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This dissertation consists of two essays on short sellers' trading behavior. The first 

essay examines if short sellers exploit temporary mispricing in the equity market. Using a 

mispricing indicator that measures deviations from a stock's fundamental value, we find 

higher levels of short selling for temporarily overvalued stocks. The result is robust to 

controlling for short sale constraints and illiquidity, and it is more pronounced when short 

sale constraints do not bind and stocks are liquid. The result also remains intact after 

controlling for short sellers' reaction to fundamental information. We find that short 

sellers contribute to market quality by correcting overpricing quickly over time, but do 

not destabilize the stock market. 

The second essay documents trading activity of short sellers through the 

examination of intraday patterns in short sales. We find a U-shaped intraday pattern in 

short sales across the trading day. This pattern is robust to controlling for short trade size, 

market capitalization, and institutional ownership. We also find a positive association 

between short selling and past returns across the trading day, and this result is more 

pronounced in the first and last half hours of the day. A trading strategy based on intraday 

short sales generates the highest returns at the open of the trading day. Overall, the results 

suggest that high levels of short sales at the market open are attributed to strategic trading 

by informed short sellers. High levels of effective spreads and volatility at the open also 

support our findings. 

  



 vi 

TABLE OF CONTENTS 
 

LIST OF TABLES ........................................................................................................... viii  

LIST OF FIGURES ........................................................................................................... ix 

 

CHAPTER1 

SHORT SELLING AND MARKET MISPRICING 

1.1 Introduction ....................................................................................................................1 

1.2 Hypotheses .....................................................................................................................6 

1.3 Data and Methodology ...................................................................................................8 

1.3.1 Data Description ......................................................................................................8 

1.3.2 Return Decomposition Using the Kalman Filter ...................................................13 

1.4 Estimating Mispricing ..................................................................................................16 

1.4.1 Kalman Filter Estimates ........................................................................................16 

1.4.2 Validity of Mispricing Measures ...........................................................................21 

1.5 Empirical Results .........................................................................................................27 

1.5.1 Short Selling and Mispricing .................................................................................27 

1.5.2 Short Selling and Mispricing: Controlling for Firm Characteristics .....................31 

1.5.3 Non-Information-Based vs. Information-Based Mispricing .................................38 

1.5.4 The Effect of Short Selling on Subsequent Mispricing .........................................44 

1.6 Conclusions ..................................................................................................................49 

Appendix: Kalman Filter Algorithm ..................................................................................51 

References ..........................................................................................................................54 

  

CHAPTER 2 

INTRADAY PATTERNS IN SHORT SALES 

2.1 Introduction ..................................................................................................................57 

2.2 Hypotheses ...................................................................................................................61 

2.3 Data Description ..........................................................................................................64 

2.4 Intraday Patterns in Short Sales ...................................................................................67 

2.4.1 Methodology .........................................................................................................67 

2.4.2 Intraday Patterns in Short Sales ............................................................................70 

2.4.3 Cross-Sectional Differences in Intraday Patterns of Short Sales ..........................74 



 vii 

2.5 Intraday Patterns in Short Sales and Stock Returns .....................................................78 

2.5.1 Short Selling and Past Returns ..............................................................................78 

2.5.1.1 Intraday Short Sales and Past Returns ............................................................78 

2.5.1.2 Cross-Sectional Differences in Contrarian Short Selling ...............................83 

2.5.2 Short Selling and Subsequent Returns ..................................................................86 

2.5.2.1 Intraday Short Sales and Subsequent Returns ................................................86 

2.5.2.2 Cross-Sectional Differences in Return Predictability  ...................................91 

2.6 Intraday Patterns in Effective Spreads and Volatility ..................................................98 

2.6.1 Effective Spreads ...................................................................................................98 

2.6.2 Volatility ..............................................................................................................103 

2.7 Conclusions ................................................................................................................108 

References ........................................................................................................................110 

 

  



 viii 

LIST OF TABLES 

 

Table 1.1 Summary Statistics ............................................................................................11  

Table 1.2 Kalman Filter Estimates.....................................................................................19 

Table 1.3 Mispricing and Subsequent Returns ..................................................................25 

Table 1.4 Short Selling for Portfolios Sorted on Mispricing .............................................28 

Table 1.5 Short Selling for Portfolios Sorted on Lagged Returns and BM Ratio .............30  

Table 1.6 Short Selling for Portfolios Sorted on Mispricing and Firm Characteristics .....33 

Table 1.7 Panel Regressions of Short Selling on Mispricing ............................................37 

Table 1.8 Panel Regressions of Short Selling on Mispricing and Earnings Surprise ........42 

Table 1.9 Subsequent Mispricing Estimates in Short-Selling Portfolios ...........................47  

Table 2.1 Summary Statistics ............................................................................................66 

Table 2.2 Intraday Variations in Short Sales .....................................................................72 

Table 2.3 Cross-Sectional Differences in Intraday Variations in Short Sales ...................77 

Table 2.4 Fixed-Effects Regressions of Intraday Short Sales on Past Returns .................81  

Table 2.5 Fixed-Effects Regressions of Intraday Short Sales on Past Returns and Firm 

Characteristics ....................................................................................................................84 

Table 2.6 Returns of Strategies Based on Intraday Short Sales .........................................89 

Table 2.7 Cross-Sectional Differences in Returns of Short Sale Strategies ......................95 

Table 2.8 Intraday Variations in Effective Spreads .........................................................101  

Table 2.9 Intraday Variations in Volatility ......................................................................106 

 

 

  



 ix 

LIST OF FIGURES 

 

Figure 1.1 Time Series of Cross-Sectional Averages of Returns, Mispricing, and Book-to-

Market  ratio .......................................................................................................................20  

Figure 1.2 Subsequent Mispricing Components in Portfolios Sorted on Mispricing ........22 

Figure 1.3 Subsequent Mispricing Estimates in Portfolios Sorted on Short Selling .........48 

Figure 2.1 Intraday Patterns in Short-Sale Variables and Returns ....................................73 

Figure 2.2 Fixed-Effects Regressions of Intraday Short Sales on Past Returns ................82  

Figure 2.3 Fixed-Effects Regressions of Short Sales on Past Returns and Firm 

Characteristics ....................................................................................................................85 

Figure 2.4 Returns for Long-Short Portfolios Based on Short Sales .................................90 

Figure 2.5 Returns for Long-Short Portfolios Based on Short Sales and Firm 

Characteristics ....................................................................................................................96 

 

   



CHAPTER 1

Short Selling and Market Mispricing

1.1. Introduction

An extensive literature documents that short sellers tend to trade based on their

information advantage regarding a �rm�s fundamental value. Numerous studies pro-

vide empirical evidence on short sellers� use of private information by �nding ab-

normally large short selling prior to the release of bad news (Christophe, Ferri, and

Angel (2004), Desai, Krishnamurthy, and Venkataraman (2006), and Karpo¤ and

Lou (2010)). Other studies demonstrate short sellers�superior skills to process pub-

lic information and identify mispriced stocks during the post-announcement period

(Boehmer and Wu (2013) and Engelberg, Reed, and Ringgenberg (2012)). Diether,

Lee, and Werner (2009) document short sellers�contrarian behavior, showing an in-

crease in short transactions following positive returns. These studies also �nd evidence

on short sellers�contribution to market quality by �nding negative returns following

high levels of short sales.

While many prior studies have focused on short sellers�informed trading around

the release of adverse fundamental news, only a few studies have explicitly examined if

short sellers are able to identify and exploit temporary mispricing embedded in stock

1
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returns. A shortage of appropriate mispricing proxies is one possible explanation for

the lack of studies on this topic.

The most common approach to evaluate mispricing is to compare the market

value of equity with accounting variables which are known to re�ect fundamental

values, such as the book value of equity, cash �ows, or earnings. In this approach,

a low (high) fundamental-to-price ratio indicates stock overpricing (underpricing).

Dechow, Hutton, Meulbroek, and Sloan (2001) and Curtis and Fargher (2008) �nd

high levels of short interest in stocks with low fundamental-to-price ratios.1 In the

same vein, Cao, Dhaliwal, Kolasinski, and Reed (2007) and Hirshleifer, Teoh, and

Yu (2011) identify mispricing based on the negative relationship between accounting

accruals and fundamental values, and �nd increases in short sales in high-accrual

stocks.

In this paper, we investigate short sellers�ability to identify and exploit mispric-

ing using a mispricing indicator which measures price deviations from fundamental

value. Following Brennan and Wang (2010), we estimate mispricing using a Kalman

Filter algorithm. This mispricing indicator has very di¤erent features from mispricing

proxies in existing studies. First, while accounting proxies for fundamental value are

based on low frequency data, such as quarterly and annual data, we estimate tem-

porary mispricing in a timely manner using higher frequency market data. Second,

while mispricing estimated from accounting ratios indicates the relative level of mis-

pricing compared to fundamental proxies, our measure of mispricing represents the

1Dechow, Hutton, Meulbroek, and Sloan (2001) use four fundamental-to-price ratios: cash-�ow-to-
price, earnings-to-price, book-to-market, and value-to-market ratios. Curtis and Fargher (2008) use
value-to-price, book-to-market, and earnings yield ratios.
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absolute level of temporary mispricing based on its stationary property. By using this

mispricing measure, we can rule out mispricing driven by temporary changes in fun-

damental values, which is not directly associated with trading activities of informed

short sellers. Third, compared to book-to-market ratio or short-term momentum, our

measure of mispricing is less likely to be contaminated by growth opportunities or

fundamental factors.2

If short sellers are better than other investors at identifying stock mispricing, they

would sell short overvalued stocks in anticipation of price declines which re�ect the

correction of overpricing in the future. We investigate if short selling is positively

associated with the mispricing captured by the Kalman Filter algorithm. We indeed

�nd higher (lower) levels of short selling in overvalued (undervalued) stocks, support-

ing the exploitation of mispricing by short sellers. This result is robust to controlling

for short sale constraints and illiquidity, and it is more pronounced when short sale

constraints do not bind and stocks are liquid.

We also investigate if the result remains signi�cant after controlling for short

sellers� trading on mispricing associated with fundamental news, such as the slow

incorporation of fundamental information into stock prices around news announce-

ments. Using earnings announcements, we �nd that while short selling is negatively

associated with earnings surprises, its relationship with mispricing estimates is ro-

bustly positive. These results suggest that short sellers tend to consistently exploit

2Rhodes-Kropf, Robinson, and Viswanathan (2005) decompose the book-to-market ratio into mis-
valuation and growth opportunities, and Grullon, Michenaud, and Weston (2011) address that com-
monly used proxies for mispricing, such as book-to-market ratio and price momentum, could also
proxy for growth opportunities.
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temporary and non-information-based mispricing regardless of the existence of earn-

ings announcements, while they also trade on information-based mispricing associated

with fundamental news. Overall, our results verify that short sellers�exploitation of

temporary mispricing is robust to the presence of fundamental information.

Finally we examine if short sellers contribute to market quality by correcting over-

pricing quickly over time. Our approach provides direct evidence on the impact of

short selling on subsequent mispricing, while existing studies have examined if high

levels of short selling predict negative subsequent returns. The negative association

between short selling and subsequent returns can be interpreted in two ways, depend-

ing on whether the negative returns re�ect upcoming negative news or are driven by

short-term overreaction. If the negative subsequent returns are followed by declin-

ing fundamental values, high levels of short selling followed by the negative returns

would suggest that short sellers tend to possess private information or skills to analyze

available information on fundamentals (Boehmer, Jones, and Zhang (2008)). If the

negative returns represent correction of temporary overpricing, the negative relation-

ship between short selling and subsequent returns highlights the role of short sellers

in price discovery (Diether, Lee, and Werner (2009) and Boehmer and Wu (2013)).

In light of this, our study helps resolve mixed interpretations on the relation between

short selling and subsequent returns by only focusing on mispricing components.

We �nd that overpricing (underpricing) in heavily (lightly) shorted stocks is cor-

rected more quickly than overpricing (underpricing) in lightly (heavily) shorted stocks.

This result demonstrates that short sellers play an important role in improving market

quality by reducing overpricing quickly and promoting price discovery in the equity
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market. Additionally, we do not �nd evidence that heavy shorting activity destabilizes

the stock market by amplifying underpricing. Our results for the undervalued stocks

suggest that short sellers�speculative role is limited to the delay of the price discov-

ery process over time, refuting the claim that short sellers manipulate the market by

forcing stock prices below fundamental values.

Despite a considerable amount of literature on short sellers�trading activity and

return decomposition, there are no empirical studies, to the best of our knowledge,

that attempt to �nd evidence on informed short selling using the degree of nonfunda-

mental mispricing obtained through return decomposition. Our measure of mispricing

has an advantage from the econometric point of view in that we do not choose spe-

ci�c state variables re�ecting fundamental values and mispricing in the estimation

procedure. This approach thus attenuates a model misspeci�cation problem caused

by a researcher�s arbitrary choice of state variables. In addition, we do not make any

underlying assumptions about the cause of mispricing and investors� irrational be-

havior in the estimation. Overall, this measure may well capture important elements

of mispricing in high frequency data. Given that short sellers tend to modify their

short positions based on temporary mispricing frequently, examining their trading

activities with this mispricing measure o¤ers clear evidence on the arbitrage behavior

of the informed short sellers.

The remainder of this paper is organized as follows. Section 1.2 explains the

hypotheses that will be tested in the paper. Section 1.3 describes data and method-

ology. In Section 1.4, we discuss mispricing estimates obtained through a Kalman
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Filter method. Section 1.5 presents test results and draws implications from the

results. Finally, Section 1.6 concludes the paper.

1.2. Hypotheses

Prior studies have argued that short sellers are able to identify overvalued stocks.

Dechow, Hutton, Meulbroek, and Sloan (2001) demonstrate this using accounting

ratios to measure the degree of mispricing. Diether, Lee, and Werner (2009) show

through the analysis of short-term price momentum that short sellers tend to trade

on overreaction in anticipation of negative future returns. We expect short sellers

to identify temporarily overvalued stocks whose prices positively deviate from fun-

damental values. Short sellers will increase their short positions in these overvalued

stocks, because the correction of overvaluation will be impounded into stock prices,

giving them a chance to make a pro�t on their trading. Therefore, we expect a pos-

itive association between short selling and mispricing, i.e., high (low) levels of short

selling in stocks with positive (negative) deviations from fundamentals.

H1: There are high levels of short selling in temporarily overvalued stocks.

For hypothesis H1, we examine short sellers� trading behavior on mispricing

without considering the existence of fundamental information, because our mea-

sure of temporary mispricing is estimated based on e¢ cient fundamental prices. If

new fundamental information is slowly incorporated into stock prices around news
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announcements, the mispricing estimates during these periods will consist of two

parts: non-information-based mispricing which follows a mean-reverting process, and

information-based mispricing which re�ects the adjustment of stock prices in the same

direction as fundamental news. Prior studies provide empirical evidence on post-

earnings-announcement drift (PEAD), which indicates an upward (downward) drift

following positive (negative) earnings surprises. Short-selling literature also shows

that short sellers tend to exploit the slow incorporation of bad fundamental news into

stock prices following earnings announcements.

Motivated by these �ndings, we examine the relation between short selling and

temporary mispricing after controlling for short sellers�trading behavior associated

with fundamental news during the announcement period. Using earnings announce-

ments, we expect that short selling will be negatively associated with earnings sur-

prises around the release of news, while it will be positively associated with temporary

mispricing.

H2a: Short selling is negatively associated with earnings surprises around earnings

announcements.

