution of valuations to cha@geceptually, we can think of new
information as decting the mean and the variance of the distribution of valuations, and label the

variance as disagreement.

In our simplified setting, for unconstrained firmdere the cost of locating shares to
borrow is zerpa shock to disagreemaemt optimismhas no effect on thgrice Here, such shocks
result in trading volumé the agents whbecome more optimistisuy shares from thosgho are
more pessimisti¢ but themarketclearingprice remains constartiowever, for firms where short
selling is constined (ie., where it is costly to find shares to borrow) ithare pessimistiagents
choose not to short because of the high codinding shares to borrow, and therefore do not
participate in the market. Thuthe marketclearingprice does not reflect the valuations thiese
newly HAsi del,iandendvesupwardHemncenif veetsase that a constrained filmas
experienced a large price rise over the last,yieas likely that disagreeent for this firm has
increased, which funer implies that this firm is likely to earn low returns as the disagreement is

resolved.

The mechanisms of the model become clearest in light of evidence on the dynamics of
beliefs We will argue that the dynamics lo¢liefscan be approximately thought @s atwo-state
Markov process, awe are able tsummarize the dynamics tieliefs with the two Markov
transition probabilitieswhat we observe is th#te probability ofa stock transitioning from low
to high-disagreement ismall, and the pobability of a stock transitioning from higho low-

disagreement imrge.
INSERTFigure3 HERE

Figure3illustrates the implications of these dynamiégure3 is based omnanalysis of
thedispersion n anal ystsdéd forecasts ofsunimaydatabase,@armar ni n
analysis we discuss in detail gection5 of this paper.The idea here is that analyst forecast
dispersion for a given stock is a proxy for disagreement arbeligfs ofthe agents trading this

stock (see,e.g.,Diether, Malloy, and Scherbin2D02) To construcFigure3, we sort firms into



decile portfolios based on tlshange irforecast dispersion over the period frgeart-1 to t, and

then plot the level of the forecast disperdiamm yeart-1 until yeart+5 for thesedecile portfolios

WhatFigure3 shows ighat there are relatively fehigh dispersion firmg only deciles
1 and 10 eveexhibit high dispersioii and that those firms thaixperience a positive shock to

dispersiorrevet to alow levelwithin roughly 5 years

Our model implies that changes in disagreement resglbnmmensuratehanges in the
price levels for firms whichra shortsale constrained.hus,forecastableehanges in disagreement
for constrained firms should lead flarecastableeturns.Figure 2 makes it clear thabnstrained
high disagreemeriirms should earn low returns over the next several years, aishgreement
about these firms is resolvdd.principle,if it were possible to identify constrained firms for which
disagreement was likely to increase, one could earn high returns by buying thesddinrager,
positive shocks to disagreement are iamnd, at least given the forecast variables we have so far
investigatedcannot be forecasive camot build a portfolio which earns positive abnormal returns
from buyingfirms which experience disagreement increases, because wa t@ecast which
firms these will be.However, given the high likelihood of transitioning from higto low-
disagreement, we know thatportfolio of firms which are constrained higilsagreement stocks
today, will on averageearn low returns agisagreemerabout these firmsafls in the future.

In our baselinenodel a disagreement shock results in an increased variance of the beliefs
of the agents participating in the market for a given security. This model gensrplieations
consistent with our empirical findings. We want to hight though, that disagreemedbesnot
need tobe symmetriaround the true fundamental valde a simple extension of the model we
replacehe biased pessimigiith arational arbitragur. By increasing the arbitragésiriskbearing
capacity ovethat of the biased optimigt.g. through lower risk aversion) such a model extension
generates the same predictions as with symmetric disagreerhenemphasizes the close link
between irrional exuberance that is often the basis of bubble phenomena and disagresment
only the optimistic side of disagreement is a necessary condition for overpNadtegthat, as a
result of the asymmetry in limits to arbitrage, securities never becamegriced (seStambaugh,

Yu, and Yuan2012. However, once short sale constraints are binding, the speculators push prices
away from fundamental value, resulting in overpricing. In our empirical work we identify this set

of overpriced firms by looking for firms that increaserdagically in price when it is likely to be



costly to borrow shares because of low institutional ownership, and whenirdbogtt increases

with the price rise, despite the low institutional ownership.

When we take the predictions @fir model to the dat we are able to identify shestle
constrained high disagreement stodkss portfolio has a small number of firthgonsistent with
the fact thatshortsale constraints in the US market aaee (seeD 6 A v 02002 and Geczy,
Musto, and Reed2002, and with the low frequency and relatively short duratibhig positive
disagreement shock®n average, our constrained pagtner portfolio containd 6firms. Despite
this, along-short portfolio that buys a broad poito of pastwinnersandshorts theconstrained
pastwinners ( i Bet ti ng A g aelarnss @ Shatgetion & rLanpd a F3U o f
2.71%/month @stat=5.76pverthe19892014 sample period¢h addition, we show thahése large

returns cannot be explead byotherfactorsproposed in the finance literature.

We provide further empirical analyses that strengthen the case that the constrained
winners are actually overpriced because of disagreement shocks. First, if disagreement is originally
causing overpricing, then negative returns should be especially realized around earning
announcements when disagreement is likely to be resoBettrhan et a).2009. We find that
67%of the negative returns of constrained winners in thetfirsemontts are earned in thiaree
days after earnings announcements. Second, managers who view their own equity to be overvalued
should issue equitysee, among othertpughran and Ritter1995. We find abnormal equity

issuance activity for constrained winners relative teptvinners.

In summary our empirical strategy identifies individual stocks in the US cross section
where a rurup in prices leads to severe negative returns going forward. We present evidence
consistent with the idea that the fup in prices was genegat by excessive optimison the part
of a set of investorsOne interpretation of our evidence is that constrained winners have
experieincrat iann dl strong price increalRamat hat
2014 p. 1475), which meansahwe may have identified a bubble at the individual stock level
according to F a®@GreedwooddShieifernand Yp@016 fdr svelence ontte

industry leve). We therefordabelo ur constrained winners interchsé¢



2. Rel ated Literature

Our paper is related tthree connectedtrands of literatureThe literatureon the
institutional details of the equity lending market, the literatwremarket mispricing caused by a
combination of biased beliefs and limits of arbitraayed the literature on disagreement and asset

prices.

D6 Av ol i oGedzy? Mustd, land Reed (200Kolasinski, Reed, and Ringgenberg
(2013)andKaplan, Moskowitz, and Sensoy (204i8Yyestigde the lending market in great detail
relying onproprietarydata Overall, hese paperind scarce evidence of shagdle constraints
from high feesTheir descriptiors of the loan market match key features of our model setup: The
demanedschedule for brrowing stocks is downward sloping. Loan supply is represented by long
holdings of investors who are willing and also able to lend out their secuBtigswing demand
shifts lead only to rising loan fees if shorting demand is already high, but nowfdevels of

sorting demand.

The theoretical literature on limits of arbitrage has identified numerous forces that inhibit
arbitrage and thusnablemispricing to occur in financial marketShleifer and Vishny (1997)
show how biased beliefs can have an impact on asset prices in the presence of noise trader risk.
Abreu andBrunnermeier (2002and Abreu and Brunnermeier (200Bjtroduce synchronization
risk to explain why prices can disconnect with fundamen@ismb and Vayanos (2018yrvey

and summarize a number of limits of arbitrage.

The empirical challenge in identifying asset pricing bubbles has been the lack of
observability of the fundamental value which leads to the joint hypothesditem Fama 1970.
Recent work byGreenwood, Shleifer, and You (2018hows that sharp price increases of
industries along with certain characteristics of this +up help to forecast the probability of
crashes and thereby hegpdentify andto time abubble. Oumwork adds to this strand of literature,
as we show, on an individual stock basis, that priceupsican be used to forecast low future
returns when pairedith indications of limits of arbitrag&Consistent with this, usingstitutional
ownership as arpxy for low lending supply,acent papers show that sheale constraints are
positively related to the profitability of quantitative strategies designed to exploit mispiseiag
e.g.,Nagel 2005 Hirshleifer, Teoh, and Y2011, or Drechsler and Drechslg201§. In light of



the literature on mispricing and limits of arbitrage, our empirical approach is unique in the sense

that it can be interpreted as a methodology to identibplas on the individual stock level.

The third line of literaturaes the large literature on disagreement that starts with Miller
(1977).The accumul ated evidence | argely supports
shortsale constrained and feature high divergesfeepinion earn low subsequent riakljusted
returns (see, e.gkiglewski 1981, Asquith and Meulbroekl996 Danielsen and Saosey 2001,

Diether, Malloy, and Scherbin2002 Desai et al.2002 Jores and Lamon002 Asquith, Pathak,

and Ritter 2005 Cohen, Diether, and Mallgy2007 or Berkman et aJ.2009. Among others,
Boehme, Daielsen, and Sorescu (200&nphasize the importance of both conditions being met
simultaneously and provide evidence that either condition alone is not sufficient to document

overpricing.

Our modelcombines key features of all of these literature strands in paesimonious
model and makes concretepredictions concerning empirically observable quantitieBhe
combination of a firmds piateyast congitutesranunigue and a
innovative proxy fomispricing caused blyiased beliefs adivergenceof-opinionthat can be used
in other contextsAn advantage of oualternativeproxy ov e r analystsodo d&doreca
frequently usedoroxy of divergencef-opinion, is better data availabilityAnal yst s f or
dispersion is only available for about 50% of the stocks in the US-seati®n, but he
combination of short interest wWitpast performance is available 8% 1 a 56% increase in the
number of firms. Also, forecast dispersion is typically not availalide small stockswith low
institutional holdingswhere dynamic mispricing effects are presumatbgtlikely.

Our modelis relatedto thetheoretical literatur¢hatformalizesthe idea that divergence
of-opinion combinedvith shortsale constraintafluences asset prices (se®r exampleHarrison
and Kreps1978 Diamond and Verrecchjd 987 Chen, Hong, and Stei2002 Hong and Stein
2003 Scheinkman andciong, 2003 Gallmeyer and Hollifield 2007). Duffie, Garleanu, and
Pedersen (200 xplicitly model the searchnd matchingprocess on the lending mark&@ur
approach is to model the lending market as a marketrevsupply anddemand determine

equilibrium quantities in the same way as on the stock or a standard goods market. This

3 After applying some additional data cleaning to the short interest data, coverage increases to 86%. Details can be
found in Appendix E.



approximation of the complex search process for borrowing stodke real world allows us to

endogenize lending costsa simple wayOur approactkeepsthe model as tractable as possible
while still capturing thantertwined supply and demanchechanismon the lending and stock

market that we are interestedaind that is at the heart of our empirical analysis

Our paper sharesis parsimonious nueling approactwith a series of mostly recent
papersBlocher, Reed, and Van Wesep (204R)dy equity markets and assume that short demand
in the stock market must be equal to demand for borrowing stocks in thegendrket. Positive
shorting costs only arise if demand for borrowing stocks exceedefidieg supplyReed, Saffi,
and Van Wesep (2016and Weitzner (2016)present extensi@enof the model to study a
disagreemenbased explanation of the conglomerate discount and the term structure of equity
shorting costs, respectivelpuffie (1996)models similar effects of the Treasury repo market on

Treasury prics.

There are two main differences betweleis literatureand our paper. First, wexplicitly
study thebeliefdynamicsb ased on anal y s tasdandyzehevihese tynamics per s
map into returns. By doing so, we are able to explain why ing@asxcessive optimism and
disagreement forecast negative returns, while degasealmostno predictive power. Second,
our paper points out a previousdyerlooked connection between the literature on disagreement
and momentum. High returns together with a change in short interest can be interpreted as an
indication of a positive shock excessive optimism alisagreement. As these stocks underperform
going forward, the resulting disagreemdaaised pattern of overpricing and subsequerdrsalss
very different from the overpricingndreversalpatternpredicted bymodels that aim to provide a
behavioral explanation of the momentum effsete Barberis, Shleifer, and Vishn¥998 Daniel,
Hirshleifer, and Subrahmanyart998 andHong and Stein1999. Our model suggests that the
key toidentify these stockempiricallyis a change in short interest. Only those stocks with low
lending supply that experience an increase in prices and short interest at the same time are stocks
exposed to the disagreemdmatsedmechanisnof overpricingand reversalsAs stated above, an
alternative interpretatioof this disagreemesiiased mechanism is the identification of bubble

stocks on the individual level.

Empirically, we provide robustegativelong-term returnpredictabilityfrom high short

interest withvalueweighted portfoliosExisting papers, such &rectsler and Drechsler (2016)



Boehmer, Jones, and Zhang (2Q@3gther, Lee, and Werner (2009squith, Pathak, and Ritter
(2005) Desai etal. (2002) Dechow et al. (2001 )or, Asquith and Meulbroek (1996yenerally
reach significantly abnormal returns based on séaig activity with equal welging or for shor

term horizons.

On a final note momentumreturns have been weakover the last 145 years, as
documated inFigure9 (alsosee, e.g.Paniel and Moskowitz2016. In contrast, he challenge
posed byBetting Against Winnereemains intact over the full sghe period. Collectively, our
theoretical and empirical findings suggest sisate constraints to be a majorpedimentto the

efficient functioning of markets

3. Dat a

We collect monthly return and market capitalization data fronCt@er for Research in
Security Prices (CRSPPur sample consists of all NYSE, AMEX and NASDAQ stocks with
positive market capitalization and without any additional filters, dsama and French (1998)
For some analyses, we calculate idiosyncratic volatility lsistbrical CAPMbeta. These are
based on daily RSP returns. The former is calculated as the residual standard deviation of a
monthly regression of daily firrexcess returns on the threama and French (1998ctors,
following Ang et al. (2006)Historical ketas are calculated in a CAPMdgression with daily data
as inFrazzini and Pedersen (2014§., over a §ear window for correlations, while using a 1
year window for vaances. Boolequity data is from Compustat and is divided by the sum of
market equity of all securities (PERMNOSs) of the company (PERMCO) in December to calculate

the bookto-market ratio.

Institutional ownership (I0) comes from ThomsBeuters Institutiondal 3-F filings. We
divide it by the number of shares outstanding from CRSP to get the institutional ownership ratio
(IOR). Since they are reported quarterly, we use reported 10 in month t for the following three

months t+1 to t+3, to be sureitisinthew e st or s i nf or mati on set at

4 Our results e robust to excluding micro stocks. Since we use valkighted portfolios and the portfolio of interest
does not comprise the smallest stocks, it makes virtually no difference.
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Nagéd (2005) stocks that are in CRSP but are missing 10 data are assigned zero institutional

ownership.

Our shortinterest data is collected from two sourc®isort interest data prior fmne 2003
datacomedirectly from the NYSE, AMEX and NASDAQ@ur dort-interest datafter June 2003
is from Compustat. This methodology is guided®yrtis and Fargher (2014), B&uavid, Drake,
and Roulstoe (2015), Hwang and Liu (2014), akthnson and Sunderam (201%he reason why
exchange data is given priority over Compustat data beford 3 i s t hat t he | a
Is generally low and virtually neexistent for NASDAQ stocks before that date. In order to have
data from one source and thus make it more pavable within any given month, we give
preference to the exchange data-juae2003¢ Coverage starts in June 1988 and constitutes the
bottleneck for all analyse8Ve divide by the number of shares outstanding from CRSP to get the

shortinterestratio "YO'Y

Analystforecasts of fiscayeare nd ear nings are from Instit
System (IBES). Weise the summary filenadjusted for stock splits, to avoid the bias induced by
ex-post split adjustment as pointed out byiether, Malloy, and Scherbina (200Barnings
forecastdispersion (EFD) is the standaddviation of forecasts normalized by the absolute value
of its meanWe truncate values at the'®percentile, as very low mean forecasts lead to extremely

large values that bias results. Values with mean forecasts of zero are excluded.

One proxy that we use for shadle costs is the pagll-parity violation, as arguenh
Ofek, Richadson, and Whitelaw (2004We measure it by the volatility spread, i.e., the epen
interestweighted average difference of implied volatilities of matched call/put option pairs, as
calculated inCremers and Weinbaum (201@ata are from option prices at mosghd from

Option Metrics.

4. Mo d el

5 We identify some firms with implausible jumps in institutional ownershigp @pply a simple procedure to fix this
in Appendix E.

6 There are two exceptions: Exchange data from NYSE before September 1991 and AMEX data before 1995 are not
available and thus replaced with Compustat data. Furthermore, data from NASDAQ in Febduduly 8990 is
missing, as pointed out in, e.¢fanson and Sunderam (2014nd we consequently completelynghate these
months from all analyses.

7 We apply additional procedures to better match short interest data with CRSP. This increases the number of firm
month observations, reduces noise and strengthens all results. Details can be found in Appendix E.
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We beginby laying out a statienodelthatcaptureshemost relevant features. This model
hasa market for a stock with divergeno&opinion, a restriction that shares must be borrowed to
be sold short, and lending marketWe derive an guilibrium in which both marketslear.Later
we extend thisdasic modelto a dynamic threeperiod seting, which allows udo study the

dynamics of the quantities of interest and derive empirical implications.

41 Overview

Our basic model is an extension of tHédler (1977) setting. There are several sets of
agents: Passive investorso6 de msubsdbftieseinvesttrar e s
lend out the shares they hold in a competitive lending market. We can think of these passive
investors as large inddynds with organized lending programs. As long as the shares the passive
investors supply to the market exceed the stdeasmnded for the purpose of shorting, the cost of

borrowing shares is zero.