H2b: Short selling is positively associated with temporary mispricing around earn-

ings announcements.

We further examine if high levels of short selling subsequently lead to a reduction

of overpricing. As Cao, Dhaliwal, Kolasinski, and Reed (2007) and Boehmer and Wu

(2013) documented, if short sellers contribute to informational e¢ ciency by forcing
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stock prices toward fundamental values quickly, levels of overpricing in heavily shorted

stocks will be adjusted faster than those in lightly shorted stocks. On the other hand,

levels of underpricing will be corrected quickly in lightly shorted stocks, because

relatively high levels of short sales in the undervalued stocks will not accelerate the

correction of mispricing and possibly magnify underpricing by pushing stock prices

below fundamental values.

H3a: Overpricing in heavily shorted stocks is corrected faster than in lightly shorted

stocks.

H3b: Underpricing in lightly shorted stocks is corrected faster than in heavily

shorted stocks.

1.3. Data and Methodology

1.3.1. Data Description

We collect short-sale data of 2,186 NYSE- and NASDAQ-listed common stocks from

the TAQ Regulation SHO database for the period January 1, 2005 through July 6,

2007.3 The transaction-level data include the stock ticker, the transaction date and

time, price, total trading volume, shorting volume, and an indicator denoting trans-

actions that are exempt from an uptick rule, but they do not contain any information
3The Regulation SHO database contains short-sale data reported to the NYSE from January 1, 2005
to July 6, 2007, when the SEC eliminated an uptick rule.
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on short-covering trades. Following Christophe, Ferri, and Angel (2004), we exclude

short sales exempt from the uptick rule, since exempt shorting is implemented by mar-

ket makers for the purpose of market making or arbitrage of positions, not making

pro�ts through the exploitation of mispricing.

We aggregate shorting volume at the daily level for each �rm and merge the short-

sale data with daily stock prices, volumes, and returns obtained from the CRSP

database. We exclude penny stocks whose prices are less than �ve dollars and in-

clude observations with positive trading volume. Our �nal sample includes 1,072,572

trading-day observations. To run a Carhart four-factor model regression, we collect

daily risk factors, including market returns, risk free rates, size, book-to-market ra-

tio, and momentum factors from Kenneth French�s website. Using these datasets, we

run the four-factor regression with a one-quarter rolling window (approximately 62

trading days) for all stocks with at least 20 prior daily returns and obtain residual

returns for each quarter. Based on these residual returns data, we estimate mispricing

through the Kalman Filter for each day and retain the �nal value of the mispricing

estimate to avoid look-ahead bias. By repeating this estimation process, we obtain

mispricing estimates of the sample at the beginning of each day.

For the analysis of short selling around earnings announcements, we collect quar-

terly earnings announcements data from the COMPUSTAT database. To calculate

earnings surprises, we obtain analysts�forecasts data from the Institutional Brokers

Estimates System (I/B/E/S). We exclude analysts�forecasts made by an individual

analyst to avoid biased estimates and �lter out stale estimates by only including fore-

casts within 90 days prior to an announcement date. Our �nal sample contains 10,260
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quarterly earnings announcements. Total shares outstanding and the book value of

equity are obtained from the COMPUSTAT database. Quarterly institutional own-

ership data, which proxy for short sale constraints, are obtained from the Thompson

Reuters database on SEC 13F �lings. We calculate daily liquidity by averaging in-

traday e¤ective spreads for each day. To calculate the intraday e¤ective spread, we

obtain intraday trades and quotes data from the TAQ database.

Panel A of Table 1.1 reports the time-series averages of the cross-sectional means

for each variable in the entire sample by exchange. We employ two measures of

short sales: short turnover, which is the daily number of shares sold short divided by

total shares outstanding, and relative short selling (relss), which is the daily number

of shares sold short divided by trading volume. The averages of short turnover and

relative short selling are 0.142% and 18.805%, respectively. While the average shorting

volume for NYSE stocks (168,353) is signi�cantly lower than the average shorting

volume for NASDAQ stocks (468,726), the average relative short selling for NYSE

stocks (18.829%) is signi�cantly higher than the average relative short selling for

NASDAQ stocks (16.522%).
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Table 1.1 Summary Statistics

Panel A reports the time-series averages of the cross-sectional means for sample data which

include 1,072,572 observations of 2,186 NYSE and NASDAQ stocks from January 1st, 2005

to July 6, 2007. Panel B reports the time-series averages of the cross-sectional means for

undervalued and overvalued stocks which have negative and positive mispricing estimates,

respectively. Price is a daily close price in dollars, and Return is a daily stock return.

Market cap is the market value of equity in millions of dollars, which is calculated as daily

stock price times total shares outstanding. B/M (Book-to-Market) ratio is the book value of

equity (book value of stockholder�s equity plus balance sheet deferred taxes minus the book

value of preferred stock) divided by the market value of equity. IO (Institutional Ownership)

is the number of shares held by institutional investors, scaled by total shares outstanding,

and Turnover is daily trading volume scaled by total shares outstanding. Shorting volume

is the number of shares sold short for each day, Short turnover is the daily number of shares

sold short divided by total shares outstanding, and relss is relative short selling, which is

the number of shares sold short scaled by trading volume in a given day. Di¤erences in

mean values between NASDAQ (overvalued) and NYSE (undervalued) stocks are reported

as Di¤. in Panel A (Panel B) with t-statistics, and �***�, �**�, and �*�represent signi�cance

at 1%, 5%, and 10% levels, respectively. Return, B/M ratio, IO, Turnover, Short turnover,

and relss are denoted in percent.

Panel A. Stocks by Exchange

Mean Med. Std. Mean Med. Std. Mean Med. Std.
Price ($) 37.807 37.076 2.394 37.956 37.245 2.38 23.443 23.719 4.093 14.513*** (76.94)
Return (%) 0.084 0.159 0.782 0.085 0.158 0.783 0.073 0.078 0.847 0.012*** (0.26)
Market cap ($mil.) 9,471 9,367 1,113 9,425 9,320 1,096 14,444 14,361 3,720 5,019*** (32.49)
B/M ratio (%) 48.827 48.914 2.054 48.866 48.924 2.035 43.533 42.581 4.937 5.333*** (25.06)
IO (%) 67.533 67.496 1.891 67.494 67.447 1.916 71.63 72.342 2.4 4.136*** (33.81)
Turnover (%) 0.776 0.766 0.145 0.775 0.764 0.145 0.884 0.843 0.262 0.109*** (9.15)
Shorting volume 171,206 170,216 29,356 168,353 167,691 29,021 468,726 457,257 135,098 300,373*** (54.56)
Short turnover (%) 0.142 0.141 0.023 0.142 0.141 0.023 0.146 0.14 0.046 0.004*** (2.31)
relss (%) 18.805 18.762 1.601 18.829 18.786 1.608 16.522 16.426 2.322 2.307*** (20.50)

Diff.
(NDNYSE)

tstatsAll NYSE NASDAQ
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Table 1.1 (Continued)

Panel B. Undervalued vs. Overvalued Stocks

Mean Med. Std. Mean Med. Std.
Price ($) 37.752 37.264 2.484 37.859 37.285 2.684 0.107*** (0.73)
Return (%) 0.099 0.149 0.804 0.07 0.128 0.768 0.029*** (0.66)
Market cap ($mil.) 9,534 9,387 1,351 9,429 9,363 1,462 105*** (1.31)
B/M ratio (%) 48.764 48.76 2.275 48.88 48.895 2.335 0.116*** (0.90)
IO (%) 67.82 67.895 2.586 67.235 67.069 2.57 0.585*** (4.03)
Turnover (%) 0.775 0.761 0.154 0.778 0.767 0.147 0.003*** (0.30)
Shorted volume 163,164 160,555 31,728 180,006 177,629 30,854 16842*** (9.55)
Short turnover (%) 0.135 0.132 0.026 0.149 0.148 0.023 0.014*** (10.16)
relss (%) 17.912 17.887 1.519 19.731 19.713 1.763 1.819*** (19.62)

Undervalued Overvalued Diff.
(OU)

tstats
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1.3.2. Return Decomposition Using the Kalman Filter

In order to examine short sellers�trading behavior based on mispricing, we need to

estimate temporary mispricing from stock returns. Part of the asset pricing literature

uses a reduced-form approach to decompose stock returns into fundamental values

and pricing errors. Many studies use a Vector Autoregressive Model (VAR) or a

Vector Error Correction Model (VECM) with observable state variables to estimate

fundamental components and temporary mispricing (Campbell and Shiller (1988),

Hasbrouck (1993), Campbell and Vuolteenaho (2004), and Chen and Zhao (2009)).4

Brennan and Wang (2010) use a Kalman Filter approach to estimate mispricing.

The main advantage of the Kalman Filter approach is that there is no need to set

speci�c state variables which re�ect fundamental value and mispricing. In addition,

it does not rely on a relative comparison between fundamental and mispricing proxies

like accounting ratios. In this sense, this approach is appropriate for our goal of

investigating short sellers� behavior on temporary deviations of stock prices from

fundamental values. Khil and Lee (2002) show that an AR(2) model for the mispricing

estimates �ts the observed patterns of stock returns with a positive correlation in the

short horizon and a negative correlation in the long horizon. Brennan and Wang

(2010) decompose Fama-French residual returns through the Kalman Filter to show

the existence of mispricing return premium. We estimate mispricing through this

4Since observable state variables are assumed to fully re�ect fundamental values in this framework, it
is important to choose state variables that are highly associated with fundamental values or pricing
errors. Chen and Zhao (2009) also warn that results from the return decomposition approach are
sensitive to the choice of state variables.
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method and examine short sellers�exploiting behavior as well as their role in correcting

mispricing.

Following Poterba and Summers (1988) and Brennan andWang (2010), we decom-

pose the logarithm of a stock price into an e¢ cient price and a mispricing component

as follows:

Pit = P
�
itZit = P

�
ite
zit ; (1.1)

pit � lnPit = lnP �it + zit = p�it + zit; (1.2)

where P �it is the fundamental value of �rm i at time t, Zit is a mispricing component

of �rm i at time t, and zit and p�it are the logarithms of mispricing and fundamental

value of �rm i at time t.

We assume that the fundamental value of a stock price follows a random-walk

process and the mispricing component follows an AR(1) stationary process:

p�t = �+ p
�
t�1 + �t ) p�t � p�t�1 = �+ �t; �t � N(0; �2�) (1.3)

(1� �L)zt = "t; �t � N(0; �2�)5 (1.4)

5We assume that innovations in mispricing, �t, are uncorrelated with innovations in fundamentals,
�t.



15

From Equation (1.2), Equation (1.3) can be rewritten as

p�it � p�it�1 = lnP �it � lnP �it�1 = R�it (1.5)

Based on the equations above, an observable market return can be expressed as

follows:

Rit = pit � pit�1 = (p�it + zit)� (p�it�1 + zit�1) = R�it + (1� L)zit; (1.6)

, Rit �R�it = (1� L)zit;

We also assume that the fundamental return, R�it, follows the Carhart four-factor

model as follows:

R�it �Rft = b1i(Rmt �Rft) + b2iSMBt + b3iHMLt + b4iMOMt + �it (1.7)

where R�it is the fundamental return of stock i at time t, Rft is the risk free rate,

and Rmt, SMBt, HMLt, and MOMt are the Carhart four factors (market return,

size, book-to-market, and momentum). The observable market return of stock i at

time t, Rit, is written as
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Rit �Rft = �i + b1i(Rmt �Rft) + b2iSMBt + b3iHMLt + b4iMOMt + eit (1.8)

Rearranging Equation (1.8) with Equations (1.6) and (1.7), residual returns, eit,

can be expressed as follows:

eit = (1� L)zit + �it (1.9)

Based on Equation (1.9), we estimate mispricing for all stocks with at least 20

daily returns using residual returns from a three-month rolling regression of stock

returns on the Carhart four factors. The details of the Kalman Filter algorithm are

described in Appendix.

1.4. Estimating Mispricing

1.4.1. Kalman Filter Estimates

Using the Kalman Filter approach, we obtain the estimate of mispricing (zt), the

volatility of fundamental residuals (��), the volatility of shocks to mispricing (��),

and the AR(1) coe¢ cient in the state equation for mispricing (�). Table 1.2 reports

the time-series averages of the cross-sectional means of the Kalman Filter estimates.

Panel A shows that the mean and median values of daily mispricing are -0.001%
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and -0.002%, which are quite small. This is consistent with our expectation that the

cross-sectional average of mispricing in a given day will be small because mispricing

is measured from benchmark portfolios based on the Carhart four-factor model.

Panels A and B of Figure 1.1 display the time series of cross-sectional averages of

returns (Rt) and mispricing (zt). The cross-sectional averages of returns and mispric-

ing �uctuate around their time-series mean values, which are close to zero, though the

average mispricing exhibits relatively slow mean reversion compared to the average

returns. In order to compare our mispricing estimates with other mispricing proxies,

we plot the time series of the average book-to-market ratio in Panel C. Unlike the

averages of returns and mispricing, it shows a downward trend over the entire sample

period. It starts from 50.56% in January 2005, peaks at 53.63%, 52.30%, and 52.45%

in April 2005, October 2005, and June 2006, respectively, and decreases to 45.24%

in July 2007. This long-term trend seems to be caused by changes in fundamentals,

whereas small �uctuations along with this trend are driven by changes in stock prices.

Meanwhile, the average mispricing presented in Panel B shows more frequent �uc-

tuations during the period when the average book-to-market ratio shows an upward

or downward trend. This result suggests that our mispricing indicator captures more

�uctuations in daily levels of temporary mispricing.

Another advantage of our mispricing indicator is that it is easy to analyze misval-

uation using the mispricing measure. In contrast, it is hard to determine if a certain

level of the book-to-market ratio represents under- or overvaluation without a refer-

ence point. Overall, Figure 1.1 suggests that our indicator captures an important part

of temporary mispricing and its �uctuations. The mispricing indicator thus seems to
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be suitable for our goal of examining short sellers� trading behavior on short-term

mispricing.

Referring back to Table 1.2, the average volatility of fundamental residuals (0.851)

is greater than the average volatility of shocks to mispricing (0.672), suggesting that

idiosyncratic shocks to fundamentals are more volatile than shocks to mispricing.

The average AR(1) coe¢ cient in the state equation for NYSE stocks (0.463) is sig-

ni�cantly smaller than the average coe¢ cient for NASDAQ stocks (0.536). Tables

1.1 and 1.2 also report the summary statistics for undervalued and overvalued stocks

classi�ed based on the signs of mispricing estimates. As shown in Panel B of Table

1.1, the averages of both short turnover and relative short selling (relss) for overval-

ued stocks (0.149% and 19.731%) are signi�cantly higher than those for undervalued

stocks (0.135% and 17.912%). Interestingly, average book-to-market ratios are not

signi�cantly di¤erent between undervalued and overvalued stocks, suggesting that our

mispricing measure seems to capture the elements of mispricing that are not caught

by book-to-market.
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Table 1.2 Kalman Filter Estimates

Panel A reports the time-series averages of cross-sectional means of Kalman Filter estimates

for the entire sample and by exchange. Panel B reports the same statistics of the Kalman

Filter estimates for undervalued and overvalued stocks which are classi�ed based on the signs

of mispricing estimates. We obtain the Kalman Filter estimates and mispricing component

using daily residual returns from the Carhart four-factor model over the past quarter. zt

represents the percentage of the daily mispricing component. �� and �" are the standard

deviations of daily fundamental residuals and mispricing estimates. � is an AR(1) coe¢ cient

on the mispricing component. Di¤erences in mean values between NASDAQ (overvalued)

and NYSE (undervalued) stocks are reported as Di¤. in Panel A (Panel B) with t-statistics,

and �***�, �**�, and �*�represent signi�cance at 1%, 5%, and 10% levels, respectively. zt,

�� and �" are expressed in percent.