Second, there is a set of speculators who take positions on these securities based on
perceived mispricing. These speculators have, on average, correct valuations of the securities, but
they disagreea representative optimistaserly optimistic, ané representative pessimistoverly
pessimisticHowever, we show later, that the pessimist can also be an arbitrageur who is correct
in his assessment of fundamental vaNenthe cost of borrowing shards zerqg the optimist
purchase shares, and the g&mistarbitrageursells short, and the price reflects the average
valuationi that is the security is correctly priced. However, particularly if there are few institutions
lending out shares, the short sellerifer broker) will be required to searchrfshares to borrow.

Search is costlyand this cost is taken into account by the (optimizing) pessimistic speculators.
equilibrium, themore pessimistic investor paythe borrowing costs and short selh smaller
amount than she would the cost of baowing were zerpleading to an equilibrium price above

the securitydés fundamental value.

42 Static Model Setup

Our basic model has a single period. There is a single stock with one share outstanding, which has
a final payoff ofc 7, wherdx 0 mh, 8Thereare two sets of agents: first, there is a mass of
passive investors who demand one share of the stock (i.e., the total outstanding supply) regardless

of the share price. Note that this means that the other agémsspeculators must hold zero
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sharesn aggregate. In our basic setting, there are two representative speculators with divergent

beliefs about the payoff of the stock: Thptimisic speculator believes that the expected final

payoff of the stockis— wp | ,while thepessimisticspeculator believes that the final payoff
isequalto— wp | , with| m| i s a measure of t hodopsignec ul at
The speculators agree dhev ar i ance of the st ockOosts, withthe f f . T

exception that, if an agent goes short, that agent must paysaarershorting cost of

In this setting, geculators are always right on average,that the averageof the
S p e c u lexpdcted paydffis equal to the rationally expectedyoff, butone speculator is an
floptimistb and the other om a fipessimisb This disagreement is implicitly linked with
overconfidere, in that thespeculators know thahe other speculatohas adifferent belief, but
each chooses to believe thatrview is correct, antheothera g e n t Gssnistakiere This could
be motivated by agents receiving private signals, and a (mistaken) belief that their signal is more
precise than oth& signal(see, e.gthe discussion of overconfidence and disagre¢mebdaniel

and Hirshleifer2015. Speculators have CARA preferences with risk aversgfficient’ 8

4.3 The Stock Mar ket

In this CARAn or ma |l setting, the specul atorsoé bel
into demand and supphin equilibrium, the aggregate demand from the two sets of speculators
must equal the aggregate remainingpdypf zero (i.,e.0 @ 1, meaning the optimist will
necessarily go long and the pessimist will go short an equal and opposite amount. Specifically, the

optimist chooses his demand so as to maximize his expected utiliyw W — n

- , 8This gives a demand for the optimists of:

P J— (1)

w equals the total demand on the stock maikef) in our baseline specification.

The situation is different for the pessimistjowill generally short sell the stocko short
sell she is first required to locate and borrow the shares that she sells. When shares are hard to

8 Thereby we implicitly assume that prospective lending feea@treonsidered as a motive for holding stock, as is
proposed, e.g., bpuffie, Garleanu, and Pedersen (2002)
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borrow, the equilibrium cost of borrowing the shasises above zero. We will model the $toc

lending market separately in the next subsection.

The pessimist solves the same problem as the optimist, except that the she will only short
sell if she believes that the expected profit per share from shafting-his greater than the cost
c,i.e.,if 1 — a8In this case, the number of shares sold shoftf) is equal to minus one

times the agentodos demand and given by:
0w — 2

This is different from equation (1) only because of the searchccdste stock market
clears if aggregate total speculator demand equals the total supply of zerodi.e.,af Tt.

This gives us the market clearing condition for the stock market as:
n o - (3)

Corollary 1: The mispricing will always equal one half of the costs of stlting one

unit of stock, i.e-.

Figure4 Panel A illustrates the supply and demand functions as well as market clearing
in the stock market.

INSERT Figure4 HERE

44 The Lending Market

Consistent wittUSinstitutional restrictionsshare of stock must be borrowlebefore they
can be sold short, and can only be borrowed for the purpose of short selling. Thus, the number of
shares borrowed is at all times equal to the number of shares soldr'shexjtiilibrate spply and
demand of shares, there is a price/cost of borrowargshare ot. In order to shorsell stock,
pessimists borrow shares on the lending matkisen our model specification, the only borrower
of sharess therepresentativeessimistic specular whowants to shorfThe number of sharehe
borrows in the lending markef) @ his necessarily the same as the number of sisaeshors,

as given in equatiof®):
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~
\ g

0 n _— (4)

Note that, given the institutional features discussed above, the equiliwimowing

will also be the short interest for this stock.

We model thesupplyof shares to the lending markat a function of thenit borrowing

costc as:
0 @ - )

The intuition for thisspecificationis as follows: first, draction_ of the passive investors
are willing to lend out their shares in the lending markée can think of this as institutional
lending supply, coming from index funds, pension funds, etc., that have set up a stock lending
program. As long as the demand to borrow shares is less than this institutional supply, the
institutions compete in the lending market, driving the cost of borrowing to ldewever, &er
the institutional lending supplys exhausted, finding additionahares to borrowequires the
payment ofsearch costslhese search costs increase the more shares are demanded. Rearranging
equation(5) to the costs of borrowing orshareof stock, giveghe shortsale cosfunction

@0 @ & afit O

— (6)

with the first derivative with respect éhortinteresth (for0 _)equalto— ffor0 11, which

representsthe marginal shossale costs per unit with respect shortinterest Conversely,
T governs the slope of the lending supply curve after its kink at institutional lending suagly

can be seen iRanel B ofFigure4.
Multiplying equation(6) with L, gives the total cost of sheselling(for 0 _):
00 t0 0 @)

Taking the first derivative with respect to short interest gives- 2z ¢0

Consistent with the empirical evidence documenteldigsinski, Reed, and Ringgenberg (2Q13)
marginal search costs increase with the number of shares borrowed. If the entire market

capitalization isborrowed { p), the total costs of sheselling are# p zp 1 . Short
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selling one unit (i.e., the total number of shares issued by the firm) is cheaper for stocks with higher
institutional lending supply as stocks borrowed thorough the institutions dacnotsearch costs.
An alternative interpretation of the cost parameterould therefore be the total search costs for

borrowing one share if no costless lending is available.

Our implicit assumption is that the lending market is a perfectly functionisdket)
meaning that each stock borrower must pay the equilibrium cost perssancknot the marginal
cost of finding his own additional share. We can imagine a clearinghouse that collects the supply
and demand schedule and then sets the equilibriure foiclending accordinglyThe passive
investors earn the rents from lending their shares but, by assumption, this does not affect their
decision to hold the underlying shar8snilarly, those who can find shares to borrow at a cost of
less tharare (effectively) assumed to lend those shares out at the equilibrium coShetotal
cost of shorselling a given quantity of stock is hence the producbafdd, i.e., the rectangle

spanned by the chosen point on the lending supply curvtharakes.

Corollary 2: The costs of shogelling one unit of stocf 0 increase linearly ird by t

and the total cost8 0 of shortselling rise by the square of the quantity

If 0 0 we getthe lending market cleariogndition:

(8)

@ _ I,

=
—+1©
[
e-
€
€

45 Equilibrium
In equilibrium, both the stock and the lending market cl€he equilibrium shortsale

coststs, equilibriumpricen” andequilibrium shortinteresty’ come fromequationg3) and(8):

S adee——nNr, (9)

n oo -, (10)

¥ — aE—n——m:. (19
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Corollary 3: Equilibrium shortsale costs$ and consequently mispricing increase with
divergenceof-opinion | , search costst and decrease with institutional lending supply

specul at or srgandvolatikty odtheestock i. 0 n

Equation®r ef |l ect s t hat, I n this setting, i f
stock — is smaller than the available institutional lendinghen competition between the

institutional lenders drives the cost of borrowing éoz i.e..65 Tt In this case, both optimistic

and pessimistic views are fully incorporated in the price, so the stock price reflects the average
valuation which equals the fundamental valgé, . However, equatio(®) also shows that if
zerocost pessimistic demand exceedshen locating shares to borrow requires search costs and

a positivecs emerges in equilibrium. In this case, Equaffitf) shows that the pessimist shorts
fewer shares, resulting in a price higher than the fundamental vafue w as reflected in

equation(10). Equation(11) further shows that equilibrium short demand is equal to-zesb

shoring demand— if ¢ mand equal te——if & T i.e., the parameters of the lending

supply curve enter equilibrium if and only if a positie emerges in equilibrium. As z z,
equilibrium shorting demand is then equal or smaller than thecost shorting demand. The
difference between zemst shorting demand afdlif ¢  Ttis increasing in search cogtsnd

decreasing in institutional lending supply

Corollary 4: If— _fthends mh)® 9 hand )" p8That is there ismispricing
and positive shorselling costs.

Z

When disagreement is zefo ( 1), thendS " T If | rhdemand for borrowing
will be positiveand the number of shares that will be borrowed depends on the amount of
disagreement-or tiny| , the perceived énefits for the pessimist to shorting are smitius, the
search costs that will be expended must be small, which will only be true if borrowing is
approximately equal to the institutional lending suppigr a larger value aof , demandfor
borrowing rigs,asthe pessimist withalow private valuations willing to borrow at higher costs.

The equilibrium lending fee and short interest increase monotonically in

INSERT Figure5 HERE
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Figure5i | l ustrates the model 6 saryinggtwoiof thefve i um by
parametergdivergenceof-opinion| , search cost§ institutional lending supply, risk aversiori

and risk,, ) while holding fixed the othethree In Panel At ¢,/ pand, p. Mispricing

increases linearly with divergeno#-opinion| 8However, mispricing only occurs whea- _;

hence the diagonal threshold to the left of which we see no mispricing. Decredsiegrly
increases the mispricingccordingly, shorinterestincreases more quickly wheostlesdending
supply is not exhausted yet asigortinterest immediately reflects the full demand of pessimists,
and,regardless df , we observe no mispricingo the right of this barrier, shentterest exhibits

a flatter slope, when shorting additional shares induces search costs.

In PanelB,] p,_ Tdand, p,ie. 10% of the passive investors are willing to
lend out their shares for free. Mispricing is severe for high search costs, iteghfealues off.
For a given level oflivergenceof-opinion| , mispricing is a convex function d¢fi more convex,
the higher thedivergenceof-opinion Pertinently, shofinterest decreasesoncavely witht,

eventuallyapproachinghe limit off when searcltostsapproachzero.

Panel C illustrates how only has a large influence on the pricefiis large because
otherwise shorinterest is large, in light of small search costs. Panel D finally shows the influence
of risk aversiory . On theright, we can see how there is sygeculation and nmispricing as long
as the speculatoese riskaverseenough. Onlyfor smaller riskaversion and smaller risk ), we
observe @onvexincrease in mispricingnd shorinterest In the limit, when speculatsapproach

risk neutrality(" © 11 mispricing peaks

46 Model with an Excemlsbiver ®peéumi st and

The outlined model can easily be modified to capture the interaction between an excessive

optimist and a rational arbitrageur with high risk bearing cap#citige optimistdemang w
stocks as before The pessimisis substituted with an arbitragewvho knows the

fundamental valu&/. The arbitrageur is willing to short sell for ggs abovet @and shorts

w ——. We assume thdhea r b i t griakébearing 6apacity is much higher thtoe

risk-bearing capacity afhe optimist. Expressed in terms of risk aversion, this imglieg T

11 SeeBlocher, Reed, and Van Wesep (2Q18)pendix A, for a similar exercise.
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Solving the model yieldsd and @ | A@ M. It is
straightforward to show tha‘toléﬁ ® @ Stocks only become mispriced if shorting demand

exceeds free lending supply and a positive c results in equilibrium. Mispricing caused by a positive
shock to] follows the same compative statics as in thbasemodel. An alternative way of
interpreting our empirical strategy is therefore the identification of mispricing caused by excessive

optimism that cannot beompletelyarbitraged away due tagh shorting fees

5. Dy n a miBesl ioef
51 Stylized Facts aBelutefhe Dynamics of

Before we move on to a dynamic version of the model, it is helpfestablish several
basic stylized facts about the dynamicdefiefs First, it is important to acknowledge the close
relationshipbetween excessive optimism and disagreement. A shock to disagreement in the
classi@l sense implies an increase in the range of belied® equal rise in pessimism as in
optimism. Hence, such a shock affects the variance of the belief distribution\mg the mean
of the distribution unchanged. If we instead assume that only the right side of the distribution is
affected, i.e., optimists become even more optimistic, while pessimists do not change their beliefs,
we also experience an increase in variabeg this time it is accompanied by an increase in the
mean of the distribution as well. As noted in the previous chapter, pessimists could even be much
closer to the true fundamental value and be labeled arbitrageurs.

In this subsectionwe use earngs forecast dispersion data as a préotyany form of
disagreemenfand remain agnostic about which form it, iaghd examine using this proxy how
disagreement evolves over tinwghile earnings forecast dispersibas been used in the literature
to proxy for disagreement, it is only available for larger stocks where we typically do not observe
binding shortsale constraintd-or example, only 9% of the stookonth observations that we
identify to have low institutional ownershipe., in the bottom quin#) have noAmissing earnings
forecast dispersiorHence, to study returns, we will resort to the proxy generated by our model,
i.e., a high past return accompanied by a high change in short inBsresing so, we assume that
dynamics of earnings foredatispersion apply to the dynamics of latent disagreement of all stocks

in general, including those where earning forecast dispersion is not available.

INSERT Figure6 HERE



19

Figure 6 is a histogram of yearly changes in disagreement. Observations aceumula
around zerpindicating that for most stocks in thkS crosssection, disagreement stays relatively
constant.Additionally, there are notable clusteirs the far tails The question is whether these
extreme values are somehow forecastable with pastvatiess.

INSERT Tablel HERE

To analyze the dynamics btliefs we first sort stocks into 10 portfolios based on the
precedingy ear 6 s change i n earTabled gresenfs csome desiptived i s p ¢
statistics. Portfolios contain 222 stocks on average averagenaiket capitalizations smaller in
the more extreme portfolioAwveragelnstitutional ownerships relatively highi over60%in all
portfolios. Short interest over institutional ownership, a rough proxy for stadet constraints, does
not exceed 14% iany portfolio, indicating that shesiale constraints most likely playnegligible

role in these portfolios.

Nonetheless, we can check our hypothesis that an increase in disagreement in the past is
followed by resolution of disagreeme/s described in the introductioRijgure3 plots earnings
forecast dispersion from 1 year before until 5 years after portfolio formation. The higbecha
portfolio distinctly reverses to a similar level as before within roughly 5 years, thus confirming the
resolution of disagreement hypothesifie second highest change portfolio already exhibits a
much lower increase in disagreement, indicating thhgelahanges are very rafighere seems to
be a small predictability in the other direction, as the low change portfolio slightly bounces up after
portfolio formation. This increase is tiny in magnitude compared to the predictability of the high
change pofblio, though, and the level arrives nowhere near its previous high, but rather in the

neighborhood of all other stocks after 5 years.
INSERT Table2 HERE

In Table 2 we predict future changes in earnings forecast dispersion over 1 year with
positive and negative earnings forecast dispersion chawvgeshe past year, using tRama and
MacBeth (1973procedure. The results confirm that positive past changes strongly predict negative
future changes. In contrast, including negative past changes to the regbessly increases the
time-series average of the cressctional R2. The coefficient estimate for positive past changes is

larger by an order of magnitude than that of the negative past changes.
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We conclude that the dynamics béliefs approximately follev a two-state Markov
process. Most stocks in this crosssection have low levels of disagreement and fluctuate around
that level. Occasionally, we observe large unpredictable jumps in disagreement. These are followed
by resolution of disagreement, whichthe only stylized fact we identify that is predictable with
ex-ante available information. Except for this, past disagreemdmtliefsdoes not help predict
future disagreement. In particular, stocks where disagreement came down in the past are not mor

likely to become high disagreement stocks in the future again than other stocks.

52 DynamiBel i af $ he Model
Based on the dynamics béEliefs price predictabilityin our model shouldrise after a
positive disagreement shock. Intuitively, the bi t r agepes ismiost d&dehi gh s hec
drives shorting costs up. Due to high lending fees, the opinitimsomore pessimist agentis
not fully reflected inhis demangdwhile the optimish demand fotherlong positionis as high as
the shorting demand of theessimisis would be if shavereunconstrained. Prices overshoot and
are predictableluetoa combi nati on of the optimistoés over
market participants to correct the mispricohge tothe shorting rarket friction

We extend the model to a simple three period setup to illustrate this intiitipariod
0 T there is no disagreement about the paicé speculators stay out of the maylset T,
A° ® and ¢ T Period © p features the wholeorchestra of parameter variations

accompanying a mispricing situatices described in the previous section. We focus on a stock
with low institutional lending supply = — andnonzero marginal search costs 1, both of
which we assume to be tirigvariant,that experiences a shockdivergenceof-opinion| . The
equilibrium price will rise from its fundamental valueVftor)®  ®, resulting in darge return

1o . Assumingthat search costs are finitending-feesc3 1, and, short interest will also

go up, so that 0o T

Prediction I A stock with institutional lending supply — and search costs T

Hothat experiences a shock divergenceof-opinion| in periodo p, will exhibit a positive

returni o maccompanied with positivechange in shorinterestw 0o L
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The argumengoes througtior all stocks whereerocostspeculative demand exceeds

institutional lending supply— _ and where shortingearctcostsare neither zero nor infinity

e, T T H Holding _ and T constant, e larger the change in, the bigger will be the

observed returand the change in short interest

In periodd ¢ we impose resolution of disagreement, j.e., T, or, more geneaily,
| | . Consequently, for full resolution afisagreement, equilibrium pricg" ® and

speculators leave the market again.