Panel A. Stocks by Exchange

Mean Med. Std. Mean Med. Std. Mean Med. Std.
z t  (%) 0.001 0.002 0.037 0.001 0 0.037 0.001 0.002 0.239 0.002*** (0.17)

σ ξ  (%) 0.851 0.854 0.042 0.85 0.853 0.043 0.863 0.857 0.158 0.013*** (1.93)
σ ε  (%) 0.672 0.674 0.046 0.672 0.675 0.046 0.637 0.638 0.139 0.035*** (6.12)

φ 0.463 0.471 0.029 0.463 0.47 0.03 0.536 0.539 0.102 0.073*** (17.39)

Diff.
(NDNYSE)

tstatsAll NYSE NASDAQ

Panel B. Undervalued vs. Overvalued Stocks

Mean Med. Std. Mean Med. Std.
z t  (%) 0.508 0.514 0.057 0.528 0.533 0.062 1.036*** (309.33)

σ ξ (%) 0.854 0.855 0.05 0.848 0.847 0.054 0.006*** (2.11)

σ ε (%) 0.668 0.668 0.05 0.677 0.679 0.056 0.009*** (3.14)

φ 0.462 0.468 0.035 0.465 0.47 0.033 0.003*** (1.78)

Undervalued Overvalued Diff.
(OU)

tstats
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Figure 1.1 Time Series of Cross-Sectional Averages of Returns, Mispricing, and

Book-to-Market Ratio

This �gure plots the time series of cross-sectional averages of daily stock returns (Panel A),

mispricing (Panel B), and book-to-market ratio (Panel C) for NYSE and NASDAQ stocks

during January 2005 - July 2007. The mispricing component (zt) is estimated through the

Kalman Filter algorithm from Carhart four-factor model residuals over the quarter.
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1.4.2. Validity of Mispricing Measures

Before we examine short sellers�trading activities based on temporary mispricing, we

con�rm the validity of our mispricing estimates. We �rst examine the patterns of our

mispricing estimates over time across mispriced portfolios. Each day we sort stocks

into quintile portfolios on mispricing on day t � 1 and report mispricing estimates

from day t � 1 to day t + 11.6 If our mispricing measure well captures temporary

deviations of a stock from its fundamental value, it is expected to converge to zero

over time.

Figure 1.2 displays subsequent mispricing estimates from day t � 1 through day

t + 11 for the quintile portfolios sorted on mispricing. The correction patterns are

conspicuously shown across all the quintile portfolios, and the speed of correction is

remarkably faster in the most undervalued and overvalued portfolios. This plot thus

suggests that our measure of mispricing captures the main property of temporary

mispricing.

6Following Boehmer and Wu (2013), we choose a two-week window to observe mispricing estimates
in this section and Section 1.5.4.
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Figure 1.2 Subsequent Mispricing Components in Portfolios Sorted on Mispricing

This �gure plots subsequent mispricing components from day t� 1 through day t+ 11 for
quintile portfolios sorted on mispricing on day t� 1 (zt�1). The mispricing components
are estimated through the Kalman Filter method from Carhart four-factor model residual

returns for the quarter.
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We further investigate if our mispricing measure is negatively related to market

returns. If overpricing on day t� 1 is reduced on the following day and stock prices

revert toward their fundamental values, stock returns on day t will be relatively low

in the overvalued portfolio. Similarly, if underpricing on day t� 1 is adjusted on the

following day, then stock returns on day t will be high in the undervalued portfolio.

Therefore, it is expected that the subsequent returns will be inversely associated with

lagged mispricing.

For this analysis, we sort data into quintile portfolios each day based on mispricing

on day t� 1 and observe stock returns on day t for each mispriced portfolio. Panel A

of Table 1.3 reports raw returns and alphas from the CAPM and Carhart four-factor

models for quintile portfolios sorted on lagged mispricing. The results show that

the returns on day t decrease from the most undervalued portfolio (Q1) to the most

overvalued portfolio (Q5). The raw return and the four-factor alpha decrease from

0.109% and 0.046% in the most undervalued portfolio to 0.073% and 0.009% in the

most overvalued portfolio, respectively, and the di¤erences between the two portfolios

(Q1 � Q5) are signi�cantly positive. Consistent with our expectation, the average

returns and alphas are negatively associated with lagged mispricing as stock prices

revert toward fundamental values. This �nding provides evidence that short sellers�

trading strategies based on temporary overpricing are pro�table due to declines in

subsequent stock prices.

We also examine patterns in stock returns for undervalued and overvalued port-

folios after controlling for book-to-market. If the book-to-market ratio fully captures

substantial elements of mispricing and the correction of mispricing is re�ected in the
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stock returns, we will not be able to �nd a negative association between the stock

returns and lagged mispricing after controlling for the lagged book-to-market ratio.

Each day we sort data into quintile portfolios on the lagged book-to-market ratio

and then sort the book-to-market portfolios based on our mispricing estimates on

day t � 1. As reported in Panel B of Table 1.3, di¤erences in four-factor alphas

between the most undervalued and overvalued portfolios (Q1�Q5) are signi�cantly

positive regardless of the levels of the book-to-market ratios. These results con�rm

that our measure of mispricing contains more information which cannot be revealed

by the accounting-based measure. Overall, the results verify the suitability of our

mispricing measure for the purpose of examining short sellers�reaction to temporary

mispricing.
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Table 1.3 Mispricing and Subsequent Returns

Panel A reports raw returns, CAPM alphas, and Carhart four-factor model alphas on day

t for quintile portfolios sorted on lagged mispricing. Each day we sort data into quintile

portfolios based on mispricing estimates on day t� 1 and report returns for each portfolio.
Raw returnt is an average stock return, CAPM �t is an intercept from the regression of

excess returns (stock returns net of risk free rates) on market excess returns (market returns

net of risk free rates), and 4-factor �t (Carhart four-factor model alpha) is an intercept from

the regression of excess returns on Fama-French three-factors (market excess return, SMB,

HML) and a momentum factor (MOM). Panel B reports four-factor alphas for portfolios

sorted on book-to-market (BM ) ratio and mispricing on day t� 1. Each day we sort

data on lagged book-to-market ratio and within each portfolio sort into quintile portfolios

based on mispricing estimates on day t� 1. Q1 and Q5 in the �rst row indicate the most
undervalued and overvalued portfolios, and Q1 and Q5 in the �rst column indicate the

lowest and the highest book-to-market portfolios. T-statistics in parentheses are based on

heteroskedasticity-consistent standard errors, and �***�, �**�, and �*�represent signi�cance

at 1%, 5%, and 10% levels, respectively.

Panel A. Returns for mispriced portfolios (%)

Q1 Q2 Q3 Q4 Q5 Diff.
(undervalued) (overvalued) (Q1Q5)

Raw returnt 0.109*** 0.097*** 0.083*** 0.061** 0.073** 0.037***

(3.25)*** (3.05)*** (2.85)*** (2.01)** (2.25)** (4.04)***

CAPM αt 0.049*** 0.038*** 0.028*** 0.005** 0.014** 0.035***

(4.81)*** (4.40)*** (3.57)*** (0.56)** (1.45)** (3.89)***

4factor αt 0.046*** 0.035*** 0.025*** 0.002** 0.009** 0.037***

(6.89)*** (6.28)*** (4.58)*** (0.29)** (1.49)** (4.07)***
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Table 1.3 (Continued)

Panel B. Four-factor alphas for portfolios sorted on BM t�1 and zt�1 (%)

Q1 Q2 Q3 Q4 Q5 Diff.
(Q1Q5)

Q1 0.037*** 0.013*** 0.024*** 0.003* 0.009 0.028***

(lowest) (3.22)*** (1.24)*** (2.43)*** (0.30)* (0.79) (1.84)***

Q2 0.049*** 0.038*** 0.022*** 0.012* 0.015 0.034***

(4.33)*** (3.76)*** (2.25)*** (1.26)* (1.42) (2.16)***

Q3 0.046*** 0.039*** 0.028*** 0.003* 0.003 0.043***

(4.40)*** (4.33)*** (3.17)*** (0.32)* (0.29) (2.94)***

Q4 0.042*** 0.035*** 0.019*** 0.007* 0.001 0.041***

(4.35)*** (3.93)*** (2.08)*** (0.83)* (0.09) (3.17)***

Q5 0.053*** 0.050*** 0.036*** 0.016* 0.015 0.038***

(highest) (4.70)*** (5.15)*** (3.64)*** (1.70)* (1.39) (2.58)***

BM t1 (undervalued) (overvalued)



27

1.5. Empirical Results

1.5.1. Short Selling and Mispricing

In this section, we examine the relation between short selling and temporary mispric-

ing estimated above. If short sellers are informed and trade on temporary mispricing,

they should be able to identify overvalued stocks and increase their short positions

in these stocks. Thus, we expect to �nd high levels of short sales in stocks with

positive deviations from fundamental values. Each day we sort stocks into quintile

portfolios on mispricing on day t�1 to see if there are signi�cantly high levels of short

selling in stocks with positive mispricing. Table 1.4 shows that levels of lagged mis-

pricing for the most undervalued and overvalued portfolios are -1.207% and 1.216%,

respectively. For each mispriced portfolio, we report the averages of two short-selling

measures: the relative short selling (relss) and short turnover. Table 1.4 shows that

the average daily relative short selling monotonically increases from 17.893% for the

most undervalued portfolio (Q1) to 19.682% for the most overvalued portfolio (Q5),

and the di¤erence between the two portfolios, 1.788%, is signi�cantly positive. The

average short turnover also increases from 0.142% to 0.155%, although the increasing

pattern is not monotonic. This positive association between short selling and mis-

pricing supports our hypothesis H1 on the exploitation of temporary overpricing by

short sellers.
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Table 1.4 Short Selling for Portfolios Sorted on Mispricing

This table reports the average daily short selling for quintile portfolios sorted on mispricing

on day t� 1 obtained through the Kalman Filter. Each day we sort data into quintile
portfolios on lagged mispricing estimates and report relative short selling (relss) and short

turnover on day t. Relative short selling is the number of shares sold short scaled by trading

volume in a given day, and short turnover is the daily number of shares sold short divided

by total shares outstanding. Mispricing zt, relss, and Short turnover are denoted in percent

per day, and Q1 and Q5 indicate the most undervalued and overvalued portfolios. T-

tests are used to check the signi�cance and the di¤erence of short selling between the most

undervalued and overvalued portfolios. T-statistics are reported in the last column of the

table, and �***�, �**�, and �*�represent signi�cance at 1%, 5%, and 10% levels, respectively.

Q1 Q2 Q3 Q4 Q5 Diff. tstats
(Q5Q1)

zt1 (%) 1.207 0.09 0 0.078 1.216 2.423*** (262.50)

relsst (%) 17.893 18.067 18.77 19.615 19.682 1.788*** (40.62)

Short turnovert (%) 0.142 0.131 0.134 0.146 0.155 0.013*** (14.77)

(undervalued) (overvalued)
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To verify that our result is not merely a re�ection of the return reversal e¤ect, we

sort stocks into quintile portfolios using lagged stock returns and then within each

quintile into �ve portfolios based on our mispricing measure. As shown in Panel A of

Table 1.5, short sellers tend to increase their short transactions in overvalued stocks

regardless of levels of the lagged stock returns. Di¤erences in relative short selling

between the most overvalued and undervalued portfolios (Q5�Q1) are signi�cantly

positive across return portfolios. The results suggest that our mispricing indicator

captures short sellers�trading activity on temporary mispricing beyond their return

reversal strategy.

We also repeat the analysis to see if the positive relation between short selling

and mispricing is fully explained by book-to-market (BM) ratio, which is one of the

mispricing proxies commonly used in existing studies. We sort data into quintile

portfolios based on book-to-market ratio on day t� 1 and then sort book-to-market

portfolios on lagged mispricing. As reported in Panel B, levels of relative short selling

are signi�cantly higher for the most overvalued portfolios across book-to-market quin-

tile portfolios. Overall, our robust �nding of a positive relation between short selling

and mispricing demonstrates short sellers�ability to identify and exploit temporary

overpricing.7

7As discussed in Section 1.4.2, the pro�tability of short sellers� arbitrage behavior on temporary
mispricing depends on whether the correction of mispricing is linked to declines in subsequent returns.
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Table 1.5 Short Selling for Portfolios Sorted on Lagged Returns and BM Ratio

Panels A and B report the average daily relative short selling for 5�5 portfolios sorted

on mispricing and two other variables, stock returns and book-to-market (BM ) ratio on

day t� 1. Each day we sort data into quintile portfolios on lagged stock returns (book-
to-market ratio) and then within each quintile sort into �ve portfolios based on lagged

mispricing estimates. Relative short selling, denoted in percent, is the number of shares

sold short scaled by trading volume. Q1 and Q5 in the �rst column indicate the lowest

and the highest return (Panel A) and book-to-market (Panel B) portfolios, and Q1 and

Q5 in the �rst row indicate the most undervalued and overvalued portfolios. Di¤erences in

relative short selling between the most undervalued and overvalued portfolios (Q5�Q1)
are reported in the seventh column. T-statistics are reported in the last column of the tables,

and �***�, �**�, and �*�represent signi�cance at 1%, 5%, and 10% levels, respectively.

Panel A. Lagged Returns

Q1 Q2 Q3 Q4 Q5 Diff. tstats
(Q5Q1)

Q1 (low) 17.159*** 17.643*** 17.525*** 17.262*** 18.241*** 1.082*** (13.52)
Q2 17.465*** 18.03*** 17.564*** 18.589*** 18.607*** 1.142*** (14.29)
Q3 17.94*** 18.354*** 18.542*** 19.041*** 19.133*** 1.193*** (15.84)
Q4 18.667*** 18.836*** 20.164*** 19.681*** 19.95*** 1.284*** (15.98)
Q5 (high) 19.334*** 20.805*** 20.43*** 20.522*** 20.633*** 1.299*** (14.38)

ret t1 (undervalued) (overvalued)

Panel B. Book-to-Market Ratio

Q1 Q2 Q3 Q4 Q5 Diff. tstats
(Q5Q1)

Q1 (low) 17.539*** 17.548*** 18.234*** 19.21*** 19.313*** 1.774*** (24.06)
Q2 17.659*** 17.934*** 18.571*** 19.527*** 19.764*** 2.105*** (28.07)
Q3 18.107*** 18.35*** 19.015*** 19.955*** 19.987*** 1.880*** (23.08)
Q4 18.078*** 18.138*** 18.955*** 19.715*** 19.693*** 1.615*** (20.77)
Q5 (high) 18.006*** 18.31*** 19.077*** 19.61*** 19.522*** 1.516*** (13.94)

BM t1 (undervalued) (overvalued)
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1.5.2. Short Selling and Mispricing: Controlling for Firm Characteristics

We further investigate if the positive association between short selling and mispricing

remains signi�cant after controlling for �rm characteristics which might a¤ect short

sellers�trading activity. Binding short sale constraints make it di¢ cult for short sellers

to borrow stocks (Diether, Lee, and Werner (2009)), and illiquidity imposes consid-

erable transaction costs on short sellers (Duarte, Lou, and Sadka (2006)). Diamond

and Verrecchia (1987) also contend that an increase in short sale constraints reduces

informational e¢ ciency in practice because it drives out not only uninformed but also

informed traders. However, since the presence of short sale constraints or illiquidity is

closely associated with stock overvaluation, it may lead to more active trading by in-

formed short sellers. Therefore, di¤erent levels of short sale constraints and illiquidity

may a¤ect the extent to which short sellers exploit temporary mispricing.