Prediction2: A stock that experienced a shdoldivergenceof-opinion| in periodo
p, and that becamexpensive to shodue toa low value in_ andor a high value int, will
experience a reversal in period ¢, when disagreement is resolved, j.e., | . We

consequently observe a negative retusn 1L

53 Empirical | mpl i cati ons

What leads to overprieg in the model is a positive shock dovergenceof-opinion at
time 1, where demand from thebitrageur opessimist to borrow shares exceeds the supply from
the passive investorEmpirically, we can directly observe changes in shddrest, which ighe
key part of both the proxy fa shockto divergenceof-opinionandbecomingexpensive to shart
The former is comyted by combining the change inshbrint er est wi t h tilhe f i r
order to becomexpensive to shqgrthe firm additionallyneeds to haveolv institutional lending
supply, which ve proxy with observable institutional ownership. We assume that an unknown
fraction of institutiondgs willing to provide (virtually) costless lending. So in reality, institutional
ownership should beoughly proportional to institutional lending suppWherewe assumehe
coefficient of proportionalityo be equal for all stocks. Furthermore, we assume that search costs
for finding additional shares to borrow after institutional lending is exhaasésimilar and non
zero for the whole universe of stocks. Thus, we simpBed to findthose stocks witHow
institutional ownersip that experience krge returnandalarge change in shoiinterestat the

12 Through the trading that accompanies an increase and a subsequent decrease in disapeartei@nders earn
money at the expense of speculatortuitively, individual speculators trade based on false expectations about the
fundamental value, although speculators as a group are right on avertdgesimple case where disagreement is
symmetric Without lending costs, speculators as a group would neither win nor lose. However, with costly lending,
this group has to cover their trading cogippendix A briefly verifies this intuitionln the case of a rational
arbitrageur, the excessioptimist is the only agent in the model who loses money.
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same timeThese should be the stocks with thiggest identifiable overpricing and the model

therefore predicts low returns going forwaag a consequence of the resolution of disagreefent

Empirically, we will often see large returns due tamges in fundamental value. Tkey
to distinguish thesrom shocks talivergenceof-opinionis to focus on those that go haimdhand
with changes in shofthterest.Shocksto disagreemenand shocks to fundamental value are both
likely to be contemporaneous with news arrivgnce, if a lowlendingsupply $ock experiences
positive news, which is not interpreted in the same way by everylodypart of the large
observed return will be the change in fundamentals and another part will be duethartge in
beliefs Accordingly, the reversal need not bdage as the return in the first place, iab, o

3Do .

Similarly, there are other reasons $twort selling such as hedging, arbitrage or even tax
considerationsBrent, Morse, and Sticd990. Additionally, technical trading rules could trigger
large amounts of shesales Momentum, e.gdictates shorsaleswhen a stock has experienced
large negative returns. Agaifocusing onthe occurrence ofarge change in shortinterest
accompaniedby large positivereturrs helps toempirically distinguishtechnical shorting demand
from shorting demand caused bBiwergenceof-opinion by assuming that the technical shorting

demand for stocks with large positive past returngrisially zero.

6. Empirical Resul ts

61 Overpricing Among Winners

The model predicts that stocks with a shockliteergenceof-opinion can be identified
with a large past return and a large change in shtarest (Prediction 1) Ve know from Corollary
2, that ifsuch astock additionally has low institutional lending supplhich we empirically proxy
with institutional ownershipshortsale costs will be highAs a consequencéhe stock will be

overpricedand will experience a low future retu(Rrediction2).

The modelprovidesno guidancdor the distance between periodls mtando p, i.e.,

the timeperiod over which the past return and the change in-gtterest should be calculatells

13 1t should be notethat stocks for which sheselling is nearly impossible (i.e., wher® tand_© m) will be the
most mispriced but they cannot be identified empirically since stiotgrest and changes in short interest will be
close to zero (seeigure5 Panel C).
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a first cut, weuse a ongear (12 month) periqdskipping the return in the last month before
portfolio formation.Given the 12month return measurement period we have selected phisth
returns will proxy both for changes in disagreement, and for changes in fundararedturther,
assuming that the momentum effectasresult of continuing incorporation of fundamental
information, the high past returns of our sample of§imay result from either positive shocks to
fundamental valuer from shocks to disagreeme@ur shortsale constrainedigh past return
firms couldtherefore have higher average returns than the average firmsartime because of
the momentum effeciThe key prediction of our model igot that these firms earn low future
returns relative tohte average firm in the economy, but rattieat they earn lower returns than

unconstrained, higpast return firms.

We measure changes in shorterest over the same-tionth periodSince shorinterest
Is always reported in the middle of the month, \Wwét &s ranking window two weeks to the right,
i.e.,while returns are measured from the beginning of montip ¢o the end of month p, the
change in shotinterest3"Y'Ol¥ calculated as the difference of the level from two weeks ago vs.

elevenanda-half months ago.

We single outandidateoverpricedstocks by triple sorting: We first divide the universe
of stocks intaquintilesaccording to their past retuilithin each group, we independently sort on
the change in shemterestz"Y ‘Canid thdevel of institutional ownership IORagain into quintiles.
Making this an independent sort helps get more independent variation in both vatitinetve
by-five-by-five sort provides us with 125 portfolidsach portfolio is valuaveighted, both towaid
liquidity-relatedbiases associated with equeaighted portfolios, and to ensure that the effect we

document is not onldriven byextremely low market capitalization stocks.

Ourmo d entaid empiricapredictionis thatidentified overpriced stockwill have low
returns going forward, as disagreement is resolVatle3 reports the onenonthforward return
of the 25 winner portfoliogPanel A) and 25 loser pootios (Panel B)® The stocks where we

expect the largest overpricing, i.pastwinners with the lowest institutional ownership and with

14 As a robustness check, we present results from a 5x5x5 sequential conditional sort in Appendix D, where we first
sort into quintiles based on past return, then, ¢mmdil on that, into quintiles based on institutional ownership and
then, again conditional on the latter, into quintiles based on change ifirdboest. Results are, as expected, less
extreme, but still highly statistically significant.

15 The return®f the remaining’5 portfolios can be found in Append&
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the largest change in shamterest (bottom right corner portfolio), have an excess retih @$%

per month, on average. This number appears particularly large in magnitude when compared to the
other winner portfolios. While its direct row/column neighbors also seem slightly affected, all other
winner portfolios feature large excess returns with an average around 1% per month. Comparing it

to the high institutional ownership stocks, while remagnimthe winner and highY ‘O'dw, results

in a difference 0f2.71% per month with a Newaj/est tstatisticof -5.02 This difference cannot

be explained by the thréeama and French (1998)ctors (FF3), as can be seen in the rightmost

col umn. Similarly, t a k iprdifferencd produces|an axoedssretuono t t o

of -2.2%% per month(t-statistic-3.88) which can also not be explained by FF3.

In our empirical analysis, we concentrate on the implications of our model for past
winners.Nonethelesstiis interesting to see thefe€ts of institutional ownership and changes in
shortinterest amondpsers Panel B reveals that the bottaight losers are also the ones with the
lowest returnd in fact, even lower in absolute terms than the bottigimt winners. While the raw
excesgeturn is quite large in magnitude, it is noteworthy that parts of these returns can be
explained by a negative loading on the momentum factor, i.e., these stocks being extreme losers
(Table7 Panel C, column 4). This is also confirmed, when looking at their past returns, which
amount to47% (Table6 Panel C). Furthermore, goingdkato the regression results frdrable7
Panel C, the portfolio loads heavily on IV@hd the CME portfolio fronDrechsler and Drechsler
(2016) based on a sort on the ratio of skoterest to institutional ownershipnd the alpha
becomes insignificant whegither of thesdactors is included.Table6 Panel H shows that their
pref or mat i on mo nt ldosgthé largesof all gortfolios dvigh&.83%, while Panel
B exposes them as micro stocks with a valeéghted average market capitalization of $0.33B.

INSERT Table3 HERE

Coming bak to past winnersfFigure 7 proceeds to track the bottom right corner
p or t fabronmal gnsth respect to the three Fama and French fag@er®rmance over the
sulsequentenyears after portfolio formation, by plotting its cumulative-gesseturn. We
observe a steegpgnificantdecline within the first 18 months that slowly flattens atl becomes
insignificant after roughly fourto five years. In totalthis hedged portfolio othe overpriced
winners lose almost 70% in value ovetthe first 5 years, on averag&he poor performance

observed in the first monteems to be highly persistent.
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INSERT Figure7 HERE

Next, we check whether some of our model 6s
data. Our aim was to find stocks with hidiwvergenceof-opinion One empirical proxy for this is
analyst forecast dispersion discalyearend earnings, calculated as the standard deviations
normalized by the mean. They are displayed for the 25 winner portfol@anel A ofTable4.
The bottoraright-corner winners apparently are the ones with the highest forecast dispersion with
23.41% among the winners. The average of middle, i.e. neither winner nor loser, portfolios is
8.41%. Only a number of loser portfolioshébit largerdivergenceof-opinion, while it is 23.13%
on average among losers. However, our model makes no predictions about losers. Overall we can
conclude that we do seem to pick up considerdbtergenceof-opinion with our proxies.A
natural questio to ask would be why we do not use forecast dispersion directly as a proxy. First,
this measure is not available for a considerable fraction of stocks, since we need forecasts of at
least two analysts to be able to calculate a meaningful standard dewatditionally, we would
induce a bias to our sample, as we would exclude precisely those firms, where such ov&pricing
more likely to happen, i.e., smaller firms with low regular analyst attention. Here, we use the
measure as a sanity check, with gubset of stocks that our procedure selected, for which it

actually is available.
INSERT Table4 HERE

In addition, we also consider the change in forecast dispeosi®nthe preceding 11
months in Panel B. As one can see, loser stocks tend to experience large shocks to this proxy for
disagreement. In contrast, winners generally experience a decrease in disagreement over the
formation period except for the bottomight corner winners. Here, forecast dispersion goes up

considerablyby 5.13 percentage points.
INSERTFigure8 HERE

Our main theoretical prediction further relies on the assumption that divergence
opinion(which can be based on excessive optimismgsolved from period 1 to 2. Figure8 we

plot the valueweighted average earnings forecast dispersion of the bottom right corner winners
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over five years subsequent to the formation pefiddisagreement quickhdrops right after
portfolio formation. The decrease continues for at least a year. The empirical pattern in this
disagreement proxy is consistent with the empirical pattern in returns, as shéwguia 7.
Disagreement is resolved within roughly 12 to 18 months after portfolio formation, on average.

The bul k of the corner portfoliobs negative

The model also predisthat the selected stocks became very expensive to sell short. To
examine thiswe calculate two additional measures. Panef Aable5 displays SIRIO, i.e., the
number of stocks currently being shorted (short interest) divided by the number of stocks held by
institutions (institutional ownership), followinBrechsler and Drechsler (2018)his measure is
particularly attractive as it has an interpretation within our model. It tells us how close or how far
above we areot the institutional lending supply threshold. Assuming the unknown fraction of
institutionsthatare willing to lend out for free is one, for instance, a SIRIO measure above 100%
would indicate that the demand for sheelling is larger than institutionkdnding supply and thus,
investors are willing to pay high search costs in order to still be able to short the stock. In Panel B
of Figure4 this would correspond to a situation where we are far above the kink in the lending

supply curve and costs are now fEB10.
INSERT Table5 HERE

The numbers in Panel A ©able5 clearly speak in favor of this phenomenon. On average,
the bottormright-corner winners ehxbit a SIRIO of 238.4%6, which suggests that they are
substantially past the point of free lending and skeliing these stocks is really expensive.

A second proxy for shodale costs is calculated with options data. Followdngmers
and Weinbaum (2010yve calculate the volatility spread at moswetid ofmatched put/call option
pairs. A large negative number indicates a strong deviation froroaiytarity in the direction of
the putoption beingrelatively expensive. This has been linked to stsate constraints by, e.g.,
Ofek, Richardson, and Whitelaw (2004)gain, the bottorrright-corner portfolio stands out with

a value o0£5.32%.

16 For the figure, we resort to a 3x3x3 sort, as earnings forecast dispersion is only available for a small subset of firms
in our portfolios. For the corner winners in the 5x5x5 sort, this sabsgprises 0 firms in 28% of months and less
than 5 firms in 76% of months. The corner winners in the 3x3x3 sort have at least 5 firms with earnings forecast
dispersion in 94% of the time.

a
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Some basic characteristics about these portfolios are repoietlet. Panel A reveals
that on average, our portfolio of overpriced winners contains 16 sto€kere are portfolios that
contain substantially more, but it is not the smallest portfolio of all. The independent sort leads to
an inverse tshape with respect to portfolio size among low IOR stocks arshape for high IOR
stocks. Similarly, PanelBerv eal s t hat our p o rweighted averagmarkett o c k s
capitalization of 8.33.18 Again, this is small, but far from the micoap threshold in fact, this
is well above the 40% quantile from December 204ihg NYSE breakpoints. Amongehoses,

numbers go down as low as@M for the portfolio containing the smallest stocks, on average
INSERT Table6 here

Winners have gained a little over 100% otlee 12month ranking period (Panel C). The
bottomright-corner winners stand out with more than 200% returns. This seems consistent with
the idea thatheir prices havesubstantially overshot. At the same time, sha¢rest has increased
by 7.18 percetagepoints, which is the largest number in the whole high change inisierst
row. That is quite surprising, as such a change would have been easier to achieve among stocks
with a larger share of institutional ownership and accordingly larger instih lending. Hence,
this hints at our identification being successful in identifying stocks with large overpricing, where

rational or pessimistimvestors are willing to take on large search costs in order to short them.

Panel E confirms that our sastsuccessful in filtering out stocks with little institutional
ownership. On average, a little less than 7% is being held by institutions for these stocks. The level
of shortinterest (Panel F) is large for the bottoight-corner stocks, butthe highIGRt oc ks 6 | ev
is even higher. Also, stocks with a low change in shmetrest tend to have a level of shmtierest
that is well above that of alhree middlechange portfolios. This suggests that there is a lot of

persistent shorselling going on. Tis could, for instance, be for hedging purposes Btd.

17 AppendixD contains, as a robustness check, results with a 3ikid of a 5x5 sort within the winaguintile. This
leads to more stocks in the portfolio of interest, but the underperformance of it remains strong and statistically
significant.

18 Excluding the20% smallest stocks by market capitalization still resoliarge negative returns for the bottom
right corner portfolio, as reported in Appendix D. This should not come as a surprise, as our portfolios are value
weighted and hence dominated by their largest members. Also, our portfolio of interest doetimottmamallest
stocks, as these are located to a large part within the loser quintile.
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differently, it is likely that the share of shorting activity that is due to speculation is much higher

for stocks in the bottormght corner portfolio than for high IOR stocks.

Another noisy proxy d r mi sprici ng c-&omarketeratim Pahal 6 mo s
confirms that our identified stocks are the most expensive relative to theiwbbhmamong the
winners with a ratio of 17.65%which is in line with their relative outperformance over the iramnk
period. In addition to this, these stocks exhibit the largest idiosyncratic volatility relatiV@atoaa

and French (1993-factor model within the month prior to portfolio formatifanel H)

62 Trading Strategy

Based on the findings aboveye construct a longhort portfolio that captures the
discovered abnormal returns while hedging out systematic exposure to the market and standard
momentum. Wéorm a longshort portfolio bytaking an equal(1/24)long positionin each winner
portfolio, excet that containing the overpriced winneasd go shorthe portfolio of overpriced
winnersThi s fABett i ng (BAY)ssirategytdeliwis anraenuas Sharpéo of 1.08
and an annualized excess return of 36%, which corresponds to the monthlyeaseress return
of 2.57% (tstatistic of 5.44) as displayed Tiable7, column (1).

INSERT Table7 HERE

We further explore the nature of the BAW portfolio by regressing its monthly returns on
well-known factors. A CAPMegression on the market excesturn reveals a slightly negative
loading on the market and the alpha corresioagly increasesnoderatelyto 2.78% (column 2)
compared to the raw excess return. Col{&meveals a significantly negative loading on the SMB
factor, indicating that our overpriced winners tendawary withsmallstocks However, the alpha
is almos the same as befoamd theistatistic remains large. When we include the stan@artart
(1997)momentum factorthe alpha remains virtually unaffected. The loadingthe momentum
factor (WML) is 0.03. Hence, our BAW portfolio is momentuautrali a consequence of being
long and short past winner stocks. Column (5) shows that BAW also does not significantly load on
IVOL (Ang, Hodrick, Xing, and Zhan@008§. Interestingly, its inclusion drives out the significant
SMB loading. The abnormal return is at 2.55% witkstistic of 5.94.The portfolio furthermore
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neither loads on thPastor and Stambaugh (2008uidity factor® nor on a shofterm reversal

factor? Not surprisingly, the BAW portfolio loads positively on the CME portfolio, as the BAW
portfolio is short in stocks that should be e
decrease after inclusion of the CME factor, bat @ME portfolio is only able to explain part of

the returns to the BAW trading strategy. Even if we include WML, IVOL, LIQ, REV, and CME
simultaneously (column 9), BAW still has an abnormal return of 1.86% wistaistic of 4.20.

We can conclude that¢ BAW portfolio cannot be explained by exposure to any commonly used

factor and is distinct from other asset pricing puzzianel B repeats the analysis with excess

returns of just the sheside of BAW, i.e., returns of low IOR, high change in SIR \ensress the

risk-free rate. It becomes apparent, tmaistof the conclusionabovestem from the showuide of

BAW, i.e., from the Aoverpricedod winners.

Figure9 plots the cumulated legeturns of the BAW portfolio ansix well-known long
short strategies over the full sample period from June 1989 to DecembeTROBAW portfolio
dwarfs most other strategies, such as thefaetrs. Momentum and IVOL perform simily well
until the early 2000s, but go virtually flat afterwar@onsistent with its high Sharpatio, he
BAW portfolio almost always performs well, rarely experiences long epiases and quickly
recovers from shoierm drops. Notably, it does notpeer i ence severe fAcr a:
momentum in the aftermath of the dotcom bubble or the financial crisis, when markets rebounded
(Daniel and Moskowitz2016). It also continues itstriking performance throughout the last
decade, a feature that only the maskatess returand bettingagainstbeta (BAB) are capable of

offering.
INSERT Figure9 HERE

Wheter or not these large abnormal returns can be earned by investams an
empirical questiopon the other hand. The stocks in the bottaght-corner portfolio are precisely
the ones that we hypothesize todxpensive to sharAlmost certaity, shoting these stocks will

¥The l'iquidity factor ti me series i s downl oade
http://faculty.chicagobooth.edu/lubos.pastor/reseaflast accessed on February 25, 2016).

20 Shortterm reversal igsalculated as the return of the average of small and large recent losers minus the average of
small and large recent winners from a 2x3 independentsas n mar ket capitalization anc
NYSE breakpoints, closely foll owing t he i nstruc
http://mba.tick.dartmouth.edu/pages/faculty/ken.french/Data_Library/det st rev_factor(tdstl accessed on
February 25, 2016



http://faculty.chicagobooth.edu/lubos.pastor/research/
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/det_st_rev_factor.html
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be expensive. In order to assess the profitability of the BAW portfolio as a trading strategy, we

would requiredata on actual loafees.

63 Returns of Conatf tEmirrnneidn gV8i nAnnenrosu n ¢ e me |
One point in time when disagreemenlikely to be resolved is when firms announce their

earnings(see, e.g.Berkman et aJ.2009, which usually happens once pgrarter Figure 10

displays average log excess returns of constrained winners as well as all other winnertharound

first earnings announcemeatter portfolio formation, i.e., within the first three month€onsistent

with Aboody, Lehavy, and Trueman (2010¥inners generally underperform after earnings

announcements and slightly outperform in the degding up to the announcement. Constrained

winners, however, loseonsiderablyand significantlymore on thdirst three daydollowing the

announcement.
INSERTFigure10 HERE

Summing up théhreepoint estimategthose that are significantly smaller than zejiogs
a cumulated log excess return282%. The cumulated log excess return earned in the first quarter
after portfolio formation is3.46% in total Thus, 67% of the negative returns of constrained

winners within the first three months are accumulated around earnings announcements.

64 Equity | ssuance of Constrained Wi nne
Financial economists have now accumulated substantial empirical evidence consistent
with the view that manager s try to Bokermmd t he r
Wurgler, 2002 and the references therein). CFOb6s t he
equity if they perceive their market valuation to be below the fundamental \@abam and
Harvey, 2001). Following this logic, managers who view their equity to be overvalued should issue
equity to leé current shareholders benefit from high market valuatiédhough, perceived
overvaluation is much less common than perceived undervaluation among corporate managers
(Graham and Harvey001, page 219), we hypothesize that at least some managers of firms in the
constrained winner portfolio think their equity is overvalued.
To test thisdea, we look at the composite equity issuance measraniél and Titman
(2006) They define this quantity as t htentippart of
cannot be expl ai ned b yPoatiffdnd Wondgat20908. @e uildthe t ur n
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composite equity issuance measure for each firm ow@x-monthtime period, starting three
months before portfolio formiain (at the beginning of month and ranging to three months after

portfolio formation. The individual measure is defined as
.. 0O .- .
— 5 1 W [ ¢ S B (12

where tis thdirst monthafterportfolio formation. The composite equity issuance measure
of a portfolio is calculated as the valueighted average of individual composite equity issuance
measures. We builg-; . for all 25 winner portfolios. The quantity measures the net edfeal
issuance activity like equity issuesmployee stock optiomplans, share repurchases or cash
dividendsaround the time of portfolio formation, i.e., around the time where constrained winners
are supposed to be overpriced due to a positive shat&agreement.

INSERT Table8 HERE

Table 8 presentghe results. Consistent with previous literature, winner sttekg to
issue equity on average. Furthermore, net issuance activity seems to decrease with institutional
ownership. The number that stands oufamle8 is the 1275in the bottoraright corner, showing
that 1275 percentage points of the increase in market capitalization of constrained winners cannot
be attributed to their stock returns. Constrained winners as a group are therefore much higher net
issues of equity than the groups of firms in any other winner portfolio, consistent with the idea
that managers of these constrained winners consider their equity to be overvalued and that they are
trying to use this window of opportunity in favor of their slieers. Given that most managers
appear to be overoptimistic regarding their own firgrospectsBen-David, Graham, and Harvey

2013, we consider the differensén the composite equity issuance measure to be substantial.
INSERT Figure11 HERE

Figure 11 tracksmonthly composite equity issuance of the constrained winner portfolio
over timein the months before and after portfolio formation (t=0). It becomes apparent that
issuance activity peaks around portfolio formation, i.e., when we identify a stock to be most

overpriced.
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65 Specul ator At t-2alte o@Qomntdr &ihmotr &
AppendixB presentsan extension of our model. Insteadnebdelingthat there argust
two representative investorsone optimist and one pessimistve assumehere a continuum of

speculators with uniforty distributed beliefon the intervalwop | Mo p | . We further

introduce a parameterwhi ch gover ns t he Intuitivel]l carsbp thaughtoht or s €

as capturing the quantity of speculators in the economy: & high reflect the presence of a large
number of speculatorsho are willing toputtheir capital at risk in betting oa particulaistock.A
crosssectional interpretation df is attention; those stocks that gedreattention of speculators

haveahigher .

Attention and risk aversion play a very similar role within éiéende model, as they
both govern the amount of speculative activity. Speculdtmm®wingand stock demand increases
in attention and decreases in risk aversion. In fact, as shown in the Appendix, the limits of the
equilibrium quantities are the samejfo? Hband forf © T1tin the extended modeThe resulting
empirical predictions that increases in attention cause ovenpgi among shorsale constraied
stocks. These stocks earn negative abnormal returns going forward.

There is alreadinitial empirical eviegénce supporting this predictioba, Engelberg, and
Gao (2011)showthatan increase in th&oogleSearch Volume Indefor a stock ticketin one
weekleadsto high returns over the two following weeks. Stock @rexerse within a yeaHillert
and Ungeheuer (2016ke 90 years of media coverage of US firms in the New York Times. They
find thatfirms with above median increases in media coverage outpefifonswith above median
decreases in media coverage by about 10% in the formation year. Subsequently, haktofrthis
differencereverse®vera threeyearperiod Our model delivers the additional aintb the best of
our knowledgé untested prediabn that attentiomdriven stock price increases are concentrated
among stocks with low institutional ownershiphese stocks cannot be easily shorted by
arbitrageurs opessimistsvhoseattention was directed to the fir@ur model further predicts that

increases in attention are accompanied with increases in short interest.

7. Concl usi on

Our model provides a simple framework for considering the effect ofshl@tonstraints

and excessive optimism odi sagr ee ment about a stockates val

L
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endogenous. It generates cleat and testable hypotheses, and suggests that a high past return
together withlow institutional ownership and large change in shariterest is a sign of a shock

to optimism. This prediction strongly contrasts witle €mpirical regularity of price momentum;

that high past return firms continue to experience high future returns. We argue that the reason the
momentum effect remains strong among winmemsggregate is because relatively few firms are
shortsalecongrained (consistent with the empirical evidence on the lending market presented by
D6 Av ,®00P.o

In most theoretical models designed to explain the momentum effect, the high past returns
of Awinnero stocks are a result of posthati ve c|
it captures the effect of changes in optimism. Our model shows that, for constrained firms, positive
shocks to optimism results in high contemporaneous returns, overpricing, and low future returns.
For a sample of constrained firms that have expeghah returns over the past year, it is likely
that both positive fundamental shock and shocks to disagreement will have contributed to these
high past returns. Going forward the two shdckgndamental and optimisinhave opposite
effects on expected futeireturns. In general, resolution of divergen&®pinion should dampen
the momentum effect. For large optimism shocks among stocks that are difficult to short, the

resolution effect may even dominate, consistent with our empirical findings.

Based on thigdea, we isolate the high pagturn firms with low institutional ownership
and which experience large changes in sinbetrest over the preceding 12 months. We find that a
valueweighted portfolio of this set of past winners earns future excess refuih€6%/month.
After controlling for exposure to theama and French (1998)ree factors, th€arhart (1997)
momentum factor and th&ng et al. (2006)diosyncratic volatility factor, the magnitude of the
unexplained return increases-th58%/month (t=5.84). Also, in contrast to the shor®orizon
momentum returns, the negative excess returns of this portfolimgerfor the next 4 years. Were
it possible to short this portfolio of overpriced winners, and hedge this short position by buying a
portfolio of nonshort constrained winners, we show that such a strategy would generate a Sharpe

ratio of 1.08, and a stngly positive, highly significant alpha after controlling for standard factors.

Our analysis also speaks to the ongoing discussion about the presence of bubbles in

financial marketsFamastateE Bu b bl es ar e special <casesatveof mar
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returns differ predictably from equilibrium expected returns for sustained périod&e show that
irrational rurups in prices of constrained stocks lead to forecastable negativielomgeturns, a
pattern that could be labeled an individual bubBlar empirical evidence shows that individual
bubbles are identifiable in all time periods of our sample and are not only present in one specific

time period.

Our results are supportive of the idea that skal# constraints sideline more pessimistic
market opinions, and, when they coincide with excessptanism, result in overpricing. Based
on a parsimonious model, we propose a simple empirical strategy for identifying a subset of stocks
that became overpriced through this mechanism. The puzzle that remains is what the shocks are

that are leading to egssive optimism, and to the resulting overpricing.

2l From a 2002 email exchange between Eugene Fama and Ivo Welclsee http://www.ivo
welch.info/teaching/famaconversation.htfalst accessed December 23, 2016



http://www.ivo-welch.info/teaching/famaconversation.html
http://www.ivo-welch.info/teaching/famaconversation.html
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Figures

Figure 1: Cumulated log excess returns if80 months after formation

This figure plots the cumulated log excess returfoof portfolios in the60 months after portfolio formation (t=0).
The portfolios arehe market andhe pastwinner (pastloser)portfolio, a valueweighted combination of the 2066

the stocks with thbest(worst) cumulative return over the period from morif2tthrough month-2. The onstrained
winnerportfolio is a valueweighted portfolio of winners with low institutional ownership (smallest 20% at formation)
and a high change in short interestrae preceding year (20%uintile).
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Figure 2. Performance ofhedged pastwinners, pastlosersand constrained winners

This figure presestthe time series of values for a eéthedgedportfolios the pastwinner (pastloser) portfolio in

month tis a valueweighted combination of the 2096 the stocks with théest(worst) cumulative return over the
period from month-.2 through month-2. The @nstraineewinnerportfolio is a valueweighted portfolio of winners

with low insitutional ownership (smallest 20% at formation) and a high change in short interest over the preceding
year (20%quintile). To calculate the portfolio value, we assume an investment at the begindimgeb$89 of $1,000,

which is invested in the portfolidVe also assume that tlegposure to MkRF, SMB and HML are hedget@ve
calculate the hedging coefficients by running a-$alinple regression of the portfolio returns on iRk, SMB, and

HML. Then, usingthe full-sample regression coefficients, we subtract the returns of theizesiment)hedge
portfolio [bwmk*(Rmke-Re1)+bsms*SMB+ buw  *HML {] from the paswinner returns to generate the hedged portfolio
returns.
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Figure 3: Dynamics of earnings forecast dispersion

Stocks are sorted based on their pagedr change in earnings forecast dispersion into 10 portfolios. Their level of
earnings forecast dispersion is tracked over time, from 12 months before until 60 monthsréfito formation
(t=0).
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Figure 4: Supply and demand in the stock and the lending market

This Figure shows the supply and demand functions in both the stock (Panel A) and the lending market (Panel B).
Market clearing occurs at their respective intersectiodhss stock demand and is stock supplyr) is the stock price,

1 scales the daand of speculators relative to stock supply|arm&la measure for divergeroé-opinion.0 is lending

demand and is lending supplyis the cost of borrowing andrepresents institutional lending supply. In Panel A
(Panel B), we draw suppbnd demand curves assuming that ¢ (p) stays constant if p (c) is varied.
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Figure 5: Equilibrium price and short -interest with varying parameters

This Figure showthe equilibrium price)” and the equilibrium sheihterestt" wi t h vari ati ons of
six parameters holding fixed the otHeur. Fundamental value V is always equal t&?anel A varies and_, while
fixingt ¢,r pand, p.PanelBvaries andt, while fixing_ m®,l pand, p.PanelC varies and

T, while fixing| ™, pand, p.Panel D varies and, , while fixing| p,T mand_ 1.
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Figure 6: Histogram of yearly changes in earnings forecast dispersion

Earnings forecast dispersion is the standard deviation of earnings forecasts for the fiscal year end divided by the
absolute value of the mean. Levels are truncated at the 99% percentile to reduce the influanemefoertliers
caused by mean forecasts close to zero.
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Figure 7: Cumulative log FF3-hedgedreturn of overpriced winner portfolio over time

We plot the cumulativeéF3-hedgedog-returns of the overpriced winner portfolio, i.stocks in the winner quintile

the quintile with the largest change in shaterest (conditional on being a winner) and in the lowest institutional
ownership quintile (conditional on being a winner), over the fitsyears after portfolio formatiori-or each post
formation month we first regress the timseries of observations on the three Fama and French factors. We then
cumulate the log of the abnormal return (the alpha of the regression) over the 120 months. Additionally, we plot a
confidence intervaof the cumulated abnormal return by cumulating the upper/lower bound of the alpha estimates
(estimate plus/minus 1.96 times the standard error).
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Figure 8: Earnings forecast dispersion of overpriced winner portfolio over time

This figure shows the valugeighted average fiscgkearend analyst earnings forecast dispersion of the overpriced
winner portfolio from a 3x3x3 sort, i.e., stocks in the winner tercile, the tercile with the largest changeiintesfestt
(conditionalon being a winner) and in the lowest institutional ownership tercile (conditional on being a winner), from
1 year before until five years after portfolio formation.
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Figure 9: Cumulated log-return of different long -short portfolios

The cumulated logeturn of holding different longhort portfolios is plotted over the whole sample period from June
1989 to December 201W/OL is calculated as ing et al. (2006)WML is the standar@arhart (1997momentum
factor, MktRF, HML and SMB are tHeéama and French (199fctors and BAB is the bettinggainstbeta factor as

in Frazzini and Pedersen (201BAW is the bettingagainstwinners portfolio that shorts the overpriced (high change
in short interest and low institutional ownership) winners and goes long all other 24 wintfelios (with equal
weighton each portfolio but valuereighting within portfolio3.
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Figure 10: Average log excess returns around earnings announcements

This figure showsveragedaily log excess returns tifeconstrained winners and the 24 other winner portfolio stocks
around the day (t=0) of an earnings announcethamnbccurs in the month after portfolio formati®8% confidence
intervals are indicated in grayo construct the figure, dailpg excesseturns are first centered around the day of
announcement (t=0) and classified according to their portfolio membership of the previous three months. Stocks that
were in the constrained winner portfolio in any of the three previous months are considereddosttained winners.

All remaining stocks that were in any other winner portfolio in one of the three previous months are considered for the
other winnersWe then calculate the average log excess return by portfolio and day relative to announceahksnt. Sto
are weighted according to their share of market capitalization within their respective portfolio.
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Figure 11: Composite equity issuance of constrained winners around portfolio formation

Composite equity issuance ashaniel and Titman (20063 calculated for the constrained winner portfolio in the 24
months before and after portfolio formation (t=0). Stocks are weighted base@& onrth pr evi ous mont ho
capitalization. The timseries average for each of these months relative to portfolio formation is displayed as a bar.
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Tabl es

Table 1: Descriptive statistics of earninggorecast dispersion change sorted portfolios

Stocks are sorted based on their pagedr change in earnings forecast dispersion into 10 portfolios. Thesdines
average of the number of stocks in the portfolios is displayed in the first column. Ttheohe®ns show the time
series mean of monthly vakweeighted portfolio averages of market equity in B$, return of the previous year (skipping
the last month) in %, institutional ownership ratio (IOR), change in -ghtertest in PP, and SIRIO (short irdst
divided by institutional ownership) in %all in the month of portfolio formation-(t).

E FD Number

Portfolio of stocks Market Equity;  Returnizi 2 I0Rw1 @S kaF SIRIO:;
1 223 13.60 15.65 0.63 -0.09 8.66
2 222 30.33 15.79 0.63 -0.25 10.96
3 222 53.04 15.93 0.62 -0.08 13.72
4 222 56.05 14.68 0.61 -0.10 6.66
5 222 64.20 13.77 0.61 -0.09 4.50
6 223 67.25 11.58 0.60 -0.07 472
7 222 61.13 8.53 0.60 0.08 6.82
8 222 46.32 4.43 0.61 0.17 10.18
9 222 24.67 -2.41 0.62 0.11 11.38

[N
o

223 14.24 -9.69 0.62 0.35 10.10
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Table 2: Fama-MacBeth regressions of future changes on past changes in earnings forecast dispersion

The change in earnings forecast dispersion over the next year is regressed on positive (column 1)pasitiveth
and negative changes (column 2) in earnings forecast dispersion over the previous year in$eetmnss stocks

in each month. Following the FarvdacBeth procedure, the tinseries average of the regression coefficients is
presented. Standaerrors are calculated followidewey and West (198With 11 lags. The timseries average of
the crosssectional R2 is presented in the last row.