Following Asquith, Pathak, and Ritter (2005) and Diether, Lee, and Werner

(2009), we implement the analysis using institutional ownership (IO) and e¤ective

spread as proxies for short sale constraints and illiquidity, respectively. Prior stud-

ies have shown that stocks with low institutional ownership are more costly to short,

which prevents short sellers from trading based on their information advantage. Thus,

institutional ownership can be used as a proxy for short sale constraints.

We measure institutional ownership as the number of shares that institutional

investors own scaled by total shares outstanding. Daily illiquidity is calculated as

an equal-weighted average of intraday e¤ective spreads, which are twice the absolute

value of the di¤erence between the execution price and the midpoint of the bid-ask
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spread (Goyenko, Holden, Trzcinka (2009)). In Table 1.6, Panels A and B report

relative short selling for 5�5 portfolios sorted on mispricing and the two �rm char-

acteristics described above. The results show that short sellers�tendency to exploit

temporary mispricing remains robust to the magnitudes of short sale constraints and

illiquidity. In Panel A, di¤erences in relative short selling between the most overval-

ued and undervalued portfolios (Q5 � Q1) are signi�cantly positive from 1.259% to

2.057% across institutional ownership portfolios. The di¤erence-in-di¤erences in the

seventh row of the seventh column (0.798) is also signi�cantly positive, suggesting

that the positive relation between short selling and mispricing is more pronounced in

stocks with high institutional ownership.

In Panel B, di¤erences in relative short selling between the two extremely mis-

priced portfolios are signi�cantly positive across illiquidity portfolios. This suggests

that short sellers tend to exploit temporary mispricing regardless of di¤erent levels

of illiquidity. The di¤erences are greater in liquid stocks except the smallest di¤er-

ence in the most liquid portfolio (1.655%). This seems to suggest that short sellers�

trading behavior based on temporary mispricing is more pronounced when stocks are

liquid. However, the di¤erence-in-di¤erences (0.003) is not statistically signi�cant.

Hence, the results show that short sellers�exploiting mispricing is robust to control-

ling for short sale constraints and illiquidity, and it is more pronounced when short

sale constraints do not bind.
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Table 1.6 Short Selling for Portfolios Sorted on Mispricing and Firm Characteristics

This table reports the average daily relative short selling for 5�5 portfolios sorted on mis-
pricing and short sale constraints, proxied by institutional ownership (IO) (Panel A), and

illiquidity (illiq) (Panel B). We sort data into quintile portfolios based on institutional

ownership and illiquidity, and then within each quintile sort into �ve portfolios based on

mispricing estimates on day t� 1. Institutional ownership is calculated as the number
of shares that institutional investors own, scaled by total shares outstanding, and illiq-

uidity is calculated as an equal-weighted average of intraday e¤ective spreads (twice the

absolute value of the di¤erence between the transaction price and the midpoint of the bid-

ask spread). Q1 and Q5 in the �rst column indicate the bottom and top quintile portfolios

for institutional ownership or illiquidity, and Q1 and Q5 in the �rst row indicate the most

undervalued and overvalued portfolios. Di¤erences in relative short selling between the top

and bottom quintile portfolios (Q5�Q1) are reported in the seventh row and column,

and the di¤erence-in-di¤erences is presented in the seventh row of the seventh column. T-

statistics are reported in the last column and row of the tables, and �***�, �**�, and �*�

represent signi�cance at 1%, 5%, and 10% levels, respectively.

Panel A. Institutional Ownership

Q1 Q2 Q3 Q4 Q5 Diff. tstats
(Q5Q1)

Q1 (low) 17.929*** 18.174*** 18.729*** 19.579*** 19.189*** 1.259*** (10.93)
Q2 17.643*** 17.899*** 18.491*** 19.328*** 19.264*** 1.621*** (22.09)
Q3 17.039*** 17.258*** 17.98*** 18.849*** 19.017*** 1.977*** (27.10)
Q4 17.406*** 17.502*** 18.329*** 19.245*** 19.388*** 1.982*** (27.96)
Q5 (high) 19.439*** 19.414*** 20.377*** 21.214*** 21.496*** 2.057*** (28.86)
Q5Q1 1.51*** 1.24*** 1.648*** 1.635*** 2.307*** 0.798***

tstats (16.79)*** (12.25)*** (15.23)*** (17.76)*** (20.72)*** (6.25)***

IO t1 (undervalued) (overvalued)
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Table 1.6 (Continued)

Panel B. Illiquidity

Q1 Q2 Q3 Q4 Q5 Diff. tstats
(Q5Q1)

Q1 (liquid) 17.096*** 17.3*** 17.775*** 18.811*** 18.751*** 1.655*** (22.22)
Q2 17.981*** 18.296*** 18.774*** 19.641*** 19.882*** 1.901*** (23.66)
Q3 18.075*** 18.259*** 18.929*** 20.008*** 19.92*** 1.845*** (22.81)
Q4 18.199*** 18.351*** 19.265*** 19.954*** 19.912*** 1.713*** (21.27)
Q5 (illiquid) 18.083*** 18.06*** 19.147*** 19.581*** 19.741*** 1.658*** (17.45)
Q5Q1 0.987*** 0.76*** 1.372*** 0.77*** 0.99*** 0.003***

tstats (12.06)*** (9.69)*** (16.07)*** (9.83)*** (10.45)*** (0.02)***

illiq t1 (undervalued) (overvalued)
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To verify the robustness of our results after controlling for several determinants of

short selling, we run panel regressions of short selling on the mispricing estimate and

other control variables with �rm-�xed e¤ects. The regression results are presented in

Table 1.7. The coe¢ cient on mispricing zt�1 in the univariate regression of column

(1) (0.434) is signi�cantly positive, con�rming our result of short sellers�exploiting

mispricing in the previous section. It suggests that a 10% increase in daily mispricing

leads to a 4.3% increase in short selling on the following day. This positive coe¢ cient

on mispricing is robust when we add other control variables in columns (2)-(4).8

Therefore, the regression results suggest that short sellers� exploiting behavior on

mispricing is robust to cross-sectional di¤erences in these �rm characteristics.

Columns (2)-(4) report regression results when we control for lagged stock re-

turns, institutional ownership, and illiquidity. The coe¢ cients on the lagged returns

in columns (2)-(4) are signi�cantly positive, con�rming that short sellers tend to in-

crease their transactions following positive returns. Meanwhile, the coe¢ cients on

institutional ownership and illiquidity are signi�cantly negative, suggesting negative

associations between short sales and institutional ownership and illiquidity.9

In columns (3) and (4), we add interaction terms to see if levels of institutional

ownership and illiquidity a¤ect the positive relation between short selling and mis-

pricing. Based on the results from Table 1.6, we examine if short sellers�exploiting

8This positive relation between short selling and lagged mispricing also remains signi�cant in unre-
ported results when we replace the dependent variable with short turnover, and when we use quintile
ranks scaled from zero to one for all independent variables.
9Even though the coe¢ cient on institutional ownership is signi�cantly negative in the regression,
we found a non-monotonic relationship between short selling and institutional ownership with high
levels of shorting in stocks with high institutional ownership, as shown in Table 1.6.



36

behavior is more pronounced in stocks with high institutional ownership and liquid-

ity by adding two interaction terms: IO_high, which is one if a stock belongs to the

two highest institutional ownership portfolios, and illiq_low, which is one if a stock

belongs to the two lowest illiquidity portfolios. The coe¢ cients on both interaction

terms are marginally signi�cantly positive in columns (3) and (4), suggesting that

high levels of institutional ownership and liquidity reinforce the positive relation be-

tween short selling and mispricing. In other words, short sellers�exploiting mispricing

is more pronounced when short sale constraints do not bind and stocks are liquid.

Overall, our results from the regression analysis are consistent with the results

from the portfolio analysis. The empirical �ndings in this section show that short

sellers exploit temporary deviations of stock prices from fundamental values regard-

less of di¤erent levels of short sale constraints and illiquidity, and that such trading

behavior is more pronounced in stocks that are less short sale constrained and liquid.
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Table 1.7 Panel Regressions of Short Selling on Mispricing

This table reports panel regressions of short selling on day t on lagged mispricing, returns,

and other control variables with �rm-�xed e¤ects. The dependent variable is relative short

selling, shorting volume on day t divided by trading volume on that day. zt�1 is a mispricing

indicator, and ret t�1 is stock return on day t� 1. illiq t�1 is a measure of daily illiquidity,
which is an equal-weighted average of intraday e¤ective spreads, and the e¤ective spread is

twice the di¤erence between the transaction price and the midpoint of the bid-ask spread.

IO t�1 is institutional ownership, calculated as the number of shares that institutional in-

vestors own scaled by total shares outstanding. mcapt�1 is the logarithm of the market

value of common equity, which is total shares outstanding multiplied by a daily closing

price. rvol t�1 is daily return volatility, which is an equal-weighted average of intraday re-

turn volatility calculated as squared stock returns. illiq_low is a dummy variable which is

one if a stock belongs to the two lowest illiquidity portfolios and zero otherwise. IO_high is

a dummy variable which is one if a stock belongs to the two highest institutional ownership

portfolios and zero otherwise. T-statistics are reported in parentheses below coe¢ cients,

and �***�, �**�, and �*�represent signi�cance at 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
z t1 0.434*** 0.299*** 0.272*** 0.268***

(44.41)*** (29.91)*** (18.11)*** (17.87)***

ret t1 0.337*** 0.337*** 0.352***

(62.54)*** (62.54)*** (65.43)***

illiq t1 0.656*** 0.655*** 0.402***

(10.52)*** (10.52)*** (6.45)***

IO t1 0.018*** 0.019*** 0.007***

(15.76)*** (15.76)*** (5.48)***

mcap t1 2.988***

(62.84)***

rvol t1 26.06***

(3.16)***

illiq_low × z t1 0.034*** 0.036***

(1.71)*** (1.79)***

IO_high× z t1 0.034*** 0.038***

(1.70)*** (1.91)***

Firmfixed effects Yes*** Yes*** Yes*** Yes***

R 2 0.1538*** 0.1573*** 0.1573*** 0.1604***
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1.5.3. Non-Information-Based vs. Information-Based Mispricing

Our mispricing indicator is the temporary deviation of stock prices from fundamental

values which follow a random-walk process. Thus, temporary mispricing explored

in this study is not caused by information on the fundamental values. As shown

in previous studies, however, mispricing may occur due to the slow incorporation of

fundamental information into stock prices over time. One of the examples is post-

earnings-announcement drift (PEAD), which is a tendency for stocks to earn positive

(negative) abnormal returns following positive (negative) earnings surprises (Ball and

Brown (1968), Bernard and Thomas (1990), and Chan, Jegadeesh, and Lakonishok

(1996)). Several studies also document that short sellers tend to exploit this type

of mispricing which is associated with fundamental news and increase their short

transactions following negative earnings surprises.

Motivated by the above considerations, we examine if short sellers�trading be-

havior on temporary mispricing is still robust to controlling for their reaction to

fundamental news. Short sellers may identify mispricing associated with fundamen-

tal news based on their private information or superior ability to process the released

news, and increase their short positions around negative fundamental news.10 By

disentangling short sellers�trading activity associated with fundamental information

10Boehmer and Wu (2013) document that short sellers tend to increase their short transactions
following negative earnings surprises by exploiting PEAD. Meanwhile, Christophe, Ferri, and Angel
(2004) provide supporting evidence on short sellers� trading activity on their private information
prior to bad earnings news.
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from their behavior based on non-information-based mispricing, we test the robust-

ness of our results on short sellers�exploiting temporary mispricing and con�rm their

trading activities on information-based mispricing.

We use quarterly earnings announcements as fundamental news. Following Chan,

Jegadeesh, and Lakonishok (1996), we measure earnings surprises as standardized

unexpected earnings (SUE), which are calculated as the di¤erence between actual

announced earnings and median values of analysts�recent forecast estimates, scaled

by the standard deviation of the di¤erences over the past eight quarters. For this

analysis, we use two short-selling measures: relative short selling and abnormal rel-

ative short selling. Since we examine short sales based on both information- and

non-information-based mispricing around the release of news, short sellers�trading

activity on mispricing can be captured by both normal and abnormal short-selling

measures. Following Christophe, Ferri, and Angel (2004), and Henry and Koski

(2010), we calculate abnormal relative short selling (ABRELSS) as abnormal short-

ing volume divided by abnormal trading volume as follows:

ABRELSSt =
(SUMSSt=AV GSS)

(V OLt=AV GV OL)
� 1 = relsst

avgrelss
� 1 (1.10)

where SUMSSt is shorting volume on day t, AV GSS is the average daily shorting

volume during the benchmark period, V OLt is trading volume on day t, AV GV OL

is the average daily trading volume during the benchmark period, relsst is relative
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short selling on day t, and avgrelss is the average of relative short selling during the

benchmark period.11

Using the above two short-selling measures as dependent variables, we run multiple

regressions of (abnormal) short selling on mispricing, SUE, (abnormal) returns, and

other control variables used in Section 1.5.2:

SHt = �+ �1 � zt�1 + �2 �QSUE + �3 � rett�1 + �4 � illiqt�1 + (1.11)

�5 � IOt�1 + �6 �mcapt�1 + �7 � rvolt�1 + �

where SHt is short selling, which is either relative short selling (relsst) or abnormal

relative short selling (ABRELSSt), and QSUE is a quintile rank of earnings surprise,

scaled from zero to one. rett�1 is stock return on day t�1,12 illiqt�1 is the daily average

of e¤ective spreads, IOt�1 is institutional ownership, mcapt�1 is the logarithm of

market capitalization, and rvolt�1 is daily return volatility.

Panels A and B of Table 1.8 report the results of estimating Equation (1.11) with

�rm-�xed e¤ects from day t� 5 through day t+5 around earnings announcements.13

When we use relative short selling (relss) as a dependent variable in Panel A, the

coe¢ cient on zt�1 from the univariate regression in column (1) (0.219) is signi�cantly

11Following Henry and Koski (2010), we de�ne the benchmark period as all trading days in the sample
period, excluding days in the window from day t-10 through day t+10 around announcement dates.
12When we run a regression of abnormal relative short selling (ABRELSS), we replace the lagged
return with the abnormal return, which is the di¤erence between the stock return and the value-
weighted market return.
13Given that short sellers tend to trade prior to or after earnings announcements based on their
private information or superior ability to process public information, we run the regressions using
the data from day t-5 through day t+5 surrounding announcement dates.
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positive, supporting short sellers�exploitation of mispricing. This positive relation

is robust when we control for earnings surprises, lagged returns, and other control

variables in columns (2) through (4). The coe¢ cient on QSUE is signi�cantly nega-

tive in columns (2) through (4), supporting our hypothesis H2a that short selling is

negatively associated with earnings surprises around the announcements. This result

shows that short sellers exploit mispricing associated with bad fundamental news,

which is consistent with previous studies.

Panel B reports the regression results when we use abnormal relative short selling

(ABRELSS) as a dependent variable. The magnitudes of coe¢ cients are di¤erent

from those in Panel A, but the coe¢ cients on mispricing are signi�cantly positive in

Panel B.