Coefficient Q) (2)

Intercept 0.0766 (15.16) 0.0744 (14.99
Positive change in disagreement&to t1) -0.8500 (-93.37) -0.8485 (-92.79
Negativechange in disagreement]8 to t1) 0.0299 (5.95)

AverageR? 33.01% 33.11%
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Table 3: Excess returns of winnerand loserportfolios

This Tablecontains monthly average excess returns of the 25 wiRaeel A) and 25 loser (Panel @)rtfolios from

a triple sort on the past 4thonth return lagged by one month, institutional ownership and change in short interest over
the past year. The second to last column presents the difference of low and higlomedtownership portfolios and

the last column displays the alpha of that difference portfolio from a fFaemch thredactor regression. Similarly,

the bottom two rows show the difference between high and low change iirgamst portfolios anche respective
FamaFrench thredactor alphaNewey and West (198T3statistics are shown in parentheses.

Panel A: Winners

Hi IOR 4 3 2 Lo IOR Loi Hi FF3a
Lo oS 1.07 0.74 1.49 1.02 0.58 -0.49 -0.60
(-1.03) (-1.39)
2 1.07 0.87 0.42 1.50 0.46 -0.61 -0.61
(-1.28) (-1.43)
3 1.04 1.10 0.80 1.00 0.87 -0.17 -0.20
(-0.53) (-0.72)
4 1.08 0.71 1.05 1.24 0.49 -0.59 -0.59
(-1.41) (-1.57)
Hi ®S 1.05 0.94 0.88 0.51 -1.66 -2.71 -2.76
(-5.02) (-5.28)
Hii Lo -0.02 0.20 -0.61 -0.50 -2.24
t (-0.08) (0.60) (-1.20) (-0.83) (-3.88)
FF3a -0.15 0.13 -0.60 -0.60 -2.32
t (-0.68) (0.412) (-1.13) (-1.20) (-4.12)
Panel B:Losers
Hi IOR 4 3 2 Lo IOR Loi Hi FF3a
Lo oS 0.39 0.50 -0.18 -0.52 -0.98 -1.37 -0.99
(-1.56) (-1.22)
2 0.91 0.67 0.31 -0.18 -1.11 -2.02 -1.58
(-2.55) (-2.06)
3 -0.14 0.04 0.41 0.21 -0.07 0.06 0.36
(0.10) (0.66)
4 -0.29 0.58 0.78 -0.66 -0.47 -0.19 0.14
(-0.30) (0.24)
Hi ®S 0.03 -0.28 -0.52 -1.65 -2.03 -2.10 -2.10
(-2.31) (-2.25)
Hii Lo -0.36 -0.78 -0.34 -1.13 -1.05
t (-0.92) (-1.45) (-0.66) (-1.79) (-1.26)
FF3a -0.24 -0.88 -0.52 -1.07 -1.29

t (0.64) (159  (-0.91)  (-155)  (-1.57)
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Table 4: Di s per si ofincayearerdeanings$otesasdts of winnerand losers

Stocklevel dispersion il n a | fissatysadend earnings forecasts of winneand losersare calculated as the
standard deviation of forecaslivided by the mean forecadsta givenmonthin %. Shown are the timseries averages

of valueweighted portfolio means of all 25 winner portfolios. Stocks have previously been sorted on the past 11
month return lagged by one month, institutional ownership and change in short interest over the paahgkar.
features levels in the month of portfolio formation and Panel B shwwshangever thepreceding 11 months

Panel A: Levels of forecastgfiersion

Winners Losers
Lo Lo
Hi IOR 4 3 2 IOR HilIOR 4 3 2 IOR
Lo oS 7.15 7.04 969 11.71 16.36 16.53 2149 2486 26.50 26.88
2 6.39 6.46 739 1038 13.80 16.10 21.00 25.46 23.67 24.50
3 5.92 6.38 8.37 953 11.88 15.68 2277 2780 2499 2751
4 6.10 5.77 8.14 13.38 1158 16.88 18.86 23.93 26.45 25.23

Hi PSS 8.04 846 1139 16.63 2341 1835 2332 2894 2654 23.96

Panel B: Changes in forecast dispersion over preceding year

Winners Losers
Lo Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Lo oS& -281 -2.90 -2.11 -1.27 -0.51 6.55 5.16 4.63 6.82 10.65
2 -2.30 -1.54 -1.65 -2.16 -0.82 5.86 7.52 6.38 5.12 5.96
3 -1.46 -2.06 -1.00 -3.53 -2.82 5.88 10.53 8.70 3.49 5.82
4 -1.82 -3.07 -2.02 -4.35 -0.80 7.42 8.06 6.89 8.86 3.88

Hi mps -3.19 -2.60 -2.82 0.99 5.13 9.22 10.03 1297 7.12 8.18
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Table 5: Alternative proxies for short-sale costs of winnerand losers

Two alternative proxies for shestle costs are displayed. Panel A presents the ratio of short intaresitiional
ownership(SIRIO) as inDrechsler and Dreatter (2016) The operinterest weighted average of differences in implied
volatilities between matched put and call option pairs at menth as irCremers and Weinbaum (2018)calculated

in Panel B. Shown are the tirseries averages of valueeighted portfolio means in the month of portfolio formation
of all 25 winner portfolios. Stocks have previously been sorted on the pasorith return lagged by one month,
institutional ownership and change in short interest over the past year.

Panel A: SIRIO
Winners Losers
Lo Lo
Hi IOR 4 3 2 IOR HilIOR 4 3 2 IOR
Lo o 5.24 5.53 8.32 16.18 120.09 596 10.83 20.79 38.64 105.52
2 3.10 2.31 2.96 425 3261 3.65 3.62 6.99 12.32 60.89
3 3.02 2.19 2.44 3.30 17.26 2.66 2.22 2.82 3.92 25.02
4 4.14 3.98 5.04 8.86 71.87 3.48 3.76 6.80 12.48 79.34
Hi . 10.61 11.89 19.16 45.19 238.45 1035 18.17 34.71 69.41 327.88
Panel B: Option Volatility Spread
Winners Losers
Lo Lo
Hi IOR 4 3 2 IOR HilIOR 4 3 2 IOR
Lo @' -0.84 -0.75 -0.98 -1.20 -2.88 -0.71 -0.57 -1.42 -3.57 -2.81
2 -0.63 -0.55 -0.61 -1.21 -2.32 -0.30 -0.13 -0.57 -2.51 -5.87
3 -0.77 -0.49 -0.49 -1.20 -2.47 -0.52 0.76 -2.19 -2.86 -11.39
4 -0.63 -0.58 -0.81 -0.93 -0.44 0.04 -0.42 -1.95 -4.05 -5.83
Hi . -0.91 -1.11 -1.57 -2.44 -5.32 -1.09 -1.13 -3.83 -6.27 -4.64
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Table 6: Characteristics of triple sorted winner portfolios

This Table showime-series averages of vakueighted meagsharacteristicef the 25 winner portfolios the month

of portfolio formation.Panel A displays the average number of stocks. Followmgweerage market equity in billion

US dollars (Panel B), return from montt2 to the end of montkz in percent (Panel C), change in short interest from

11.5 months ago to 2 weeks ago in percentage points (Panel D), institutional ownership in peurebéoof shares

outstanding (Panel E), level of short intertest weeksprior to portfolio formation (Panel F), the ratio of book equity

of the previous December to | ast moavdragedstandanc dekiatian ofe qui t vy
daily idiosyncraticreturns in each portfolio (daily, in %) over the month prior to formatfarg( Hodrick, Xing, and

Zhang 2006 Panel H.

Winners Losers

Lo Lo
Hi IOR 4 3 2 IOR HilIOR 4 3 2 IOR

Panel A: Number of Stocks
Lo op: 54 45 31 22 13 40 38 34 27 16
2 22 28 33 38 42 27 31 32 34 30
3 16 24 32 43 51 13 21 30 39 48
4 34 37 36 30 27 28 32 33 33 32
Hi . 54 38 32 26 16 66 38 24 17 11

Panel B: Average Market Equity (B$)
Lo o 1234 2568 3230 1494 6.52 5.04 8.93 151 1.13 0.16

2 1548 36.87 40.04 20.81 2.76 8.26 15.46 8.39 0.92 0.43
3 13.47 3459 4045 20.65 1.72 6.77 21.30 8.92 1.72 0.49
4 1458 3165 26.72 9.95 1.89 1046 23.26 13.12 0.56 0.91

Hi o' 820 1059 20.50 5.55 2.33 464 13.95 2.68 1.01 0.33

Panel C: Formation Period Return (%)
Lo o+ 7945 86.13 98.62 11553 119.53 -38.22 -40.82 -43.95 -46.48 -49.40

2 70.01 7046 80.60 90.45 104.41 -36.24 -38.46 -41.68 -44.23 -46.82
3 74.13 73.67 80.69 9144 11292 -36.43 -37.57 -41.40 -42.44 -44.53
4 7420 7717 89.60 113.27 151.26 -36.17 -37.54 -40.02 -42.72 -45.39

Hi o+ 86.51 100.23 118.76 159.16 203.02 -38.38 -41.17 -43.91 -45.33 -47.39

Panel D: Change in Shdriterest (%)
Lo o' -379 -365 -380 -430 -864 -370 -38 -3.99 -10.04 -3.64

2 -0.42 -0.40 -0.38 -0.36 -0.32 -0.57 -0.54 -0.53 -0.51 -0.47
3 0.08 0.08 0.08 0.07 0.07 -0.05 -0.05 -0.04 -0.04 -0.05
4 0.78 0.72 0.72 0.72 0.71 0.46 0.39 0.41 0.37 0.33

Hi m: 4.69 3.87 4.25 4.92 7.18 411 3.78 3.79 4.20 3.39
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Winners Losers
Lo Lo

Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Panel E: Institutional Ownership (%)
Lo o+ 8268 6132 4244 2381 6.73 7471 47.08 27.30 12.84 3.06
2 81.27 60.87 4227 23.27 6.46 73.09 47.38 27.19 12.40 2.72
3 81.44 6041 4174 2271 6.70 72.46 46.26 27.46 11.99 2.33
4 81.61 61.13 42.68 23.56 6.82 72.71 47.71 27.82 12.55 2.57
Hi o+ 8522 6123 4185 2351 6.94 7575 4786 28.09 13.32 2.43
Panel F: Level oShortinterest (%)
Lo o' 476 3.57 3.47 3.43 5.72 4.69 4.16 4.24 4.04 1.90
2 281 1.55 1.37 1.11 0.78 2.83 1.78 1.80 1.23 0.74
3 2.72 1.44 1.18 0.87 0.52 2.07 1.11 0.82 0.43 0.24
4 3.67 2.61 2.23 2.02 1.66 2.76 1.92 1.94 1.57 1.00
Hi (0o} 9.54 7.33 7.18 7.58 8.97 8.25 7.63 7.75 7.12 5.53
Panel G: Booko-market (%)
Lo o+ 2874 3042 2936 2733 2574 7729 9166 90.39 79.53 79.27
2 33.49 37.04 3810 3792 2271 77.75 90.98 94.76 92.27 77.53
3 3219 3731 39.62 3830 2533 87.22 102.08 12151 98.96 80.87
4 30.62 3281 3420 29.99 2386 82.83 97.96 119.86 9459 76.41
Hi o+ 2944 3026 2764 2239 1765 88.29 96.11 100.12 90.20 72.04
Panel H: Idiosyncratic volatility (%, daily)
Lo o' 177 1.75 1.95 2.43 3.05 2.62 3.08 3.70 4.26 571
2 1.63 1.60 1.85 2.32 3.10 2.40 2.96 3.73 4.44 5.74
3 1.63 1.62 1.90 231 3.12 2.61 2.96 4.05 4.83 5.98
4 1.66 1.66 1.87 2.45 3.43 2.37 2.85 3.48 4.43 5.86
Hi o' 191 2.03 231 2.88 3.70 2.52 2.89 3.62 4.28 5.83
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Table 7: Explaining the returns with conventional factors

We regressnonthlyreturns to a portfolio going short low institutional ownership, high change irisiemtst winners

and long all other winner portfolig@ Btting AgainstWinner®, BAW, Panel A)on different longshort portfolio
returns.Panel B repeats the exercise with the excesgn of the shorside of the BAW portfolicand Panel C uses

the low IOR, high change in shérterest losers as the l¢fandside portfolio Column (1) shows the raw aagre of

that strategy, column (2) displays results from a CAPM regression on the market excess return. Column (3) represents
results from @&ama and French (1993)factor regression. In column (4), we add @&rhart (1997)momenturn

factor, and in column (5), IVOL as iAng et al. (2006)s included.Columns (6), (7) and (8) add tiastor and
Stambaugh (2003)quidity factor, a shorterm reversal portfolio and the CME factor based on short interest over
institutional ownership fromDrechsler and Drechsler (2016)espectively. Column (9) includes all of the
aforementionedNewey and West (1981)statistics are shown in parentheses.

PanelAExces returns of the fAiBetting Against Winnerso portfolio

@) 2 ®3 4 (5) (6) ™ (8) ©)
Intercepi  2.57 (5.44 2.78(5.66 2.71(5.76 2.65(5.84 2.55(5.94 2.67(5.71 2.68(5.88 1.81(4.28 1.86 (4.20

MKtRF -0.33¢2.76) -0.22 ¢2.00) -0.20(-1.91) -0.16 ¢1.59) -0.19 ¢1.85) -0.15¢1.33) 0.01(0.12  0.03 (0.29
HML 0.29 (1.44 0.31(1.47 0.23(1.21 0.30(1.44 0.31(1.59 -0.12¢0.55) -0.11 ¢0.51)
SMB -0.46 ¢3.42) -0.46 ¢3.56) -0.31¢1.59) -0.46 (3.57) -0.44 ¢3.34) -0.12(-0.72) -0.12 ¢0.57)
WML 0.03(0.63 0.00(0.01 0.03(0.61 0.02(0.36 -0.04¢0.90) -0.04 ¢0.83)
VoL -0.09 ¢1.22) 0.01 (0.07
LIQ -0.03 ¢0.24) -0.02 ¢0.18)
REV -0.21 ¢1.29) -0.12 ¢0.73)
CME 0.63 (4.70 0.62 (4.38

Panel B:EExcess returns of low institutional ownership, high change in-gterest winners

®) 2 ®3 4 (5) (6) ™ (8) ©)
Intercep -1.66 (2.55) -2.56 (4.47) -2.47 ¢4.91) -2.81¢5.84) -2.58 (5.84) -2.81(5.75) -2.84 (5.87) -1.88 (4.26) -1.88 ¢3.89)

MKtRF 1.41(9.06 1.17 (10.00 1.30(11.71 1.22(11.38 1.30 (11.21 1.25(11.00 1.07 (11.88 1.02 (7.97
HML -0.45 ¢2.11) -0.37 ¢1.66) -0.21¢1.04) -0.37 ¢1.82) -0.38¢1.68) 0.10(0.40) 0.12 (0.61
SMB 1.16 (749 1.14(8.13 0.82(4.04 1.14(8.16 1.12(7.91 0.77 (4.88 0.62 (3.09
WML 0.16 (3.25 022 (4.42 0.16(3.30 0.17(3.72 0.23(4.84 0.26 (4.94
IVOL 0.21 (2.41 0.11 (1.39
LIQ 0.00 (0.03 -0.01 ¢0.09)
REV 0.26 (1.53 0.18 (1.14
CME -0.70 ¢5.12) -0.62 (3.87)

Panel CExcess returns of low institutional ownership, high change in-ghterestiosers

(1) (2 ©) (4 (5) (6) (7) (8) 9
Intercepi -2.03 ¢1.89) -3.10 ¢3.41) -3.20 ¢4.11) -2.16 ¢2.41) -1.13 ¢1.52) -2.17 (2.50) -2.20 (2.43) -0.80 ¢0.89) -0.55 ¢0.75)

MKtRF 1.64 (757 1.48(6.79 1.07(7.11 0.69(3.80 107 (6.93 0.99(5.11 0.74(3.64 0.49 (2.69
HML 0.10(0.24) -0.13¢0.39) 0.58 (1.52 -0.13 ¢0.37) -0.14 (0.41) 055 (1.72 0.88(2.23
SMB 1.23(3.36 1.28(3.94 -0.18¢0.48) 1.28(3.84 1.25(3.93 0.73(2.03 -0.36 (0.85)
WML -0.49 (3.55) -0.22 ¢1.60) -0.49 (3.50) -0.47 ¢3.31) -0.39(-2.85) -0.17 ¢1.36)
VoL 0.92 (4.80 0.83 (3.86
LIQ 0.03 (0.11 0.03 (0.13
REV 0.37 (1.04 0.29 (1.11

CME -1.01 ¢€4.00) -0.54 ¢1.75)




Table 8: Composite equityissuance from 3 months before to 3 months after portfolio formation
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This Table shows timeeries averages of the valweighted composite equity issuance measure of the 25 winner
portfolios around the month of portfolio formation. The composite equitaiEsimeasure of a firm is the part of the

change

n a

fi

r mbés

mar ket

capitalization

t hat

cannot

month horizon, starting three months prior to portfolio formation and ranging to threlsafter portfolio formation.