To sum up, the regression results in Table 1.8 suggest that, although short sell-

ers tend to exploit information-based mispricing around earnings announcements,

their trading behavior based on non-information-based mispricing is still robust to

the presence of fundamental news. Therefore, the results support our hypothesis

H2b that short selling is positively associated with temporary mispricing during the

announcement period.
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Table 1.8 Panel Regressions of Short Selling on Mispricing and Earnings Surprise

This table reports panel regressions of short selling on day t on lagged mispricing, earnings

surprise, and other control variables in the windows from day t� 5 through day t+ 5
around earnings announcement dates. The dependent variables are relative short selling

(relss) (Panel A), which is calculated as shorting volume divided by trading volume, and

abnormal relative short selling (ABRELSS) (Panel B), calculated as abnormal shorting

volume divided by abnormal trading volume. zt�1 is mispricing on day t� 1, and QSUE
is a quintile rank of earnings surprise scaled from zero to one. ret t�1 is stock return on day

t� 1, and abret t�1 is abnormal return on day t� 1. illiq t�1 is an equal-weighted average of
intraday e¤ective spreads, and IO t�1 is institutional ownership. mcapt�1 is the logarithm

of the market value of common equity, and rvol t�1 is daily return volatility calculated as

squared stock returns. T-statistics are reported in parentheses below coe¢ cients, and �***�,

�**�, and �*�represent signi�cance at 1%, 5%, and 10% levels, respectively.

Panel A. Relative Short Selling (relss)

(1) (2) (3) (4)
z t1 0.219*** 0.232*** 0.108*** 0.111***

(9.67)*** (10.19)*** (4.58)*** (4.70)***

QSUE 0.5697*** 0.673*** 0.547***

(6.97)*** (8.23)*** (6.68)***

ret t1 0.199*** 0.208***

(18.54)*** (19.34)***

illiq t1 0.006***

(3.08)***

IO t1 0.002***

(0.79)***

mcap t1 0.029***

(23.17)***

rvol t1 0.250***

(3.25)***

Firmfixed effects Yes*** Yes*** Yes*** Yes***

R 2 0.223*** 0.2234*** 0.2259*** 0.2299***
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Table 1.8 (Continued)

Panel B. Abnormal Relative Short Selling (ABRELSS)

(1) (2) (3) (4)
z t1 0.012*** 0.013*** 0.004*** 0.004***

(9.49)*** (9.93)*** (2.90)*** (3.06)***

QSUE 0.028*** 0.036*** 0.028***

(5.92)*** (7.54)*** (5.90)***

abret t1 1.473*** 1.523***

(22.15)*** (22.92)***

illiq t1 0.048***

(4.01)***

IO t1 0.016***

(0.90)***

mcap t1 0.170***

(23.81)***

rvol t1 1.131***

(2.54)***

Firmfixed effects Yes*** Yes*** Yes*** Yes***

R 2 0.0802*** 0.0805*** 0.0850*** 0.0901**
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1.5.4. The E¤ect of Short Selling on Subsequent Mispricing

One of the hotly debated issues in the short-selling literature is short sellers�role in the

price discovery process. While a majority of prior studies have shown that short sellers

contribute to market quality by promoting price discovery in the �nancial market,

some of the studies found empirical evidence that short sellers tend to destabilize

stock prices (Shkilko, Van Ness, and Van Ness (2008)).

We investigate this issue by examining if levels of short selling a¤ect the patterns

of subsequent mispricing over time. Even though prior studies provide implications

for short sellers�role based on their evidence on negative return predictability of short

sales, these negative returns following high levels of short sales do not necessarily sug-

gest that short sellers correct overvaluation. Akbas, Boehmer, Erturk, and Sorescu

(2008) address that the negative subsequent returns may represent a reduction of

overpricing, but may also suggest the informational advantage of short sellers. Our

test is di¤erentiated from the prior studies in that we explicitly examine the e¤ect

of short selling on the patterns of deviations of stock prices from fundamental val-

ues. Moreover, by looking at the e¤ect of short selling on subsequent mispricing for

overvalued and undervalued portfolios separately, we provide implications not only

on the contribution of short sellers to market quality but also on short sellers�trading

to amplify underpricing.

Each day we divide stocks into undervalued and overvalued stocks based on mis-

pricing on day t�1 and then sort these stocks into quintile portfolios based on relative

short selling on day t. Table 1.9 reports the cross-sectional averages of subsequent
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mispricing from day t+1 through day t+11 for quintile portfolios sorted on relative

short selling among overvalued and undervalued stocks. It shows that di¤erences in

subsequent mispricing between lightly and heavily shorted portfolios among overval-

ued stocks get smaller over time and the reduction of the di¤erences is mainly driven

by a correction of overpricing in the heavily shorted portfolio. The di¤erence between

the lightly and heavily shorted portfolios is 0.024% on day t + 1 and decreases to

-0.019% on day t + 11. Overpricing in the heavily shorted portfolio decreases from

0.336% on day t+ 1 to 0.080% on day t+ 11, showing a signi�cant reduction (-76%)

over two weeks. Meanwhile, overpricing in the lightly shorted portfolio decreases from

0.312% on day t+1 to 0.099% on day t+11, showing a 68% reduction which is smaller

than the decrease in the heavily shorted portfolio. The di¤erence-in-di¤erences re-

ported in the fourteenth row of the fourth column (-0.043%) is signi�cantly negative,

con�rming that overpricing in the heavily shorted portfolio is reduced quickly over

time. Panel A of Figure 1.3 also shows that overpricing for the heavily shorted port-

folio decreases faster, crossing the line of overpricing for the lightly shorted portfolio.

The results therefore support our hypothesis H3a, providing strong evidence that

short sellers contribute to market quality by correcting overpricing quickly.

The last four columns in Table 1.9 report the results of subsequent mispricing for

lightly and heavily shorted portfolios among undervalued stocks.14 The di¤erences

in subsequent mispricing between the lightly and heavily shorted portfolios among

14Heavy short selling in the undervalued stocks seems counter-intuitive, but in an unreported table,
the average short selling for the heavily shorted portfolio among the undervalued stocks (33.75%)
is signi�cantly smaller than the average short selling for the heavily shorted portfolio among the
overvalued stocks (35.77%). Moreover, a certain level of short selling in the undervalued stocks can
be attributed to hedge funds�trading strategies aimed at hedging the risk of their long positions.
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the undervalued stocks also become smaller over time. The di¤erence in mispricing

between the lightly and heavily shorted portfolios decreases from 0.069% on day t+1

to -0.011% on day t + 11. Unlike overvalued stocks, however, the reduction of the

di¤erences is primarily driven by the correction of underpricing in the lightly shorted

portfolio. Underpricing in the lightly shorted portfolio decreases in absolute values

from 0.351% on day t+ 1 to 0.074% on day t+ 11, showing a 79% decrease over two

weeks, while underpricing in the heavily shorted portfolio decreases in absolute values

from 0.282% on day t+ 1 to 0.085% on day t+ 11, showing a 70% decrease which is

smaller than the decrease in the lightly shorted portfolio. The di¤erence-in-di¤erences

in the fourteenth row of the eighth column (-0.080%) is signi�cantly negative, which

suggests that underpricing in the lightly shorted portfolio is corrected more quickly

than underpricing in the heavily shorted portfolio. Panel B of Figure 1.3 also con�rms

this �nding. Therefore, the results support our hypothesis H3b that underpricing is

adjusted faster in the lightly shorted portfolio.

Our results for the undervalued stocks also enable us to refute the view that short

sellers destabilize the stock market by amplifying underpricing. Even though high

levels of short selling in the undervalued stocks delay the correction of underpricing

over time, as shown in Table 1.9 and Figure 1.3, they do not lead to the ampli�ca-

tion of underpricing. Overall, the results con�rm the positive e¤ect of short selling

by demonstrating that high levels of short selling lead to the faster correction of

overpricing.
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Table 1.9 Subsequent Mispricing Estimates in Short-Selling Portfolios

This table reports the cross-sectional averages of subsequent mispricing estimates from day

t+ 1 through day t+ 11 for quintile portfolios sorted on relative short selling on day t

among overvalued and undervalued portfolios. Each day we divide stocks into overvalued

and undervalued stocks based on mispricing components on day t� 1 and then sort data
into quintile portfolios on relative short selling on day t. The mispricing estimates are de-

noted in percent, and Q1 and Q5 indicate lightly and heavily shorted portfolios. Di¤erences

in mispricing estimates between the lightly and heavily shorted portfolios are reported in

the fourth and eighth columns with t-statistics. Di¤erences in subsequent mispricing be-

tween days t+1 and t+11 are also reported in the fourteenth row with t-statistics, and the

di¤erence-in-di¤erences is presented in the fourteenth row of the fourth and eighth columns.

�***�, �**�, and �*�represent signi�cance at 1%, 5%, and 10% levels, respectively.

Q1 Q5 Diff. tstats Q1 Q5 Diff. tstats
(Lightly
shorted)

(Heavily
shorted)

(Q5Q1) (Lightly
shorted)

(Heavily
shorted)

(Q5Q1)

t+1 0.312*** 0.336*** 0.024*** (5.44) 0.351*** 0.282*** 0.069*** (16.56)
t+2 0.262*** 0.274*** 0.012*** (2.75) 0.285*** 0.235*** 0.050*** (11.69)
t+3 0.238*** 0.239*** 0.002*** (0.36) 0.240*** 0.211*** 0.029*** (6.84)
t+4 0.205*** 0.203*** 0.002*** (0.48) 0.203*** 0.181*** 0.021*** (4.97)
t+5 0.186*** 0.179*** 0.007*** (1.50) 0.172*** 0.163*** 0.010*** (2.22)
t+6 0.161*** 0.159*** 0.003*** (0.56) 0.148*** 0.144*** 0.004*** (0.93)
t+7 0.146*** 0.142*** 0.003*** (0.69) 0.128*** 0.129*** 0.002*** (0.38)
t+8 0.130*** 0.122*** 0.008*** (1.73) 0.112*** 0.114*** 0.002*** (0.49)
t+9 0.121*** 0.108*** 0.012*** (2.71) 0.099*** 0.107*** 0.008*** (1.81)
t+10 0.109*** 0.094** 0.015*** (3.27) 0.085*** 0.096*** 0.011*** (2.47)
t+11 0.099*** 0.080*** 0.019*** (4.07) 0.074*** 0.085*** 0.011*** (2.53)

Diff. 0.213*** 0.256*** 0.043*** 0.277*** 0.197*** 0.080***

tstats (50.97)*** (65.43)*** (6.99)*** (68.68)*** (51.19)*** (14.31)***

Overvalued Undervalued

t+1 vs. t+11
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Figure 1.3 Subsequent Mispricing Estimates in Portfolios Sorted on Short Selling

This �gure plots the cross-sectional averages of subsequent mispricing estimates from day

t+ 1 through t+ 11 for quintile portfolios sorted on relative short selling on day t among

overvalued (Panel A) and undervalued (Panel B) portfolios. Q1 and Q5 indicate lightly

and heavily shorted portfolios, respectively.
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1.6. Conclusions

We examine if short sellers in the equity market exploit temporary mispricing

which measures price deviations from fundamental values. Following Brennan and

Wang (2010), we estimate mispricing through the Kalman Filter method using resid-

ual returns obtained from the Carhart four-factor model, and examine if overpricing

is followed by high levels of short selling. We �nd higher (lower) levels of short sell-

ing for temporarily overvalued (undervalued) stocks, providing supporting evidence

on short sellers�exploitation of mispricing. This positive association between short

selling and mispricing remains intact when we control for short sale constraints and

illiquidity, and it is more pronounced when short sale constraints do not bind and

stocks are liquid.

We also �nd that short sellers� trading activity based on temporary mispricing

is robust to controlling for fundamental news. Short sellers tend to exploit non-

information-based mispricing regardless of the existence of earnings news, while they

also exploit mispricing associated with negative earnings surprises around earnings

announcements.

Our examination of the e¤ect of short selling on subsequent mispricing reveals

that high (low) short-selling activity in temporarily overvalued (undervalued) stocks

leads to the faster reduction of mispricing, while high (low) short-selling activity

in undervalued (overvalued) stocks delays the correction of mispricing. We do not

�nd evidence through this analysis that short sellers destabilize the stock market by

amplifying the magnitude of underpricing. Our results therefore support a positive
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role of short sellers in correcting overpricing quickly and promoting a price discovery

process.
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Appendix: Kalman Filter Algorithm

The Kalman Filter algorithm is an econometric approach which provides the best

estimates of unobservable state variables by minimizing the mean square error esti-

mators of the state variables. The Kalman Filter approach consists of two equations:

a measurement equation, which describes the relationship between observable and

unobservable data, and a state equation, which describes the path of the unobserv-

able state variables. By repeating prediction and updating steps in the algorithm, we

are able to estimate unobservable state variables.

Based on what we explained in Section 1.3.2, we construct the state equation and

the measurement equation as follows:

�t = Tt�t�1 + !t; !t � N(0; Qt) (State Equation) (A1)

et = �+ s
0
t�t + �t; �t � N(0; �2�) (Measurement Equation) (A2)

where

�t =

264 zt

zt�1

375 ; Tt =
264 � 0

1 0

375 ; !t =
264 �t
0

375 ; Qt =
264 �2� 0

0 0

375 ; st =
264 1

�1

375 (A3)

We assume that a mispricing component follows an AR(1) stationary process and

innovations in mispricing and fundamental values are not correlated.
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Based on Carhart residual returns estimated over the previous quarter, we iterate

two procedures to estimate a model through the Kalman Filter. First, we construct

�tjt�1 and the likelihood function using the mean square error of estimator �t�1, a

prediction error, and its variance as follows:

�tjt�1 = Tt�t�1jt�1, (A4)

Ptjt�1 = TtPt�1jt�1T
0
t +Qt (A5)

where

Ptjt�1 = E
�
(�t � �tjt�1)(�t � �tjt�1)0

�
; (A6)

�t = et � etjt�1 = s0t(�t � �tjt�1) + �t (Prediction error) (A7)

var(�t) = s
0
tPtjt�1st + �

2
� (Variance of prediction error) (A8)

Based on the prediction error and its variance, we obtain Kalman gain as follows:

Kt � Ptjt�1stk�1t ; (A9)

where

kt � s0tPtjt�1st + �2� ; (A10)

Using the Kalman gain Kt,

�tjt = �tjt�1 +Kt(et � s0t�tjt�1), (A11)

Ptjt = Ptjt�1 �Kts
0
tPtjt�1 (A12)
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The log likelihood function of the observations can be constructed as follows:

L = �T
2
log(2�)� 1

2

TX
t=1

log(kt)�
1

2

TX
t=1

v2t
kt

(A13)

The parameter estimates are obtained through the maximization of the log like-

lihood function described in Equation (A13), and the initial guess of �0 and P0 are

set to zero and �2�
1��2 .
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CHAPTER 2

Intraday Patterns in Short Sales

2.1. Introduction

An extensive literature documents intraday periodicity in trading volume and re-

turns. Jain and Joh (1988) �nd a U-shaped pattern in intraday volume, and Chan,

Christie, and Schultz (1995) examine the intraday pattern of bid-ask spreads in NAS-

DAQ stocks. Wood, McInish, and Ord (1985), Harris (1986), McInish and Wood

(1990, 1992), Andersen and Bollerslev (1997), and Pagano, Peng, and Schwartz (2008)

�nd the same U-shaped intraday patterns in returns and volatility. Heston, Kora-

jczyk, and Sadka (2010) document that the cross-section of stock return for a partic-

ular intraday interval tends to exhibit the same pattern at the same intraday interval

for up to 40 subsequent days.