Winners
Hi IOR 4 3 2 Lo IOR Loi Hi
Lo oSl 1.98 2.04 3.66 5.91 8.10 6.08 (5.30)
2 0.60 0.25 1.31 2.10 5.66 5.13 (5.72)
3 0.62 0.03 1.43 1.51 5.68 5.12 (5.93)
4 0.91 1.11 2.09 3.99 8.25 7.35(9.72)
Hi @S | 4,19 4.04 5.54 7.69 12.75 8.54 (7.41)
Hii Lo 2.21 2.00 1.88 1.77 4,95
t (3.71) (3.17) (3.02) (1.89) (4.12)

b
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Appendi x

A ModeMhio Gains and Who Los#®pi When DsvVe
Resol ved?

I n the baseline model, the pessimistds gai
the gain or loss from shorting:

0¢iii Q 2 p - B p —2 - m (13)

DéfiiQ —2p p - —O — & (14)

Stock supply and stock demand are equal in equilibrium, so botpgtose the same

z

amount of money, in aggregate. Adding both losses up yields— 65 . In our example

parameterization, both groups lose 0.06 each, the half of the total search costs caused by shorting.
The losses of the speculators are the gafitise security lenders as

~. — ~.

jOIAN L 0" S — . (15
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B Mo del Extensi onrAvV eA sMa sSp eocfu IRaitsokr s wi t

Attention

We assume in this Appendix that there is a unit maspeaxfulators with divergent beliefs
about the payoff of the stock: The specul ator
distributed on the intervalop | hop | , with| ntwhere| is a measure of their

divergenceof-opinion. That is, the density function of beliefs is given by
TEIO wp |
0— qﬁwsra@ I — @p | (16)
ThEI-O wp |

where—represents he specul atorsdé private valuation of

n RE-O Gp |

. — op | . ,

o— c|p hMEiap | — op | (17
p hEI-© wp |

is the corresponding cumulative density function. Speculators are always right on average,
in that the average expected payoff —@-"Q— , is equal to the rationally expected payoff,

but half of the speculators are Aoptimistso a

The optimization problem of an individual speculator stays the same as in the baseline

model. The investor demands——if he is a long investor and his short demand is equal to

if he is a short investor. Optimists and pessimists will enter the demand or supply side

of the stock market with a demand or supplgpfimes theirmeasuré.nt ui t i beghbught G c a
of as capturing the quantity of specul ators i
large number of speculatasho are willing to putheiramounts of capital at risk in betting on this

stock.Integrating over the mass of spedafa yields demand

—~ d — N, 1
Y -
LI

. —Q ’ ‘ 18
o r,, T o ©F | n (18)
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and supply on the stock market

o | CI h — W (.I \ il ,
Y : Q— —— w 19
T o [ d e b (19
The following figure shows anas=Q@@inpte, for

U =d n d2. émand and supply on the stock market are now quadratic functions of the price. The

supply on the lending market is unchangethpared to the baseline model.

Figure B.1: Supply and demand in the stock and the lending markegextended model)

This Figure showshe supply and demand functions in both the stock (Panel A) and the lending market (Panel B) for
U=0.5pa=0&4% =1 @a=nid2 I0Ranel A (Panel B), we draw supply and demand curves assuming that ¢

(p) stays constant if p (c) is varied. Market clearing occurs at their respective intersections.

Stock Market Lending Market

i —— Demand / —— Demand
Supply / Supply /
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~
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L
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Stock Price Lending Fee

Market clearing on both markets yields the equilibrgumantities:

(20

N Ed

&%qﬁTcmmm,,m,,umcmmm,,m; (21)

.‘ P~
’ = 22
0 ToS (22
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The attention measureand risk aversion are substitutes in this model. Both parameters
govern simultaneously the speculative demand of the stock and therefore potential mispricing in
equilibrium. High speculative demand could be caused either by high attention, low risk aversion,
or a combinabin of both. Interestingly, if risk aversion approaches 0, i.e., speculators approach

risk neutrality, equilibrium quantities are the same in the baseline and the extended model

1 EOf -GS —, I Ed ¢ cendi Ef &p | . We obtain these quantities

once more if attentian goes towards infinity in the extended modelEdf  _ -G —,

iOEdﬁ q dandiolér‘f wp |
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Table C.1: Excess returns of all portfolios except winners ahlosers

Shown are monthly average excess returns of the 75 middle portfolios from a triple sort on thengaghleturn

lagged by one month, institutional ownership and change in short interest over the past year (see Table 1 for winners
and losers)The second to last column presents the difference of low and high institutional ownership portfolios and
the last column displays the alpha of that difference portfolio from a fFaemeh thredactor regression. Similarly,

the bottom two rows show the flifence between high and low change in shaerest portfolios and the respective
FamaFrench thredactor alpha. Panel A presents the moderate losers, and Panels B present the middle quantile of the
momentum sort and Panel C contains the moderate wsinNewey and West (1987#}statistics are shown in

parentheses.

Panel A: Moderate Losers"¢dnomentum quintile)

Hi IOR 4 3 2 Lo IOR Loi Hi FF3a
Lo oS 0.56 0.82 0.87 0.58 0.15 -0.41¢0.77) -0.36 (0.70)
2 0.82 0.59 0.93 0.85 0.55 -0.28 €0.60) -0.18 ¢0.34)
3 0.47 0.96 0.09 0.54 0.71 0.23(0.58) 0.47 (0.99)
4 0.55 0.58 0.40 0.30 -0.18 -0.72¢1.63) -0.57¢1.28)
Hi oS 0.34 0.33 0.14 0.07 0.14  -0.20(-0.32) 0.02 (0.03)
Hii Lo -0.22 -0.49 -0.73 -0.52 -0.01
t (-1.15) (-1.92) (-1.78) (-1.24) (-0.01)
FF3a -0.29 -0.52 -0.86 -0.33 0.08
t (-1.51) (-2.33) (-2.15) (-0.78) (0.11)
Panel B: Middle Portfolio (3 momentum quintile)

Hi IOR 4 3 2 Lo IOR Loi Hi FF3a
Lo oS 0.77 0.54 1.01 0.60 -0.04  -0.81¢2.22) -0.74¢1.85)
2 0.75 0.79 0.68 0.95 0.52 -0.22¢0.55) -0.04 €0.12)
3 0.74 0.82 0.53 0.75 0.51 -0.23 ¢0.65) 0.01 (0.02)
4 0.57 0.60 0.55 0.61 0.81 0.24 (0.62) 0.41 (1.01)
Hi oS 0.55 0.73 0.41 0.44 -0.44  -0.99 €(2.00) -0.84 ¢1.78)
Hii Lo -0.22 0.20 -0.60 -0.15 -0.40
t (-1.212) (0.72) (-2.28) (-0.47) (-0.75)
FF3a -0.29 0.15 -0.71 -0.09 -0.40
t (-1.84) (0.63) (-2.56) (-0.31) (-0.71)
Panel C: Moderate Winnersf{(#fnomentum quintile)

Hi IOR 4 3 2 Lo IOR Loi Hi FF3a
Lo oS 0.77 0.63 0.99 0.88 0.87 0.10 (0.21) 0.21 (0.51)
2 0.65 0.79 1.00 0.97 1.37 0.72 (2.05) 0.94 (2.89)
3 0.89 0.93 0.87 1.15 0.94 0.05 (0.14) 0.28 (0.73)
4 0.87 0.82 0.63 0.82 0.94 0.06 (0.17) 0.11 (0.32)
Hi oS 0.76 0.95 0.73 0.52 0.11  -0.65¢1.26) -0.58 ¢1.34)
Hii Lo -0.01 0.32 -0.26 -0.36 -0.76
t (-0.08) (1.36) (-1.22) (-0.97) (-1.44)
FF3a -0.04 0.32 -0.35 -0.43 -0.84
t (-0.23) (1.44) (-1.73) (-1.27) (-1.64)
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Table D.1: Excess returns of winner portfolios with conditional sorting

This Tablecontains monthly average excess returns of the 25 winner portfolios from first, a triple sort on the past 11
month returdagged by one month, then conditional on that, a sort on institutional ownership and, again conditioning

on the latter, a sort on change in short interest over the past year. The second to last column presents the difference of
low and high institutionalwnership portfolios and the last column displays the alpha of that difference portfolio from

a FamaFrench thredactor regression. Similarly, the bottom two rows show the difference between high and low
change in shotinterest portfolios and the respeetiFamaFrench thredactor alphaNewey and West (1987)

statistics are shown in parentheses.

Hi IOR 4 3 2 LolOR Loi Hi FF3a
Lo S 1.17 0.73 1.37 1.18 0.34 -0.83 ¢ -0.95 ¢
1.91) 2.58)
2 1.01 0.85 0.45 1.67 0.65 -0.36 ¢ -0.35 ¢
0.90) 0.95)
3 1.13 0.92 0.95 1.01 0.46 -0.67 ¢ -0.60 ¢
1.44) 1.52)
4 1.02 0.87 1.08 1.21 0.29 -0.73 ¢ -0.61 ¢
1.71) 1.41)
Hi S 1.02 0.81 0.75 0.45 -0.56 -1.59 ¢ -1.64 ¢
3.54) 3.77)
Hii Lo -0.14 0.08 -0.62 -0.72 -0.90
t (-0.55) (0.23)  (-1.34)  (-1.48)  (-2.06)
FF3a -0.32 0.04 -0.57 -0.80 -1.02
t (-1.08) (0.13)  (-1.16)  (-1.75)  (-2.07)
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Table D.2: Characteristics of conditionally triple sorted winner portfolios

This Table showime-series averages of vakueighted mean characteristics of the 25 winner portfolios in the month

of portfolio formation. Panel A displays the average number of stocks. Following are average market edioty in bil

US dollars (Panel B), return from montt2 to the end of montkz in percent (Panel C), change in short interest from

11.5 months ago to 2 weeks ago in percentage points (Panel D), institutional ownership in percent of number of shares
outstanding(Panel E), level of short interest prior to portfolio formation (Panel F), the ratio of book equity of the
previous December to |l ast monthds market equity in perc
as inAng et al. (2006)n percent (Panel H).

Panel A: Number of Stocks Panel B: Average Market Equity

Lo Lo

Hi IOR 4 3 2 IOR HilIOR 4 3 2 IOR

Lo o 36 35 33 32 30 10.28 23.38 3522 18.66 7.32
2 36 34 32 31 29 1597 34.78 34.96 20.75 1.46
3 36 34 33 32 31 1598 40.33 4240 13.95 0.36
4 36 34 32 32 30 1193 27.72 26.05 12.26 1.29
Hi o 36 35 33 32 30 6.54 10.44 20.89 6.21 2.44

Panel C: Formation Period Return Panel D: Change iBhortinterest

Lo Lo

Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR

Lo o+ 8368 8948 9498 110.23 113.39 -543 -4.69 -3.50 -3.25 -5.55
2 7059 7274 8138 87.84 101.35 -0.95 -0.75 -0.37 -0.18 -0.03
3 7277 7268 81.70 94.37 109.85 0.14 -0.00 0.11 0.09 0.03
4 7795 7858 88.47 109.52 133.00 1.42 0.79 0.78 0.58 0.26

Hi o 91.45 100.77 116.21 146.22 185.40 6.46 3.97 4.16 411 4.78

Panel E: Institutional Ownership Panel F: Level of Shoihterest
Lo Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Lo ' 8329 6137 4248 23.82 6.87 5.63 4.09 3.40 2.89 3.84
2 8156 61.12 4215 22.64 5.95 3.18 1.90 1.28 0.80 0.20
3 81.15 60.67 4199 22.65 5.86 3.07 1.64 141 0.79 0.20
4 82.47 61.06 42.63 23.38 6.78 4.85 2.77 2.25 1.87 0.83

Hi p: 86.58 6122 41.89 2348 7.01 11.90 7.32 7.12 6.60 6.27

Panel G: Booko-market Panel H: Idiosyncratic volatility
Lo Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Lo o+ 2833 3045 29.24 28.64 19.50 1.83 1.80 1.93 2.38 2.98
2 30.11 3469 38.46 40.03 40.27 1.64 1.62 1.86 2.39 3.22
3 3126 3482 3849 39.36 21.03 1.63 1.59 1.89 241 3.39
4 2999 3365 3526 3359 30.09 1.74 1.70 1.87 2.45 3.25

Hi mp: 28.64 30.08 27.16 22.78 19.59 2.02 2.03 2.28 2.75 3.54




Table D.2, continued:
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Panel I: SIRIO Panel J: Option Volatility Spread
Lo Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Lo o' 6.19 6.27 8.06 13.64 78.15 -0.92 -0.83 -0.97 -1.22 -2.91
2 3.51 2.82 2.77 3.01 9.54 -0.67 -0.56 -0.71 -1.04 -0.61
3 3.44 2.49 2.80 279 1192 -0.70 -0.61 -0.37 -1.69 -1.00
4 5.50 4.32 4.96 747 3828 -0.59 -0.49 -0.85 -0.67 -1.08
Hi o+ 1323 1213 1846 36.10 170.22 -1.12 -1.17 -1.54 -2.18 -4.18
Panel K: Analyst Earnings Forecast Dispersic
Hi IOR 4 3 2 LoIOR
Lo @ 752 7.47 9.48 11.12 14.37
2 6.15 6.13 753 1142 1477
3 5.66 5.89 8.57 10.87 14.52
4 6.74 5.91 8.09 1255 10.54
Hi @' 853 8.45 1130 16.89 19.80
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Table D.3: Explaining the returns from conditional sort with conventional factors

We regressnonthly returns to a portfolio going short low institutional ownership, high change iristesgst winners

and | ong all/l other winner portfolios (fBedghtrtiportiplioAgai nst
returns. Panel B repeats the eige with the exces®turn of the shorside of the BAW portfolio and Panel C uses

the low IOR, high change in shérterest losers as the l¢fandside portfolio. Column (1) shows the raw average of

that strategy, column (2) displays results from &PG¥regression on the market excess return. Column (3) represents

results from @&ama and French (1993)factor regression. In column (4), we add @&rhart (1997)momenturn

factor, and in column (5), IVOlas inAng et al. (2006)s included. Columns (6), (7) and (8) add #a&stor and

Stambaugh (2003)quidity factor, a shorterm reversal portfolio and the CME factor based on short interest over
institutional ownership fromDrechsler and Drechsler (2016)espectively. Column (9) includes all of the
aforementionedNewey and West (1981)statistics are shown in parentheses.

PanelAExcess returns of the fiBetting Against Winnerso portfol

@) 2 ®3 4 (5) (6) ™ (8) ©)
Intercepi  1.46 (3.80 1.67 (4.35 1.65(4.45 156 (4.17 1.42(3.87 1.59(4.12 1.59(4.29 0.85(2.45 0.88 (2.43

MKtRF -0.34 (3.44) -0.23¢2.68) -0.20 ¢2.16) -0.14 ¢1.53) -0.20 ¢1.97) -0.16 (1.58) -0.02 ¢0.27) 0.01 (0.17
HML 0.16(1.05) 0.18(1.05 0.07 (0.52 0.17 (1.05 0.18 (1.11 -0.18 ¢1.18) -0.20 ¢1.12)
SMB -0.57 ¢4.63) -0.57 (4.00) -0.37 (2.26) -0.58 (4.37) -0.56 (3.86) -0.29 (1.81) -0.22 ¢1.15)
WML 0.04 (0.88 0.00 (0.01 0.04(0.90 0.03(0.66 -0.01(-0.39) -0.03 ¢0.74)
VoL -0.13 ¢2.03) -0.06 ¢£0.92)
LIQ -0.06 ¢0.49) -0.05 ¢0.42)
REV -0.20 €1.49) -0.13 ¢1.07)
CME 0.53 (4.46  0.49 (4.36

Panel B:EExcess returns of low institutionawnership, high change in shanterest winners

®) 2 ®3 4 (5) (6) ™ (8) ©)
Intercepi -0.56 ¢1.10) -1.45 ¢3.06) -1.41 ¢3.52) -1.73¢4.28) -1.47 (4.09) -1.74 (4.38) -1.76 (4.48) -0.94 ¢2.76) -0.93 {2.76)

MKtRF 1.39 (9.83 1.17(11.60) 1.29 (12.57 1.19(12.75 1.29 (13.41 1.24(12.93 1.09 (13.32 1.02 (12.48
HML -0.30 ¢1.40) -0.23 ¢1.23) -0.04 €0.23) -0.23 ¢1.12) -0.24¢1.13) 0.17 (1.00  0.23 (1.19
SMB 1.25(7.15 1.23(9.00 0.85(4.64 1.24(8.08 1.22(8.01) 0091(5.95 0.70(3.93
WML 0.15(3.24 022 (4.89 0.14(3.13 0.16(3.52 0.21(454 0.25(5.11
IVOL 0.24 (3.23 0.17 (2.65
LIQ 0.03 (0.22 0.02 (0.15
REV 0.24 (1.33 0.17 (1.27
CME -0.59 ¢4.80) -0.48 (4.28)

Panel CExcess returns of low institutional ownership, high change in-ghterestiosers

(1) (2 ©) (4 (5) (6) (7) (8) 9
Intercepi -0.56 ¢1.10) -1.45 ¢3.06) -1.41 ¢3.52) -1.73¢4.28) -1.47 (4.09) -1.74(-4.38) -1.76 (4.48) -0.94 (2.76) -0.93 ¢2.76)

MKtRF 1.39(9.83 1.17 (11.60 1.29 (1257 1.19(12.75 1.29(13.41 1.24(12.93 1.09 (13.32 1.02 (12.48
HML -0.30 €1.40) -0.23 ¢1.23) -0.04 ¢0.23) -0.23 ¢1.12) -0.24¢1.13) 0.17 (1.00 0.23 (1.19
SMB 1.25(7.15 1.23(9.00 0.85(4.64 1.24(8.08 122(8.01 0.091(5.95 0.70(3.93
WML 0.15(3.24 022(4.89 0.14(3.13 0.16(3.52 0.21(4.54 0.25(5.11
VoL 0.24 (3.23 0.17 (2.65
LIQ 0.03(0.22) 0.02 (0.15
REV 0.24 (1.33 0.17 (1.27

CME -0.59 (4.80) -0.48 (4.28)
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Table D.4: Excess returns of winner portfolios from 5x3x3 sort

This Tablecontains monthly average excess returns of the 9 wporéolios from a triple sort on the past-frfonth

return lagged by one month (quintiles), institutional ownership (terciles) and change in short interest over the past year
(terciles). The second to last column presents the difference of low and highidmstl ownership portfolios and the

last column displays the alpha of that difference portfolio from a Hemmach thredactor regression. Similarly, the

bottom two rows show the difference between high and low change inirsteoeist portfolios andhe respective
FamaFrench thredactor alphaNewey and West (198T3statistics are shown in parentheses.