Theoretical studies have attempted to explain intraday patterns based on endoge-

nous trading activities of informed and liquidity traders. These theoretical arguments

are based on Kyle (1985), who demonstrates how information is incorporated into

prices through the dynamics of interaction among market makers, informed traders,

and liquidity traders. Foster and Viswanathan (1990) contend that informed traders

have a greater information advantage at the open of the day because of the accu-

mulation of information during non-trading periods. In the same vein, Holden and

57
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Subrahmanayam (1992) claim that informed traders tend to concentrate their trading

at the opening of the day if long-lived information arrives during non-trading hours.

Admati and P�eiderer (1988) provide a theoretical model in which informed traders

trade strategically during periods of high liquidity trading, but do not explicitly as-

sociate this with a particular intraday interval.

It is di¢ cult to test these theories empirically because informed trading is hard to

identify. Motivated by this, we examine intraday patterns in short sales. Short sales

can be di¤erentiated from other trades in that short sellers are known as informed

traders who possess private information and superior skills to analyze public news.1 If

short sales contain more information about fundamental value, the intraday patterns

of short sales are likely to be associated with the trading behavior of informed traders

and their information advantage.

We �nd a U-shaped pattern in short sales with high levels of shorting volume in

the �rst and last half hours of the trading day. This U-shaped pattern is robust to

controlling for short trade size, market capitalization, and institutional ownership.

We also investigate the relation between short sales and returns across the trading

day. By exploring the relation between intraday short sales and past or subsequent

returns, we provide insights into when informed short sellers exploit past returns and

how short sellers�information is incorporated into stock prices during the trading day.

We �nd a positive relationship between short selling and past returns over all

intraday intervals. More importantly, this result is more pronounced at the open and

1Diamond and Verrechia (1987) argue that a restriction on short-sale proceeds prevents short sellers
from shorting a stock without private information. Boehmer, Jones, and Zhang (2008), Diether,
Lee, and Werner (2009), Boehmer and Wu (2013), and Engelberg, Reed, and Ringgenberg (2012)
also found evidence supporting that short sellers are informed.
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the close of the trading day, and it is robust to controlling for market capitalization

and institutional ownership. Given that short sellers�contrarian behavior indicates

their trading based on short-term overreaction of stock prices, our �ndings suggest

that short sellers tend to trade on overreaction more actively at the open and the

close.

We subsequently explore the association between short selling and subsequent

returns across the day. We �nd that high levels of short sales predict negative returns

across the trading day. More strikingly, a trading strategy of going long lightly shorted

stocks and short heavily shorted stocks produces the highest return in the �rst half

hour of the day, and the return decreases toward the end of the day. This result

suggests that high levels of short sales at the market open contain more information

about subsequent returns. The highest (lowest) return of the trading strategy at the

beginning (end) of the day is signi�cant for returns over di¤erent holding periods,

and it is mainly driven by small-sized short sales, small-cap stocks, and stocks with

low institutional ownership. Given that short-term overreaction is likely to be found

in small-cap stocks and stocks with low institutional ownership, these results suggest

that informed short sellers tend to target stocks with short-term overreaction and

such trading behavior is re�ected through the pro�tability of the long-short portfolio

strategy based on intraday short sales.

Finally, we examine if the clustering of informed short sales at the open is sup-

ported by intraday variations in information asymmetry and informativeness of stock

prices. Using e¤ective spreads and volatility, which represent information asymmetry

and informativeness of prices respectively, we investigate if their intraday patterns are
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consistent with the concentration of informed short sales at the market open. Our re-

sults show that both e¤ective spreads and volatility follow reverse J-shaped patterns

with the highest spreads and volatility occurring in the �rst half hour. The relatively

high levels of e¤ective spreads and volatility thus con�rm our �ndings that the con-

centration of short sales at the open is driven by the trading behavior of informed

short sellers.

Overall, the results suggest that high levels of short sales at the beginning of the

day are attributed to informed short sales. The concentration of informed short sales

in the �rst half hour is veri�ed by the more pronounced contrarian pattern at the

open and the higher subsequent return for a trading strategy based on short sales in

the �rst half hour. These �ndings are consistent with Foster and Viswanathan (1990)

and Holden and Subrahmanayam (1992), who document the clustering of informed

trades at the market open due to accumulation of information overnight. The fact

that information asymmetry is more severe and prices are more informative at the

market open also support this �nding.

The remainder of this paper is organized as follows. Section 2.2 explains the hy-

potheses that will be tested in the paper, and Section 2.3 describes data. In Section

2.4, we explain our results of intraday patterns in short sales with the methodology

employed in this study. Section 2.5 presents test results on the association between in-

traday short sales and returns, and Section 2.6 discusses intraday patterns in e¤ective

spreads and volatility. Finally, Section 2.7 concludes the paper.



61

2.2. Hypotheses

We expect that there is a U-shaped intraday pattern in short sales. Informed short

sellers may have a greater information advantage at the beginning due to overnight

information, which ultimately leads to increases in short transactions at the open.

On the other hand, given the information advantage of short sellers documented in

prior studies, it is likely that short sellers will trade strategically during the intraday

periods of high liquidity trading. Since a U-shaped intraday pattern is found in

trading volume, we conjecture that there is clustering of short selling at the open and

the close of the trading day.

H1a: There is a clustering pattern of short sales at the open and the close of the

trading day.

We further examine the relation between short selling and past returns across

the trading day. We �rst investigate if short sellers increase their short positions

following positive returns at half-hour intervals. This is consistent with Diether, Lee,

and Werner (2009), who �nd a positive association between daily short selling and

past returns. Additionally, if there is a U-shaped pattern in short sales and this

pattern is driven by informed short selling, the positive association between short

selling and past returns will be more pronounced for short sales at the open and the

close.
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H2a: There is a positive association between short sales and past returns across

the trading day.

H2b: The positive association between short selling and past returns is more pro-

nounced at the beginning and the end of the trading day.

We explore the return predictability of intraday short selling. Prior studies doc-

ument that short sellers predict negative returns (Diether, Lee, and Werner (2009),

Boehmer and Wu (2013)). If there is a U-shaped intraday pattern in short selling and

the clustering pattern is attributed to trading activities by informed short sellers, the

return predictability of this concentrated shorting will be more pronounced than the

return predictability of short trading in other intraday intervals. In this case, an ar-

bitrage strategy of going long lightly shorted stocks and short heavily shorted stocks

is expected to generate high returns at the open and the close. Given that many

short-selling studies found evidence on return predictability using daily aggregated

short sales, this analysis will o¤er new insights into when the return predictability is

relatively higher across the trading day.

H3a: There is a negative association between short sales and subsequent returns

across the trading day.

H3b: An arbitrage strategy of going long lightly shorted stocks and short heavily

shorted stocks generates high returns at the open and the close of the trading day.
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The concentration of informed short sales in the �rst and the last half hours

can be veri�ed by intraday patterns in e¤ective spreads which represent asymmetric

information. Many studies have found a U-shaped intraday pattern in bid-ask spreads

(McInish and Wood (1992), Foster and Viswanathan (1993), and Chan, Chung, and

Johnson (1995)). Madhavan, Richardson, and Roomans (1997) show that the e¤ective

bid-ask spread consists of asymmetric information and transaction costs, and the

asymmetric information component is large at the start of the day and decreases

toward the end of the day. If there is a clustering intraday pattern in short sales

and it is attributed to informed short selling, information asymmetry will be large at

the open and the close of the trading day. Therefore, we conjecture that there is a

U-shaped pattern in e¤ective spreads over the trading day.

H4a: There is a U-shaped intraday pattern in e¤ective spreads.

Admati and P�eiderer (1988) and Foster and Viswanathan (1993) claim that trad-

ing volume is high when return volatility is high across the day. Back and Pedersen

(1998) also argue that volatility has the same intraday pattern as liquidity trading.

If there is a U-shaped intraday pattern attributed to informed short sellers�strategic

trading during periods of high liquidity trading, we can expect high levels of volatility

at the open and the close of the trading day. This is consistent with Wood, McIn-

ish, and Ord (1985), Harris (1986), and Andersen and Bollerslev (1997), who �nd a

U-shaped pattern in return volatility during the trading day.

H4b: There is a U-shaped intraday pattern in volatility.
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2.3. Data Description

We use time-stamped short-sale data of all the NYSE- and NASDAQ-listed com-

mon stocks from the TAQ Regulation SHO database for the sample period of January

1, 2005 to July 6, 2007. The intraday short-sale data contain the stock symbol, trans-

action date and time, price, total trading volume, shorting volume, and an indicator

denoting transactions that are exempt from an uptick rule.2 Following Christophe,

Ferri, and Angel (2004), we exclude short sales exempt from the uptick rule, because

exempt shorting, which is implemented by market makers for the purpose of market

making, does not re�ect the trading behavior of short sellers who pursue pro�ts from

their information advantage.

We aggregate these short-sale data to 30-minute intervals from 9:30 a.m. to 4:00

p.m. per trading day to calculate intraday shorting volume. We exclude after-hours

short-selling and overnight movements in stock prices. To calculate short turnover

and market capitalization, we obtain the total number of shares outstanding and daily

stock prices from CRSP. To calculate the short ratio, we aggregate Consolidated

Trades (CT) data from the TAQ database to 30-minute intervals. Based on this

dataset, we also calculate intraday returns using last prices of the half-hour intervals

following Wood, McInish, and Ord (1985).

Quarterly institutional ownership data are obtained as a measure of short sale

constraints from the Thompson Reuters database on SEC 13F �lings. To measure

intraday e¤ective spreads, we match time-stamped short sales from the Regulation

2This database does not include information about order type or short-covering positions.
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SHO database to TAQ trades data by symbol, date, price, size, and time. We again

match these merged data with quotes from the TAQ database. Given the possibility

of delay between quote and trade timestamps, we allow a 5-second window around a

certain trade for matching it to a quote.3 Using this dataset, we calculate the e¤ective

spread, which is twice the absolute value of the di¤erence between the transaction

price and the midpoint of the bid-ask spread. By scaling the e¤ective spread by

the bid-ask midpoint, we obtain the relative e¤ective spread. Relative spread is also

calculated as the bid-ask spread scaled by the midpoint of the spread. We obtain

equal-weighted averages of these measures for each half-hour interval as intraday

spread measures.

For our analysis, we exclude penny stocks with prices less than �ve dollars, and

following Heston, Korajczyk, and Sadka (2010), we eliminate stocks with an average

of fewer than 10 trades in each half-hour interval over the previous month. We also

winsorize all variables at the 1st and 99th percentiles to control for outliers. The �nal

sample includes 14,785,649 observations at 30-minute intervals for 2,558 NYSE and

NASDAQ stocks from January 1, 2005 to July 6, 2007.

Table 2.1 reports the summary statistics for all the variables in our sample. The

average shorting volume for each half-hour interval is 12,430, while the average trading

volume is 83,340. The averages of the number of short sales and short trade size for

each half-hour interval are 30 and 346, which are smaller than the average number of

trades (194) and the average trade size (376). Meanwhile, the average short turnover

3As a result, 88.46% of the short sales are matched to trades and quotes over the sample period,
and the remaining 11.54% are eliminated.
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(shorting volume scaled by total shares outstanding) is 0.011%, and the average short

ratio (shorting volume divided by trading volume) is 19.81%.

Table 2.1 Summary Statistics

This table reports the summary statistics of variables for the sample which includes 14,785,649

half-hour observations of 2,558 NYSE and NASDAQ stocks from January 1st, 2005 to July

6, 2007. Price is an execution price in dollars, and Return is calculated by execution prices

at the end of each half-hour interval. Market cap in millions of dollars is calculated as the

product of the daily close price and the total number of shares outstanding, Trading volume

(Shorting volume) is the number of shares traded (sold short) for each half-hour interval,

Number of trades (short sales) is the average number of (short) trades for each interval,

and Trade size (Short trade size) is calculated as the number of shares traded (sold short)

divided by the total number of (shorting) trades for each interval. Short turnover is the

total number of shares sold short divided by total shares outstanding, and Short ratio is

total shares sold short scaled by trading volume during the same interval. We winsorize all

variables at the 1st and 99th percentiles, and Returns, Short turnover, and Short ratio are

expressed in percent.

Variable Mean Median Std. Min. Max.
Price  ($) 38 32 23 6 128
Return  (%) 0.004 0 0.41 1.36 1.41
Market cap  ($mil.) 6,672 1,984 13,733 165 92,864
Trading volume (000s) 83 26 170 1 1,159
Number of trades 194 87 324 3 2,185
Trade size 376 278 305 104 1,972
Shorting volume (000s) 12 4 23 0 147
Number of short sales 30 16 39 1 221
Short trade size 346 233 359 100 2,450
Short turnover  (%) 0.011 0.005 0.016 0 0.1
Short ratio  (%) 19.81 16.23 15.54 0.35 75
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2.4. Intraday Patterns in Short Sales

2.4.1. Methodology

We examine intraday patterns of short sales aggregated to 30-minute intervals from

9:30 a.m. to 4:00 p.m. for each trading day. To examine the intraday patterns of

short sales, we use three short-sale variables: the shorting volume, the short turnover

which is calculated as shorting volume divided by total shares outstanding, and the

short ratio which is calculated as shorting volume divided by trading volume in the

same intraday interval. Additionally, we also investigate intraday patterns of short

trade size and the number of shorts averaged for 13 half-hour intervals.

In order to control for cross-sectional di¤erences across stocks, we standardize

all the variables by subtracting the mean for the day and dividing by the standard

deviation for the day for each stock.4 We then estimate the following equation to test

for the presence of intraday patterns in the short-sale variables:

Vi;t = �0 +
12X
�=1

�� �D� + �i;t (2.1)

where Vi;t is the standardized variable for the stock i during time interval t , andD1

through D12 are dummy variables that correspond to the following intraday intervals

except for 12:30-1:00 p.m.:5

4We also estimate the equation using raw data and logarithms of the dependent variables. The
results are not statistically di¤erent from those with the standardized variables.
5We set up the values of short-sale variables during 12:30-1:00 p.m. as reference values, since the
averages of these variables are lowest during this interval of the day.
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D1 = 1 if the interval is 9:30 a.m. �10:00 a.m., 0 otherwise;

D2 = 1 if the interval is 10:00 a.m. �10:30 a.m., 0 otherwise;

D3 = 1 if the interval is 10:30 a.m. �11:00 a.m., 0 otherwise;

D4 = 1 if the interval is 11:00 a.m. �11:30 a.m., 0 otherwise;

D5 = 1 if the interval is 11:30 a.m. �12:00 p.m., 0 otherwise;

D6 = 1 if the interval is 12:00 p.m. �12:30 p.m., 0 otherwise;

D7 = 1 if the interval is 1:00 p.m. �1:30 p.m., 0 otherwise;

D8 = 1 if the interval is 1:30 p.m. �2:00 p.m., 0 otherwise;

D9 = 1 if the interval is 2:00 p.m. �2:30 p.m., 0 otherwise;

D10 = 1 if the interval is 2:30 p.m. �3:00 p.m., 0 otherwise;

D11 = 1 if the interval is 3:00 p.m. �3:30 p.m., 0 otherwise;

D12 = 1 if the interval is 3:30 p.m. �4:00 p.m., 0 otherwise;

Equation (2.1) shows that Vi;t consists of the base volume for interval 12:30-1:00

p.m., �0, an adjustment to the mean value for each of the other 12 intraday intervals,

�1 to �12, and an idiosyncratic error term, �i;t. Therefore, the coe¢ cients �1 through

�12 are central to our analysis on the intraday patterns of short sales.

Following Foster and Viswanathan (1993), Chan, Christie, and Schultz (1995),

and Chan, Chung, and Johnson (1995), we use Generalized Method of Moments

(GMM) and adjust for serial correlation through the Newey-West (1987) method.



69

Since we use time-series and cross-sectional observations to estimate a set of coe¢ -

cients, we consider cross-sectional correlation, autocorrelation, and heteroskedasticity

by employing this approach.6

The GMM procedure involves estimating the vector of coe¢ cient estimates, b�,
to minimize a weighted sum of sample moments. From Equation (2.1), we need to

estimate 13 unknown parameters, �0 through �12. We use the normal regression

equations from Equation (2.1) as the orthogonality conditions:

E[�t] = 0

E[�tDi] = 0; i = 1; 2; :::; 12 (2.2)

The system is just-identi�ed, since we have 13 parameters to be estimated with 13

orthogonality conditions. Under the assumption of the stationary and ergodic error

process, the sample moments should be close to the population moments for a large

number of observations. For each �rm, the vector of sample moments, gT (b�) is given
by

gT (b�) = 1

T

TX
t=1

2666666666664

�t

D1�1;t

D2�2;t

...

D12�12;t

3777777777775
(2.3)

6To see if our results are robust to di¤erent econometric speci�cations, we estimate Equation (2.1)
using time-series data for each �rm and average the estimates across the �rms. The results are
unchanged.
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where T is the number of time-series observations and gT (b�)! 0 as T !1.

We estimate parameters by minimizing g
0
TWgT , where W is a weighting matrix

that incorporates the Newey and West (1987) correction for serial correlation up to

�ve lags. The weighting matrix yields consistent estimates that are asymptotically

normally distributed. Since we need to solve for gT (b�) = 0, our GMM estimates are

identical to OLS estimates.7 To test for signi�cance of the b� coe¢ cients, we rely on
their asymptotic distribution:

p
T (b� � �) � N(0; [�0TW�T ]�1) (2.4)

where �T is the consistent estimator of
@gT (b�)
@b� .

2.4.2. Intraday Patterns in Short Sales

Table 2.2 reports the GMM estimation results for Equation (2.1). Consistent with

our priors, standardized shorting volume in column (1) exhibits a U-shaped intraday

pattern with clustering in the �rst and last half hours of the day. As shown in Table

2.2 and Figure 2.1, the coe¢ cient on shorting volume decreases from 0.360 during

9:30-10:00 a.m. to 0.009 during 1:00-1:30 p.m. and increases again up to 0.733 during

3:30-4:00 p.m. Short turnover in column (2) also shows a U-shaped pattern during

the day. Meanwhile, the coe¢ cient on short ratio in column (3) increases from -0.078

during 9:30-10:00 a.m. to 0.277 for the last half hour of the day. Given that trading

7However, the standard errors of the GMM estimates are corrected for serial correlation and het-
eroskedasticity.
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volume also exhibits a U-shaped pattern in column (6), this increasing pattern in the

short ratio suggests that short sales are relatively lower than trading volume during

9:30 a.m.-10:00 p.m., while they are higher in the last half hour.

In columns (4) and (5), the averages of short trade size and the number of short

trades during the intraday intervals also exhibit clustering patterns at the open and

the close of the day. The returns in column (7) do not show a clear U-shaped pattern

across the trading day, but they are signi�cantly higher at the open and the close

compared to other intraday intervals.

Overall, the GMM estimation results support our hypothesis H1a that there is a

U-shaped intraday pattern in short sales, including volume, trade size, and the num-

ber of trades. High levels of short sales in the �rst hour may be interpreted as short

sellers�reaction to the accumulation of information that was announced overnight.

This is somewhat consistent with Foster and Viswanathan (1990) and Holden and

Subrahmanyam (1992), who document that informed traders have a greater infor-

mation advantage at the open due to information arrival during non-trading hours.

On the other hand, if we consider information released during trading hours, the U-

shaped intraday pattern in short sales may suggest that informed short sellers tend to

time their trades over the trading day. Yet it is not clear if this clustering pattern is

associated with the concentration of informed short selling at the open and the close

of the day. We will discuss these issues in more detail in Sections 2.5 and 2.6.
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Table 2.2 Intraday Variations in Short Sales

This table reports Generalized Method of Moments (GMM) estimates of intraday variations

in shorting volume, short trade size, the number of short sales, short turnover, short ratio,

trading volume, and returns. All the variables are calculated over the 13 half-hour intervals

of the day, and we standardize these variables by subtracting the mean for each day and

then dividing by the daily standard deviation. We estimate the following equation using

GMM:

Vi;t= �0+
12X
�=1

���D�+�i;t

Dependent variable Vi;t is the standardized shorting volume, short turnover, short ratio,

short trade size, the number of short sales, trading volume, or return of stock i during in-

terval t, and the independent variables are dummy variables indicating 12 half-hour intervals

except for interval 12:30-1:00 p.m. T-statistics in parentheses are adjusted for serial correla-

tion using the Newey-West method with �ve lags. �***�, �**�, and �*�represent signi�cance

at 1%, 5%, and 10% level, respectively.

(1) (2) (3) (4) (5) (6) (7)
Shorting Short Short Short No. of Trading
volume turnover ratio trade size shorts volume Returns

9:3010:00 am 0.360*** (262.45) 0.442*** (314.34) 0.078*** (58.78) 0.350*** (214.47) 0.324*** (250.57) 0.342*** (226.45) 0.047*** (25.38)
10:0010:30 am 0.249*** (198.94) 0.297*** (232.62) 0.073*** (54.39) 0.086*** (59.50) 0.329*** (257.23) 0.240*** (170.61) 0.040*** (29.81)
10:3011:00 am 0.179*** (163.22) 0.218*** (189.89) 0.058*** (43.59) 0.067*** (48.02) 0.242*** (216.31) 0.177*** (138.46) 0.014*** (11.82)
11:0011:30 am 0.112*** (119.28) 0.136*** (133.85) 0.063*** (48.95) 0.042*** (31.57) 0.158*** (166.28) 0.119*** (104.81) 0.017*** (14.94)
11:30 am12:00 pm 0.062*** (78.40) 0.075*** (83.49) 0.046*** (37.51) 0.026*** (21.00) 0.088*** (111.66) 0.070*** (72.64) 0.009*** (8.35)
12:0012:30 pm 0.028*** (44.30) 0.034*** (45.54) 0.022*** (19.53) 0.015*** (13.23) 0.039*** (64.73) 0.032*** (46.04) 0.005*** (5.18)
1:001:30 pm 0.009*** (15.11) 0.013*** (16.97) 0.005*** (4.76) 0.010*** (9.00) 0.014*** (23.83) 0.006*** (8.11) 0.025*** (24.19)
1:302:00 pm 0.038*** (49.69) 0.049*** (55.82) 0.014*** (11.30) 0.006*** (4.70) 0.064*** (83.57) 0.027*** (28.70) 0.008*** (8.21)
2:002:30 pm 0.104*** (113.03) 0.133*** (133.29) 0.007*** (5.69) 0.017*** (12.82) 0.166*** (178.24) 0.083*** (75.97) 0.022*** (21.05)
2:303:00 pm 0.152*** (145.44) 0.196*** (179.96) 0.053*** (39.58) 0.021*** (16.19) 0.239*** (225.36) 0.107*** (91.27) 0.008*** (7.43)
3:003:30 pm 0.264*** (217.01) 0.347*** (278.07) 0.099*** (70.90) 0.053*** (38.78) 0.396*** (322.05) 0.185*** (141.43) 0.004*** (3.82)
3:304:00 pm 0.733***

(451.64) 0.928***
(575.01) 0.277***

(196.24) 0.275***
(191.11) 0.842***

(564.57) 0.459***
(296.36) 0.001***

(1.19)

Dependent variables

tstats tstats tstats tstats tstats tstats tstats
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Figure 2.1 Intraday Patterns in Short-Sale Variables and Returns

This �gure plots GMM estimates of intraday variations in shorting volume (Panel A), short

turnover (Panel B), short ratio (Panel C), short trade size (Panel D), the number of short

sales (Panel E), and trading volume (Panel F) for each half-hour interval except for the

reference period of 12:30-1:00 p.m. during a day. Shorting volume is the number of shares

sold short, short turnover is total shares sold short divided by total shares outstanding, and

the short ratio is total shares sold short scaled by trading volume during the same intraday

interval. The short trade size is calculated as the number of shares sold short divided by

the total number of short trades for each half-hour interval, the number of short sales is

the average number of short trades for each intraday interval, and trading volume is the

number of shares traded for half-hour intervals.
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2.4.3. Cross-Sectional Di¤erences in Intraday Patterns of Short Sales

We investigate if the U-shaped intraday pattern in shorting volume is robust to con-

trolling for short trade size and �rm characteristics.8 We �rst examine if the clustering

intraday pattern in short sales depends on the size of short trading. Boehmer, Jones,

and Zhang (2008) show that short sellers who submit medium or large orders tend

to be better informed about future returns. Blau, Van Ness, and Van Ness (2009a)

�nd empirical evidence that short sellers do not use small trade size to hide their

information. If informed short sellers trade actively at the open and the close us-

ing any certain short trade size, the clustering intraday pattern will be more or less

pronounced in small-, medium-, or large-sized short sales.

In order to examine this, we classify short sales into small-, medium-, and large-

sized trades. We �rst compute the distribution of short trade sizes over the entire

sample. The results show that 50% of short sales are between zero and 200 shares,

30% are between 201 and 500 shares, 10% are between 501 and 900 shares, 5%

are between 901 and 1,300 shares, and the rest 5% of the sample are more than

1,300 shares. Based on these statistics, we partition short trades into �ve trade-size

categories, 0-200 (small), 201-500, 501-900 (medium), 901-1,300, and greater than

1,300 shares (large), and estimate Equation (2.1) using GMM for each size group.9

8According to Blau, Van Ness, and Van Ness (2009b), using order size instead of trade size will lead
to more accurate results on the relationship between short trade size and the informativeness of
short sales. Due to the unavailability of the order data, we use trade size based on Alexander and
Peterson (2007), who document that trade size corresponds to order size.
9Our cuto¤ points are di¤erent from Boehmer, Jones, and Zhang (2008) in that they use the �ve
size categories of less than 500, 500-1,999, 2,000-4,999, 5,000-9,999, and greater than 10,000 shares.
However, as their cuto¤ points correspond to 50%, 51-80%, 81%-90%, 91%-95%, and 96-100% of
short sales in their sample, our approach to choose the cuto¤ points for short trade size categories
is not di¤erent from their approach.
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Table 2.3 reports the GMM estimates of intraday variations in shorting volume for

small-, medium-, and large-sized short sales. The �rst six columns in Table 2.3 report

coe¢ cients on intraday dummy variables and t-statistics for short sales of di¤erent

size categories. The results show that the U-shaped intraday pattern is pervasive

across short trades of all sizes.10 The magnitudes of the coe¢ cients are larger in

small- and medium-sized short sales compared to large-sized short sales, except for

short sales in the last half hour. This evidence is consistent with Kyle (1985) and

Foster and Viswanathan (1990), who argue that informed traders tend to break up

their trades to hide their information.11

We also examine if the U-shaped intraday patterns in short sales are robust to

controlling for market capitalization and institutional ownership. Diether, Lee, and

Werner (2009) show that short sellers trade on short-term overreaction which tends

to be concentrated in small-cap stocks and stocks with low institutional ownership. If

the clustering pattern is associated with informed short selling, the clustering pattern

will be driven by short selling in these stocks.

For this analysis, we sort stocks into quintile portfolios based on market capi-

talization, which is calculated as daily stock prices times total shares outstanding,

and institutional ownership, the number of shares that institutional investors own

scaled by total shares outstanding. For each quintile portfolio, we estimate Equation

(2.1) using the GMM method. The last eight columns in Table 2.3 report the GMM

estimates of intraday variations in shorting volume for market-cap and institutional

10The clustering patterns of the average number of short trades and short turnover are also robust
to controlling for short trade size.
11However, U-shaped patterns in short trades of all sizes may suggest that the clustering patterns
are not entirely driven by informed short selling across the trading day.
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ownership portfolios. Consistent with the results on short trade size, the coe¢ cients

on dummy variables exhibit U-shaped patterns across di¤erent levels of market-cap

and institutional ownership portfolios. Since institutional ownership is a proxy for

short sale constraints, this �nding suggests that the clustering pattern of short sales is

robust to controlling for market capitalization and short sale constraints. Meanwhile,

the magnitudes of the coe¢ cients are larger in large-cap stocks and stocks with high

institutional ownership, which suggests high levels of short sales in stocks that are

easy to borrow.

Overall, the results in Tables 2.3 show that the clustering intraday pattern in short

sales is robust to controlling for short trade size, market capitalization, and short sale

constraints.
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Table 2.3 Cross-Sectional Di¤erences in Intraday Variations in Short Sales

This table reports GMM estimates of intraday variations in shorting volume for portfolios

sorted on short trade size, market capitalization, and institutional ownership. We partition

intraday short-sale data into �ve short trade size portfolios: 0-200 (small), 201-500, 501-900

(medium), 901-1,300, and greater than 1,300 shares (large). In order to form market-

cap and institutional ownership portfolios, we sort data into quintiles based on market

capitalization, which is calculated as daily stock prices times total shares outstanding for

each day, and institutional ownership, which is calculated as the number of shares that

institutional investors own scaled by total shares outstanding. For each of these sorted

portfolios, we estimate the following equation using GMM:

Vi;t= �0+
12X
�=1

���D�+�i;t

Dependent variable Vi;t is the standardized shorting volume of stock i during interval t, and

the independent variables are dummy variables indicating 12 half-hour intervals except for

interval 12:30-1:00 p.m. T-statistics in parentheses are adjusted for serial correlation using

the Newey-West method with �ve lags. �***�, �**�, and �*�represent signi�cance at 1%, 5%,

and 10% level, respectively.