Hi IOR 2 LolOR Loi Hi FF3a

Lo @S 0.98 0.84 1.15 0.17(0.53) 0.14 (0.46)

2 0.96 0.89 0.65 -0.30 ¢ -0.25 ¢
0.97) 0.86)

Hi @S 0.99 0.98 0.04 -0.95 ¢ -1.01 ¢
3.11) 3.18)

Hii Lo 0.01 0.14 111

t (0.10) (050)  (-2.89)

FF3a -0.04 0.13 -1.18

t (-0.25)  (0.45)  (-2.88)




Table D.5: Characteristics of triple sorted winner portfolios from 5x3x3 sort
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This Table showme-series averages of valueeighted mean characteristics of the 9 winner portfolios from a 5x3x3

sort in the month of portfolio formation. Panel A displays the average number of stocks. Following are average market
equity in billion US dollars (Panel Bjeturn from month-1.2 to the end of month in percent (Panel C), change in

short interest from 11.5 months ago to 2 weeks ago in percentage points (Panel D), institutional ownership in percent
of number of shares outstanding (Panel E), level of shtatest prior to portfolio formation (Panel F), the ratio of

book

idiosyncratic volatility as irAng et al. (2006)n percent (Panel H).

equity

of t he

previous

December

to | ast

mont hos

Panel A: Number of Stocks

Panel B: Average Market Equity

Hi IOR 2 Lo IOR Hi IOR 2 Lo IOR
Lo o 117 92 66 22.83 50.63 15.13
2 56 90 128 31.45 55.13 14.11
Hi 123 92 60 15.53 32.39 4.36

Panel C: Formation Period Return Panel D: Change in Shelriterest

Hi IOR 2 Lo IOR Hi IOR 2 Lo IOR
Lo o 76.77 86.72 107.22 -2.76 -2.51 -3.58
2 70.44 77.01 103.08 0.13 0.11 0.08
Hi 82.87 99.51 156.58 2.84 2.48 4.16

Panel E: Institutional Ownership Panel F: Level of Shaihterest

Hi IOR 2 Lo IOR Hi IOR 2 Lo IOR
Lo o 75.30 45.29 15.56 3.54 2.82 2.97
2 72.75 44.40 14.50 2.14 1.26 0.78
Hi 77.27 44.45 15.06 6.39 4.89 5.95

Panel G: Booko-market Panel H:diosyncratic volatility

Hi IOR 2 Lo IOR Hi IOR 2 Lo IOR
Lo o 30.57 30.38 28.24 1.68 1.79 2.57
2 32.93 36.45 29.86 1.55 1.74 2.64
Hi 30.36 29.29 22.65 1.78 2.00 2.98

Panel I: SIRIO Panel J: Option Volatility Spread

Hi IOR 2 Lo IOR Hi IOR 2 Lo IOR
Lo o 431 6.37 37.70 -0.70 -0.73 -1.92
2 2.68 2.66 9.91 -0.65 -0.67 -0.92
Hi 7.76 12.62 85.63 -0.79 -0.98 -2.34

Panel K: Analyst Earnings Forecast Dispersic

Hi IOR 2 Lo IOR
Lo 6.39 7.87 11.20
2 5.43 7.35 10.18
Hi o 7.07 9.09 17.58

n
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Table D.6: Explaining the returns from 5x3x3 sort with conventional factors

We regressnonthly returns to a portfolio going short low institutional ownership, high change iristesgst winners

and | ong all/l other winner portfolios (fBedghtrtiportiplioAgai nst
returns. Panel B repeats the eige with the exces®turn of the shorside of the BAW portfolio and Panel C uses

the low IOR, high change in shérterest losers as the l¢fandside portfolio. Column (1) shows the raw average of

that strategy, column (2) displays results from &PG¥regression on the market excess return. Column (3) represents

results from @&ama and French (1993)factor regression. In column (4), we add @&rhart (1997)momenturn

factor, and in column (5), IVOlas inAng et al. (2006)s included. Columns (6), (7) and (8) add #a&stor and

Stambaugh (2003)quidity factor, a shorterm reversal portfolio and the CME factor based on short interest over
institutional ownership fromDrechsler and Drechsler (2016)espectively. Column (9) includes all of the
aforementionedNewey and West (1981)statistics are shown in parentheses.

PanelAExcess returns of the fiBetting Against Winnerso portfol

@) 2 ®3 4 (5) (6) ™ (8) ©)
Intercepi  0.89 (3.17 1.08(3.50 1.01(3.65 0.96(3.71 0.98(3.73 0.96(3.58 0.98(3.60 0.69(2.35 0.74 (2.37

MKtRF -0.31 ¢2.78) -0.17 ¢1.87) -0.15¢1.73) -0.16 ¢1.86) -0.15¢1.70) -0.12 ¢1.31) -0.09 ¢0.87) -0.08 ¢0.81)
HML 0.32(2.49) 0.34(2.60 0.35(2.65 0.33(2.57 0.34(2.67 020(1.31 0.24(1.48
SMB -0.57 ¢4.57) -0.57 ¢4.53) -0.61 (4.54) -0.57 (4.57) -0.56 (4.65) -0.46 (3.11) -0.54 (3.66)
WML 0.02(0.80 0.03(0.97 0.02(0.79 0.01(0.40 0.00 (0.06 0.01(0.23
VoL 0.03 (0.55 0.06 (1.19
LIQ -0.00 ¢0.01) 0.02 (0.21
REV -0.18 ¢1.64) -0.15 ¢1.17)
CME 0.20 (.14 0.22 (1.94

Panel B:Excess returns of low institutional ownership, haffange in shosinterest winners

®) 2 ®3 4 (5) (6) ™ (8) ©)
Intercepi  0.04 (0.12 -0.81 ¢2.25) -0.70 ¢2.68) -1.06 ¢3.84) -0.98 (3.67) -1.05 (3.84) -1.09 (3.74) -0.71¢2.44) -0.73 ¢2.41)

MKtRF 1.33(9.05 1.09 (10.32 1.23(13.95 1.20(13.18 1.23(13.55 1.18(13.34 1.14 (12.66 1.10 (11.99
HML -0.47 €2.47) -0.40 ¢2.63) -0.34 {2.23) -0.40 (2.59) -0.40 (2.57) -0.22 ¢1.41) -0.23 ¢1.34)
SMB 1.12(7.26  1.10(8.60 0.99(8.35 1.10(8.54 1.09(8.27 0.96(6.98 0.91 (6.82
WML 0.16 (5.00 0.19 (455 0.17 (5.02 0.18(4.24 0.19 (540 0.21(4.14
IVOL 0.07 (1.34 0.04 (0.69
LIQ -0.03 ¢0.34) -0.05 ¢0.65)
REV 0.23 (1.72 0.21 (1.55
CME -0.26(-3.00) -0.22 (2.35)

Panel CExcess returns of low institutional ownership, high change in-ghterestiosers

(1) (2 ©) (4 (5) (6) (7) (8) 9
Intercepi -1.05 ¢1.63) -1.98 ¢4.10) -2.09 ¢4.90) -1.02 ¢2.15) -0.52 ¢0.96) -1.03 (2.36) -1.03(-2.21) 0.15(0.28 0.27 (0.47.

MKtRF 147 (8.86 1.31(8.69 0.91(8.42 0.71(5.76 0.91(8.04 0.89(6.00 0.62(4.49 0.53 (3.29
HML 0.17 (0.56 -0.06 €0.29) 0.31 (1.65 -0.06 (0.30) -0.07 ¢0.29) 0.53 (5.48  0.69 (3.41
SMB 1.25(5.39) 1.30(9.21, 0.56 (2.78 1.30(9.17 1.30(9.44 0.83(5.20 0.36 (1.65
WML -0.49 ¢5.42) -0.35¢4.29) -0.49 (5.24) -0.49 (5.85) -0.40 (6.42) -0.32 (5.08)
VoL 0.47 (5.28 0.36 (3.77
LIQ 0.02 (0.12 0.04(0.34)
REV 0.07 (0.25 -0.04 ¢0.18)

CME -0.88 ¢4.34) -0.69 ¢3.32)
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Table D.7: Excess returns of winner portfolios when excluding the 20% smallest stocks

This Tablecontains monthly average excess returns of the 25 wiromndfolios from a triple sort on the past-trfonth

return lagged by one month, institutional ownership and change in short interest over the past year. The 20% smallest
stocks in each month are excluded from the analysis. The second to last columrs pinesdifference of low and

high institutional ownership portfolios and the last column displays the alpha of that difference portfolio from a Fama
French thredactor regression. Similarly, the bottom two rows show the difference between high and lge than
shortinterest portfolios and the respective Farmanch thredactor alphaNewey and West (198 ®)statistics are

shown in parenttees.

Hi IOR 4 3 2 LolOR Loi Hi FF3a
Lo S 1.34 0.93 1.49 1.12 1.03 -0.30 ¢ 0.23 ¢
0.51) 0.35)
2 1.10 0.70 0.97 1.03 1.14 0.04(0.08) 0.02 (0.06)
3 1.28 1.18 0.87 0.85 0.57 0.71 ¢ -0.69 ¢
1.80) 1.97)
4 0.98 1.25 0.88 0.94 0.29 -0.69 ¢ -0.74(-
2.09) 2.20)
Hi S 1.11 1.03 0.93 1.10 -0.78 -1.89 ¢ -1.84 ¢
4.27) 4.54)
Hii Lo -0.23 0.10 -0.57 -0.01 -1.82
t (-0.86) (0.31)  (-1.45)  (-0.03)  (-2.55)
FF3a -0.39 0.01 -0.63 -0.15 -2.00

t (-1.47) (0.04)  (-1.51)  (-0.28)  (-2.93)




Table D.8: Characteristics of triple sorted winner portfolios when excluding the 20% smallest stocks

This Table showime-series averages of vakueighted mean characteristics of the 25 winner portfolios in the month

of portfolio formation. The 20% smallest skacin each month are excluded from the analysis. Panel A displays the
average number of stocks. Following are average market equity in billion US dollars (Panel B), return from month t
12 to the end of month2 in percent (Panel C), change in short irdefeom 11.5 months ago to 2 weeks ago in
percentage points (Panel D), institutional ownership in percent of number of shares outstanding (Panel E), level of
short interest prior to portfolio formation (Panel F), the ratio of book equity of the previcus Deb e r

to

mar ket equity in percent (Panel G) aAng etblh2006jn peecent o u s
(Panel H).
Panel A: Nurber of Stocks Panel B: Average Market Equity
Lo Lo
Hi IOR 4 3 2 IOR HilIOR 4 3 2 IOR
Lo op: 39 34 25 19 13 10.99 1953 29.82 22.46 7.07
2 20 25 27 29 29 1443 3098 40.69 20.90 5.21
3 16 23 28 32 31 1151 30.85 37.11 26.02 7.96
4 28 30 28 24 19 1196 2592 28.03 14.63 291
Hi o 41 29 24 22 15 7.10 9.74 13.35 9.83 2.60
Panel C: Formation Period Return Panel D: Change in Shelriterest
Lo Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Lo o+ 8353 89.15 101.61 116.97 12479 -4.29 -4.10 -4.37 -4.25  -8.84
2 73.13 76.05 78.60 88.99 103.08 -0.56 -0.53 -0.52 -0.50 -0.46
3 76.73 77.36 8225 89.76 110.26 0.11 0.11 0.09 0.08 0.07
4 77.47 8057 89.87 110.15 133.36 0.95 0.88 0.89 0.87 0.88
Hi o+ 90.74 103.02 11851 146.30 180.10 5.21 4.29 4.59 5.11 6.56
Panel E: Institutional Ownership Panel F: Level of Sheihterest
Lo Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Lo o 8449 6470 48.19 30.80 11.89 5.21 3.71 4.19 3.66 5.05
2 82.89 64.23 47.71 3041 11.50 3.17 1.84 1.49 1.42 1.13
3 83.32 6425 4788 30.75 12.02 3.01 1.75 1.40 1.19 0.82
4 83.79 6457 4784 30.82 11.78 4.21 2.99 2.69 2,51 2.03
Hi o+ 8712 6485 47.72 3035 11.89 10.35 8.03 7.98 7.96 8.86
Panel G: Booko-market Panel H: Idiosyncratic volatility

Lo Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Lo o+ 2776 3025 2793 2757 2225 1.82 1.78 1.94 2.29 2.83
2 31.73 36.12 3512 38.62 29.19 1.65 1.64 1.79 2.10 2.69
3 32.12 35.02 36.67 37.45 22.05 1.66 1.65 1.81 2.13 2.67
4 29.52 3211 3325 29.29 2282 1.72 1.69 1.85 2.29 2.97
HigpS | 28.73 29.28 2825 2411 17.10 1.97 2.05 2.32 2.68 3.34

m (

mo



Table D.8, continued:

Panel I: SIRIO Panel J: Option Volatility Spread
Lo Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 IOR
Lo o+ 561 5.39 8.27 1358 7511 -0.89 -0.84 -0.93 -1.39 -1.46
2 3.43 2.61 2.82 426 29.15 -0.68 -0.62 -0.63 -0.94 -2.73
3 3.26 2.46 2.63 3.36 11.00 -0.66 -0.67 -0.63 -0.98 -1.18
4 4.64 4.29 5.31 8.32 46.83 -0.63 -0.57 -0.84 -0.80 -0.16

Hi o+ 11.33 1219 1786 3457 154.13 -0.96 -1.14 -1.34 -2.05 -4.07

Panel K: AnalysEarnings Forecast Dispersiot

Hi IOR 4 3 2 LoIOR
Lo o 743 7.61 9.18 13.70 13.83
2 6.20 6.43 7.32 9.48 1251
3 6.05 5.92 7.80 9.72 11.62
4 6.66 5.75 7.88 1197 15.23

Hi m: 8.48 840 1128 1431 20.84
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Table D.9: Explaining the returns with conventional factors excluding the 20% smallest stocks

We regressnonthly returns to a portfolio going short low institutional ownership, high change iristesgst winners

and | ong alll other winner portfolios (ABetting Agai nst
stocks, on different lorghort potfolio returns. Panel B repeats the exercise with the exesass of the shorside

of the BAW portfolio and Panel C uses the low IOR, high change in-stierést losers as the ldfandside portfolio.

Column (1) shows the raw average of that strategiymn (2) displays results from a CAPM regression on the market

excess return. Column (3) represents results frétaraa and French (1993jfactor regression. In column (4), we

add theCarhart (1997momentumfactor, and in column (5), IVOL as #ing et al. (2006)s included. Columns (6),

(7) and (8) add thPastor and Stambaugh (200igidity factor, a shorterm reversal portfolio and the CME factor

based on short interest over institutional ownership fmachsler and Drechsler (2018gspectively. Column (9)

includes all of the aforeemtioned Newey and West (198T3statistics are shown in parentheses.

PanelAExcess returns of the fiBetting Against Winnerso portfol

@) 2 ®3 4 (5) (6) ™ (8) ©)
Intercepi  1.78 (4.29 1.98 (452 1.86(4.62 177 (434 165412 1.75(4.09 1.78(4.38 1.04(2.62 1.06 (2.54

MKtRF -0.30 ¢2.15) -0.17 ¢1.49) -0.14 ¢1.28) -0.08 ¢0.60) -0.14 ¢1.32) -0.12 ¢1.03) 0.12(0.99) 0.11 (0.88
HML 0.42 (2.35 0.44 (258 0.35(2.11 0.45(2.63 0.45(3.06 -0.11¢0.54) -0.08 ¢0.40)
SMB -0.40 ¢2.74) -0.41¢2.74) -0.23 ¢1.31) -0.41¢2.77) -0.40¢3.10) 0.02 (0.13 -0.04 ¢0.22)
WML 0.04 (123 0.01(0.25 0.04(1.19 0.04(0.83 -0.04¢0.91) -0.03 ¢0.68)
VoL -0.12 ¢1.57) 0.06 (0.67
LIQ 0.03 (0.22 0.02 (0.19
REV -0.10 ¢€0.67) -0.05 ¢0.30)
CME 0.72 (5.37  0.75 (4.69

Panel B:EExcess returnef low institutional ownership, high change in shioterest winners

®) 2 ®3 4 (5) (6) ™ (8) ©)
Intercepi -0.78 ¢1.39) -1.68 ¢3.37) -1.53 ¢3.76) -1.94 ¢4.85) -1.69 (4.25) -1.93 (4.59) -1.97 (4.83) -1.13 (3.09) -1.12 ¢2.84)
MKtRF 1.40 (8.39 1.14(9.90 1.28(10.63 1.14(9.05 1.28(11.70 1.25(10.93 0.99 (9.71 0.94 (7.94
HML -0.63 ¢3.02) -0.51¢2.67) -0.30 ¢1.76) -0.51¢3.13) -0.51¢2.51) 0.11(0.53 0.12 (0.57
SMB 1.12(5.83 1.09 (6.81 0.71(3.86 1.09(7.66) 1.07(6.60 0.61(3.53 0.51(2.90
WML 0.19 (437 026 (4.73 0.19(4.23 0.20(4.29 029 (531 0.31(5.61
IVOL 0.25 (2.99 0.08 (1.00
LIQ -0.03 ¢0.29) -0.03 ¢0.21)
REV 0.17 (0.91 0.13(0.80)
CME -0.80 ¢£6.58) -0.74 (5.09)

Panel CExcess returns of low institutional ownership, high change in-ghterestiosers
D 2 (€) @ (5 (6) U (8 9
Intercep! -1.51 ¢1.86) -2.52 (3.65) -2.52 (3.80) -1.40¢2.31) -1.11 ¢1.59) -1.45¢2.21) -1.40 (2.24) -0.42 (0.67) -0.45 (0.61)

MKtRF 158 (9.26 1.37(8.72 0.99(8.70 0.83(5.79 0.99 (8.00 0.98(7.22 0.64(3.92 0.62 (3.46
HML -0.14 ¢0.50) -0.47 ¢1.97) -0.24 ¢0.93) -0.46 (1.96) -0.47 ¢1.98) 0.27 (0.86 0.32 (0.94
SMB 1.27(3.96 1.35(5.64 0.92(2.78 1.36(4.91 1.35(557 0.77(3.22 0.70 (1.99
WML -0.51 ¢8.11) -0.44 ¢6.09) -0.52 ¢7.76) -0.51¢8.59) -0.40 (6.90) -0.39 (5.28)
VoL 0.28 (2.44 0.07 (0.62
LIQ 0.10 (0.55 0.13(0.72
REV 0.02 (0.10 -0.07 ¢£0.28)

CME -0.96 (4.24) -0.93 (3.64)
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E Addi tional Data Cleaning

We identify some issues with the short interest data as well as the institutional ownership
data. These issues shrink our sample and induce additional noise, which should strictly weaken our
results. First, suppose a firm is identified as having a high change in short interest but really had
no change in short interest. We might include this fimrthe constrained winner portfolio, while
it really is not constrained. I f the firm di:
portfolio towards a too high return. Second, we increase our sample size and thus the pool of

potentially conrained firms, which again should reduce noise.

The short interest data come from four different sources. Compustat is available from
1973, but only starts NASDAQ coverage from July 2003. We have additional files from each
exchange, NYSE1088/01i 2005/0%, AMEX (1995/01i 2005/07 and NASDAQ (988/06i
2008/07 except February and July of 1990). One file typically covers one month of data for one
exchange. The format varies widélynost files have tickers, some do not. Tickers typically have
the share @ss appended at the end. In CRSP, the share class is sometimes included in the ticker
and sometimes it is not. Ordinary matching on tickarsses some stocks with multiple share
classes and all files that do not include tickers. We thus apply the fajigacedure to improve

matching:

1 Within each file we identify issues of the same company by nhame matching.

1 We identify the share class from the name or the ticker within multiple issue
companies.

1 We match by ticker where uniquely possible.

1 We match by tickr and share class where uniquely possible.

1 We match the remaining firms by name and share class.
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The name matching procedure for identifying multiple issues within files and for matching
CRSP names with short interest file names first standardizes nanresnbving unnecessary
whitespaces and punctuation, harmonizing abbreviations and acronyms and removing additional
i nformation (like AClass A0 or fAlncorporatedd®c
assess name similarity. We discount commonword i ke AAmeri canodo and put

unique part of company names. Additionally, we allow for word rotation.

In the current version of the paper we have 1,488,655 firm month observations with short
interest. After applying the procedure above altmirang for firms from all four sources within
any given month, we end up with 1,704,806 firm month observations, a 15% increase, 2/3 of which
come from the new matching and 1/3 comes from allowing all sources within a month. Our short

interest data now eers 87% of all observations in CRSP in our sample period.

The results of our main analyses get strictly stronger. The Sharpe ratio of the BAW
portfolio increases from 1.08 to 1.19. The portfolio now contains 21 instead of 16 stocks per month,

on average.

There are also some apparent issues with institutional ownership data. We identify a few
cases where institutional ownership decreases in one quarter by more than 50pp and increases by
more than 50pp in the next g uditatibnallownarghg falts. For
from 83% to 0.2% in 06/2008 and is back at a level of 79% in the following quarter again. Thereby,
Halliburton ends up in the corner portfolio in one month, while it is highly unlikely that it was

actually shorsale constrained

We fix this issue by setting institutional ownership to the previous observation if we

observe an extreme decrease of more than 50pp that fully reverses in the following quarter. This
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happens 115 times in the samplbut even very few observations lik&alliburton can have an

influence on value weighted portfolio returns. This fix further increases the Sharpe ratio of BAW

to 1.22.

Tables F.1 to F.3 and Figure F.1 provide results based on the updated data, i.e., including
the improvements in data qualityr short interest and institutional ownership. As can be seen, the

main effects become stronger.
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Table E.1: Excess returns of winnerand loserportfolios with improved SIR and IOR data

This Tablecontains monthly average excess returns of the 25 w{Raeel A) and 25 loser (Panel B) portfolios from

a triple sort on the past 4thonth return lagged by one month, institutional ownership and change in short interest over
the past year. The second to last column presents the difference of low and Higfoimstiownership portfolios and

the last column displays the alpha of that difference portfolio from a fFaemch thredactor regression. Similarly,

the bottom two rows show the difference between high and low change iirdbaest portfolios and ehrespective
FamaFrench thredactor alphaNewey and West (198 T)statistics are shown in parentheses. The difference to Table

3 in themain paper is that we apply the techniques described in Appendix E to improve the quality of short interest
and institutional ownership data.

Panel A: Winners

Hi IOR 4 3 2 Lo IOR Loi Hi FF3a
Lo oS 0.90 0.77 1.42 1.17 1.32 0.44 0.29
(0.74) (0.53)
2 1.06 1.01 0.85 1.50 0.73 -0.33 -0.29
(-0.73) (-0.65)
3 1.20 1.19 0.87 0.89 1.05 -0.15 -0.06
(-0.47) (-0.20)
4 1.02 0.87 0.70 0.62 0.30 -0.73 -0.74
(-2.34) (-1.88)
Hi ®S 0.95 0.77 0.91 0.05 -1.75 -2.70 -2.69
(-6.21) (-5.95)
Hii Lo 0.05 0.00 -0.52 -1.12 -3.09
t (0.23) (0.01) (-1.13) (-2.35) (-4.56)
FF3a -0.08 -0.12 -0.73 -1.22 -3.06
t (-0.38) (-0.37) (-1.64) (-2.47) (-4.80)
Panel B: Losers
Hi IOR 4 3 2 Lo IOR Loi Hi FF3a
Lo oS 0.39 0.18 -0.31 -0.69 -1.64 -2.04 -1.67
(-3.31) (-2.49)
2 0.76 0.79 0.35 -0.38 -1.34 -2.10 -1.63
(-2.87) (-2.27)
3 -0.30 0.47 0.50 0.17 0.27 0.57 0.99
(1.15) (1.86)
4 0.07 0.27 0.32 -0.33 -0.77 -0.84 -0.63
(-1.37) (-1.07)
Hi ®S -0.18 -0.53 -0.73 -1.82 -2.18 -2.10 -2.12
(-2.71) (-2.63)
Hii Lo -0.57 -0.71 -0.42 -1.13 -0.61
t (-1.54) (-1.71) (-1.05) (-1.53) (-0.72)
FF3a -0.42 -0.74 -0.69 -1.19 -0.84

t (-114)  (-1.97)  (-1.65)  (-2.02)  (-1.05)
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Table E.2: Characteristics of triple sorted winner portfolios with improved SIR and IOR data

This Table showime-series averages of vakueighted mean characteristics of the 25 winner portfolios in the month

of portfolio formation. Panel A displays the average number of stocks. Following are average markat bifjioty

US dollars (Panel B), return from montt2 to the end of montkz in percent (Panel C), change in short interest from

11.5 months ago to 2 weeks ago in percentage points (Panel D), institutional ownership in percent of number of shares
outstanding (Panel E), level of short interest prior to portfolio formation (Panel F), the ratio of book equity of the
previous December to |l ast monthds market equity in perc
as inAng et al. (2006)n percent (Panel H). The difference to Table 6 in the main paper is that we apply the techniques
described in Appendix E to improve the quality of short interestrestiutional ownership data.

Panel A: Number of Stocks Panel B: Average Market Equity

Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 LolIOR
Lo op 58 49 37 26 18 13.35 2326 27.11 7.21 3.45
2 20 29 36 45 53 1392 36.06 46.77 22.84 3.37
3 18 28 37 48 58 13.86 37.19 4456 20.25 5.50
4 38 43 41 35 31 1391 28.80 2825 10.24 2.01
Hi 61 42 36 29 21 7.58 9.07 8.26 3.95 0.97

Panel C: Formation Period Return Panel D: Change in Sheriterest

Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 LolIOR
Lo o' 8175 8459 95.04 110.99 114.08 -2.98 -2.56 -2.49 -2.35 -2.40
2 7310 69.30 76.62 87.06 96.29 -0.33 -0.32 -0.32 -0.28 -0.26
3 76.68 73.11 79.03 89.07 105.60 0.14 0.12 0.12 0.12 0.11
4 76.78 79.68 90.29 113,53 145.30 0.87 0.80 0.81 0.81 0.78

Hi o' 9347 108.33 126.01 161.38 191.41 4.30 3.70 3.99 4.34 4.28

Panel E: Institutional Ownership Panel F: Level of Shoihterest
Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 LoIOR
Lo o' 8044 6129 43.17 24.10 6.80 4.10 2.70 2.60 2.70 1.62
2 79.32 6058 4251 23.26 6.36 2.72 151 1.16 1.00 0.61
3 79.44 60.23 42.03 23.18 7.43 2.73 1.61 1.21 0.99 0.54
4 79.82 60.81 4258 23.66 7.20 3.60 2.61 2.26 2.01 1.63

Hi ' 82.62 6092 4211 24.00 7.04 8.41 6.56 6.45 6.71 5.72

Panel G: Booko-market Panel H: Idiosyncratigolatility
Lo
Hi IOR 4 3 2 IOR HilOR 4 3 2 LoIOR
Lo ' 2813 3257 3099 27.63 2522 1.81 1.74 1.95 2.46 3.12
2 3198 36.87 38.17 39.62 35.37 1.68 1.59 1.80 231 2.97
3 30.04 3568 38.63 40.08 33.57 1.66 1.62 1.86 2.24 2.86
4 29.82 3299 33.67 28.47 20.72 1.70 1.70 1.93 2.48 3.35

Hi o' 2844 29.12 26.05 21.59 6.91 1.99 2.14 2.45 3.01 3.86




Table E.2, continued:
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Panel I: SIRIO Panel J: Option Volatility Spread
Lo
Hi IOR 4 3 2 IOR HilIOR 4 3 2 LoIOR
Lo o 471 4.29 6.23 1292 79.49 -0.83 -0.86 -0.90 -1.47 -2.04
2 3.11 2.25 2.39 3.73 2277 -0.82 -0.49 -0.54 -1.42 -2.48
3 3.13 2.40 2.50 355 17.14 -0.72 -0.61 -0.58 -0.83 -0.87
4 4.17 3.98 5.05 8.80 70.00 -0.65 -0.58 -0.67 -0.70 -1.47
Hi o' 968 10.71 1658 37.99 20191 -1.04 -1.23 -1.85 -3.03 -6.18
Panel K: Analyst Earnings Forecast Dispersic
Hi IOR 4 3 2 LoIOR
Lo @  8.98 857 1238 1641 27.82
2 6.65 7.09 7.78 1234 19.79
3 6.76 6.48 9.60 1049 1351
4 7.47 6.61 9.56 16.93 16.77
Hi o' 10.14 11.08 1522 2222 31.65
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Table E.3: Explaining the returns with conventional factorswith improved SIR and IOR data

We regressnonthly returns to a portfolio going short low institutional ownership, high change iristesgst winners

and long all other winner portfais ( ABetti ng Against Wi nner-short porBohoW, Pane
returns. Panel B repeats the exercise with the exetiss of the shorside of the BAW portfolio and Panel C uses

the low IOR, high change in shérterest losers as the tdfandside portfolio. Column (1) shows the raw average of

that strategy, column (2) displays results from a CAPM regression on the market excess return. Column (3) represents
results from @&ama and French (1993)factor regression. In column (4), we add @&rhart (1997)momenturn

factor, and in column (5), IVOL as iAng et al. (2006)s included. Columns (6), (7) dn8) add thePastor and
Stambaugh (2003)quidity factor, a shorterm reversal portfolio and the CME factor based on shtetest over
institutional ownership fromDrechsler andDrechsler (2016) respectively. Column (9) includes all of the
aforementionedNewey and West (1987)statistics are shown in parenthesThe difference to Table 7 in the main

paper is that we apply the techniques described in Appendix E to improve the quality of short interest and institutional
ownership data.

PanelAExcess returns of the fAiBetting Against Winnerso portfol

®) 2 ®3 4 (5) (6) ™ (8) ©)
Intercep!  2.67 (6.70. 2.80 (6.68 2.74 (652 2.66(6.52 2.56 (6.14 2.73(6.42 2.71(6.78 1.83 (471 2.01(3.94

MKtRF -0.21 ¢1.90) -0.09 €0.95) -0.06 ¢0.58) -0.02 (0.18) -0.05¢0.48) 0.03(0.30 0.14 (1.49  0.19(1.85)
HML 0.26 (154 0.28(1.77 0.20(1.50 0.25(1.59 0.29 (2.03 -0.00 ¢0.00) 0.01 (0.08
SMB -0.53 (2.91) -0.54 (3.25) -0.39 (1.78) -0.54 (3.14) -0.50 (3.27) -0.22 ¢(1.15) -0.22 ¢0.94)
WML 0.04 (0.92 0.01(0.24 0.05(0.89 0.02(0.32) -0.03 (0.57) -0.03 ¢0.63)
IVOL -0.09 ¢1.02) -0.01 ¢€0.10)
LIQ -0.18 ¢1.49) -0.15 ¢1.35)
REV -0.41 (2.57) -0.29 ¢1.88)
CME 0.48 (3.68 0.43 (2.75

Panel BEExcess returns of low institutional ownership, hajfange in shotinterest winners

(1) (2 ©) (4 (5) (6) (7) (8) 9
Intercep! -1.75 ¢3.99) -2.58 ¢5.10) -2.50 ¢(5.48) -2.81 ¢6.07) -2.57 (5.97) -2.89 (6.18) -2.88 (7.03) -1.75 ¢3.94) -1.95 ¢3.46)
MKtRF 1.30 (8.66 1.06(9.16 1.18(11.54 1.08(9.89 1.17(11.88 1.07 (10.53 0.92(7.93 0.84 (7.37
HML -0.41 €2.33) -0.34¢1.76) -0.16 ¢1.11) -0.32 ¢1.69) -0.36 ¢2.01) 0.01 (0.05 0.04 (0.24
SMB 1.24 (6.64 1.23(6.65 0.87(4.06 1.24(6.75 1.19(7.55 0.82(4.34 0.68 (2.74
WML 0.14 (2.62 021(3.69 0.14(254 0.17(2.81 0.23(3.87 0.26 (4.34
IVOL 0.23 (2.52 0.14 (1.87
LIQ 0.18 (1.46 0.15 (1.19
REV 0.50 (2.36 0.36 (1.98
CME -0.62 (4.09) -0.48 ¢2.91)

Panel CExcess returns of low institutional ownership, high change in-gfterestiosers

(1) (2 ©) (4) (5) (6) (7) (8) 9
Intercep! -2.18 €2.07) -3.39 (4.26) -3.37 ¢4.05) -1.98 ¢1.71) -0.92 ¢0.77) -2.08 ¢1.95) -2.04¢1.89) 0.29(0.18 0.21(0.14
MKtRF 1.84 (5.64 1.63(6.50 1.08(5.26 0.69(2.91 107 (442 0097 (3.61 055(1.92 0.35(1.10
HML -0.29 ¢€0.62) -0.60 ¢1.67) 0.14 (0.49 -0.57 ¢1.78) -0.62¢1.61) 0.15(0.45 0.51 (1.54
SMB 1.13(2.81 1.20(3.26 -0.29¢0.80) 1.21(3.26) 1.16 (3.39 0.33 (0.78 -0.60 (1.44)
WML -0.67 ¢3.15) -0.39 ¢2.42) -0.68 ¢3.25) -0.64 ¢3.53) -0.48 ¢3.99) -0.31 (2.87)
VoL 0.95 (5.39 0.79 (4.29
LIQ 0.22 (0.70 0.24 (0.94
REV 0.52 (0.95 0.28 (0.79

CME -1.32 €2.62) -0.84 ¢1.83)




79

Figure E.1: Cumulated logreturn of different long-short portfolios with improved SIR and IOR data

The cumulated logeturn of holding different longhort portfolios is plotted over the whole sample period from June
1989 to December 2014. IVOL is calculated asing & al. (2006) WML is the standar@arhart (1997momentum

factor, MktRF, HML and SMB are tHeéama and French (199fctors and BAB is the bettinggainstbeta factor as

in Frazzini and Pedersen (201BAW is the bettingagainstwinners portfolio that shorts the overpriced (high change

in short interest and low institutional ownership) winners and goes long all other 24 winneiigso(tfath equal

weight on each portfolio but valweeighting within portfolios) The difference to Figure 8 in the main paper is that

we apply the techniques described in Appendix E to improve the quality of short interest and institutional ownership
data.
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