Small tstats Medium tstats Large tstats Small tstats Large tstats Low tstats High tstats

9:3010:00 am 0.202***
(160.73) 0.215***

(163.32) 0.130***
(82.35) 0.237***

(78.23) 0.641***
(222.70) 0.260***

(90.51) 0.431***
(141.96)

10:0010:30 am 0.278***
(214.93) 0.219***

(163.02) 0.051***
(32.59) 0.133***

(51.20) 0.446***
(167.22) 0.155***

(60.74) 0.315***
(115.74)

10:3011:00 am 0.215***
(184.24) 0.163***

(133.87) 0.042***
(28.16) 0.094***

(39.58) 0.324***
(128.64) 0.113***

(47.53) 0.220***
(89.50)

11:0011:30 am 0.150***
(144.80) 0.100***

(93.22) 0.024***
(17.36) 0.064***

(28.21) 0.205***
(88.73) 0.082***

(36.30) 0.132***
(60.36)

11:30 am12:00 pm 0.084***
(94.59) 0.055***

(59.08) 0.011***
(8.79) 0.038***

(17.32) 0.115***
(53.97) 0.031***

(15.19) 0.076***
(37.65)

12:0012:30 pm 0.034***
(48.92) 0.023***

(30.54) 0.004***
(3.26) 0.017***

(8.46) 0.053***
(27.12) 0.013***

(6.77) 0.032***
(17.60)

1:001:30 pm 0.013***
(18.88) 0.026***

(33.62) 0.021***
(17.70) 0.011***

(5.40) 0.010***
(5.24) 0.007***

(3.70) 0.010***
(5.56)

1:302:00 pm 0.074***
(84.68) 0.079***

(80.25) 0.061***
(41.29) 0.041***

(18.58) 0.052***
(26.05) 0.036***

(17.52) 0.041***
(21.39)

2:002:30 pm 0.189***
(183.51) 0.186***

(154.93) 0.138***
(77.55) 0.095***

(41.02) 0.149***
(68.38) 0.089***

(39.89) 0.118***
(56.80)

2:303:00 pm 0.280***
(241.85) 0.282***

(203.43) 0.220***
(105.48) 0.153***

(61.50) 0.210***
(92.43) 0.138***

(57.08) 0.174***
(79.30)

3:003:30 pm 0.462***
(352.07) 0.476***

(291.35) 0.395***
(156.29) 0.277***

(94.69) 0.353***
(143.13) 0.241***

(87.38) 0.310***
(126.48)

3:304:00 pm 0.829***
(565.53) 1.155***

(563.50) 1.323***
(358.66) 0.741***

(162.37) 0.977***
(319.26) 0.628***

(154.49) 0.878***
(246.37)

Institutional OwnershipShort trade size Market cap
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2.5. Intraday Patterns in Short Sales and Stock Returns

Thus far, we have explored intraday patterns in short sales and the robustness

of the results to di¤erent levels of short trade size, market capitalization, and short

sale constraints. If this pattern is attributed to the trading behavior of informed

short sellers, we can expect to �nd intraday variations in the informativeness of short

sales. For example, given that informed short sellers tend to exploit past positive

returns for their transactions, such behavior would be concentrated at the open and

the close of the day. Many prior studies provide evidence on informed short sales by

examining the relation between short sales and stock returns. Following these studies,

we investigate the relation between short selling and stock returns across a trading

day in Sections 2.5.1 and 2.5.2.

2.5.1. Short Selling and Past Returns

2.5.1.1. Intraday Short Sales and Past Returns

In this section, we examine if there is a positive association between short sales

and past returns across the intraday intervals. Diether, Lee, and Werner (2009) doc-

ument the contrarian pattern of short sales, suggesting that short sellers tend to

increase their short transactions following positive returns. If short sellers employ

this contrarian strategy across the trading day, the positive association between short
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sales and past returns will be consistently shown over the intraday intervals. More-

over, if the clustering patterns of short sales during the �rst and last half hours are

attributed to informed short selling, it is expected that the positive relation will be

more pronounced during these periods compared to short selling during other intraday

intervals.

To examine the relation between short sales and past returns, we run �xed e¤ects

regressions of short turnover with �rm and day e¤ects on past stock returns for one-

day holding period from intraday interval t � 1 through t � 13. To avoid biases due

to the existence of any intraday pattern in returns, we use buy-and-hold returns on

a daily basis. We estimate the following equation for each intraday interval:

Shorti;t = �0 + �1 �Ri;t�1;t�13 + �i;t (2.5)

The dependent variable Shorti;t is short turnover of stock i during interval t,

and the independent variable Ri;t�1;t�13 is the stock return for the past 13 half-hour

intervals. Panel A of Table 2.4 reports the �xed-e¤ects regression estimates of short

sales on one-day holding-period returns over the 13 intraday intervals. Consistent

with our hypothesis H2a, short sales are positively associated with past returns across

the day. In addition, although the coe¢ cient during 9:30-10:00 a.m. (0.00034) is

smaller than the coe¢ cients during the following two half-hour intervals (0.00041

and 0.00040), the coe¢ cient on the past one-day return exhibits a U-shaped intraday

pattern with the largest at the close. This result suggests that short sellers�contrarian

behavior is more pronounced at the open and the close of the trading day, which
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supports our hypothesis H2b. The coe¢ cient decreases from 0.00034 at the open to

0.00025 during 12:30:-1:00 p.m. and increases up to 0.00073 at the close of the day.

We repeat the analysis using returns for di¤erent holding periods to see if the

result is robust. Panel B of Table 2.4 reports �xed-e¤ects estimates of short turnover

on returns for four di¤erent holding periods: [t�1; t�26], [t�1; t�39], [t�1; t�52],

and [t � 1; t � 65]. As shown in Table 2.4 and Figure 2.2, although the magnitudes

of coe¢ cients are lower with longer holding-periods, the U-shaped patterns in the

coe¢ cients are robust across the di¤erent holding periods. These results con�rm that

the positive relation between short selling and past returns is more pronounced at the

open and the close of the trading day. Overall, our results suggest that short selling

is positively associated with past returns across the day, and this contrarian pattern

is concentrated at the beginning and the end of the trading day.
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Table 2.4 Fixed-E¤ects Regressions of Intraday Short Sales on Past Returns

Panel A reports �xed-e¤ects regression estimates of intraday variations in short sales on

holding-period returns for the past 13 half-hour intervals with �rm-�xed and day-�xed

e¤ects. For each half-hour interval, we estimate the �xed-e¤ects regression as follows:

Shorti;t= �0+�1�Ri;t�1;t�13+�i;t

Dependent variable Shorti;t is short turnover of stock i during interval t, and independent

variable Ri;t�1;t�13 is the stock return for the past 13 half-hour intervals. Panel B reports

�xed-e¤ects estimates of intraday short sales on past returns for four di¤erent holding peri-

ods: [t� 1; t� 26], [t� 1; t� 39], [t� 1; t� 52], and [t� 1; t� 65], in which t indicates
a one half-hour interval. T-statistics are reported in parentheses, and �***�, �**�, and �*�

represent signi�cance at 1%, 5%, and 10% level, respectively.

R i,t1,t13 0.034*** 0.041*** 0.040*** 0.034*** 0.028*** 0.030*** 0.025*** 0.026*** 0.027*** 0.030*** 0.031*** 0.038*** 0.073***

tstats (20.87) (32.38) (24.57) (35.67) (24.38) (32.26) (19.88) (35.22) (29.77) (25.98) (24.09) (7.73) (43.39)

 R2*****
0.178 0.18 0.117 0.188 0.174 0.187 0.13 0.195 0.172 0.166 0.172 0.085 0.237

† Coefficient × 100

Panel A. FixedEffects Estimates on Oneday Lagged Returns [t1, t13]†

9:30
10:00 am

10:00
10:30 am

10:30
11:00 am

11:00
11:30 am

11:30 am
12:00 pm

12:00
12:30 pm

12:30
1:00 pm

1:00
1:30 pm

1:30
2:00 pm

2:00
2:30 pm

2:30
3:00 pm

3:00
3:30 pm

3:30
4:00 pm

R i,t1,t26 0.028*** 0.028*** 0.027*** 0.024*** 0.021*** 0.020*** 0.017*** 0.018*** 0.019*** 0.023*** 0.024*** 0.03*** 0.058***

tstats (24.75) (32.13) (23.77) (38.12) (26.16) (31.38) (19.84) (34.78) (29.83) (31.51) (36.20) (43.08) (49.15)

R i,t1,t39 0.022*** 0.022*** 0.021*** 0.019*** 0.017*** 0.016*** 0.014*** 0.014*** 0.015*** 0.018*** 0.02*** 0.026*** 0.049***

tstats (23.94) (32.92) (37.92) (37.33) (26.58) (31.92) (26.84) (34.46) (29.47) (31.25) (36.09) (44.49) (50.25)

R i,t1,t52 0.018*** 0.018*** 0.017*** 0.015*** 0.014*** 0.013*** 0.011*** 0.012*** 0.012*** 0.015*** 0.016*** 0.021*** 0.041***

tstats (22.46) (31.43) (35.90) (34.79) (24.46) (29.25) (24.81) (32.71) (27.50) (29.27) (34.91) (42.79) (48.89)

R i,t1,t65 0.017*** 0.016*** 0.015*** 0.014*** 0.012*** 0.011*** 0.009*** 0.01*** 0.01*** 0.012*** 0.014*** 0.018*** 0.035***

tstats (23.30) (30.15) (34.07) (34.43) (23.00) (27.05) (23.06) (24.80) (25.29) (27.07) (32.78) (39.94) (46.24)

† Coefficient × 100

9:30
10:00 am

10:00
10:30 am

10:30
11:00 am

11:00
11:30 am

11:30 am
12:00 pm

Panel B. FixedEffects Estimates on Returns for Different Holding Periods†

3:00
3:30 pm

3:30
4:00 pm

12:00
12:30 pm

12:30
1:00 pm

1:00
1:30 pm

1:30
2:00 pm

2:00
2:30 pm

2:30
3:00 pm
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Figure 2.2 Fixed-E¤ects Regressions of Intraday Short Sales on Past Returns

This �gure plots �xed-e¤ects estimates of intraday variations in short sales on past holding-

period returns for 13 half-hour intervals. Returns are calculated for �ve di¤erent holding

periods: [t� 1; t� 13], [t� 1; t� 26], [t� 1; t� 39], [t� 1; t� 52], and [t� 1; t� 65],
in which t indicates a one half-hour interval.
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2.5.1.2. Cross-Sectional Di¤erences in Contrarian Short Selling

We further investigate if the contrarian pattern in short sales over the day varies

in the cross-section. As described in Section 2.4.3, short-term overreaction tends

to be concentrated in small-cap stocks and stocks with low institutional ownership.

Therefore, we can expect that the positive association between short selling and past

returns is more pronounced in these stocks. However, when we consider transaction

costs of borrowing shares, the positive relation will be more pronounced in large-

cap stocks and stocks with high institutional ownership. Using the same measures of

market capitalization and institutional ownership as in Section 2.4.3, we form quintile

portfolios based on market capitalization and institutional ownership, and estimate

Equation (2.5) for each quintile portfolio across the intraday intervals.

Panels A and B of Table 2.5 report the �xed-e¤ects estimates on the past one-day

holding-period returns over the 13 half-hour intervals for portfolios sorted on market

capitalization and institutional ownership. The results are mixed between the two

�rm characteristics. While the magnitudes of the coe¢ cients are on average higher in

small-cap stocks, they are higher in stocks with high institutional ownership across

the day except for the �rst half hour. U-shaped patterns in the coe¢ cients on past

returns are in general robust to controlling for market capitalization and institutional

ownership, and they also remain robust to returns for di¤erent holding periods, as

shown in Figure 2.3.

To sum up, a positive association between short selling and past returns is con-

centrated at the open and the close of the day, and this contrarian pattern is robust

to controlling for market capitalization and institutional ownership.
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Table 2.5 Fixed-E¤ects Regressions of Intraday Short Sales on Past Returns and

Firm Characteristics

This table reports �xed-e¤ects regression estimates of intraday variations in short sales

on one-day holding-period returns for portfolios sorted on market capitalization and in-

stitutional ownership. In Panels A and B, we sort stocks into quintiles based on market

capitalization and institutional ownership and then estimate the �xed-e¤ects regression for

each market-cap or institutional ownership quintile portfolio as follows:

Shorti;t= �0+�1�Ri;t�1;t�13+�i;t

Dependent variable Shorti;t is short turnover of stock i during interval t, and independent

variable Ri;t�1;t�13 is the stock return for the last 13 half-hour intervals. T-statistics are

reported in parentheses, and �***�, �**�, and �*�represent signi�cance at 1%, 5%, and 10%

level, respectively.

Small 0.039*** 0.044*** 0.044*** 0.040*** 0.025*** 0.032*** 0.031*** 0.028*** 0.027*** 0.034*** 0.031***
0.028 0.069***

tstats (7.39) (10.62) (6.62) (11.72) (5.33) (8.81) (5.71) (10.91) (7.27) (6.72) (5.41) (1.09) (11.85)

Large 0.029*** 0.035*** 0.031*** 0.029*** 0.024*** 0.021*** 0.018*** 0.020*** 0.022*** 0.024*** 0.026*** 0.031*** 0.057***

tstats (17.58) (29.47) (30.79) (32.98) (32.09) (29.88) (26.89) (28.34) (31.74) (30.79) (29.58) (32.04) (34.90)

Low 0.053*** 0.043*** 0.036*** 0.033*** 0.026*** 0.027*** 0.025*** 0.023*** 0.023*** 0.032*** 0.033*** 0.039*** 0.079***

tstats (17.19) (17.91) (20.09) (16.25) (13.75) (17.05) (15.56) (15.13) (13.51) (16.59) (15.38) (14.90) (18.44)

High 0.034*** 0.058*** 0.051*** 0.049*** 0.043*** 0.049*** 0.032*** 0.038*** 0.040*** 0.044*** 0.042*** 0.064*** 0.112***

tstats (7.26) (16.64) (18.04) (20.16) (19.33) (23.99) (16.38) (20.88) (20.85) (20.35) (17.83) (23.10) (23.87)

† Coefficient × 100

3:30
4:00 pm

Panel A. Market cap †

Panel B. Institutional Ownership †

9:30
10:00 am

10:00
10:30 am

10:30
11:00 am

11:00
11:30 am

11:30 am
12:00 pm

12:00
12:30 pm

12:30
1:00 pm

1:00
1:30 pm

1:30
2:00 pm

2:00
2:30 pm

2:30
3:00 pm

3:00
3:30 pm
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Figure 2.3 Fixed-E¤ects Regressions of Short Sales on Past Returns and Firm

Characteristics

This �gure plots �xed-e¤ects estimates of intraday variations in short sales on past holding-

period returns for portfolios sorted on market capitalization and institutional ownership. In

Panels A and B, we sort stocks into quintiles based on market capitalization and institutional

ownership and then run the �xed-e¤ects regression for each market-cap or institutional own-

ership quintile portfolio across the 13 half-hour intervals. Returns, expressed in percent, are

calculated for �ve di¤erent holding periods: [t� 1; t� 13], [t� 1; t� 26], [t� 1; t� 39],
[t� 1; t� 52], and [t� 1; t� 65], in which t indicates a one half-hour interval.
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2.5.2. Short Selling and Subsequent Returns

2.5.2.1. Intraday Short Sales and Subsequent Returns

We explore the relation between short sales and subsequent returns across the

trading day in this section. If the clustering of short sales during the �rst and last

half hours of the day is driven by informed short selling, short sales during these two

intraday intervals should be more informative than short sales during other intraday

periods. If so, a hedge portfolio that goes long lightly shorted stocks and short heavily

shorted stocks would generate high returns in the �rst and the last half hours of the

day. Since short-sale data do not include information about covering positions, we

do not know when short sellers unwind their short positions in practice. However,

observing subsequent returns for the hedge portfolio may suggest the pro�tability of

the trading strategy based on intraday short sales.

In order to analyze this, we sort stocks into decile portfolios based on short

turnover at each half-hour interval on each day and calculate subsequent returns

for the portfolios during the 13 half-hour intervals. As in Section 2.5.1.1, we use

daily buy-and-hold returns over one day to �ve days after short-sale transactions are

executed, i.e., returns from intraday interval t+2 through t+14, t+27, t+40, t+53

and t + 66.12 We skip a one half-hour interval to remove the bid-ask bounce e¤ect

between two intraday intervals.

Panel A of Table 2.6 reports subsequent returns for a one-day holding period for

the lightly and heavily shorted portfolios during each half-hour interval. For example,

12We also use the averages of intraday returns for each portfolio during the same intraday intervals
as robustness tests. Our results are unchanged.
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the second column reports one-day holding-period returns for the lightly (D1) and

heavily shorted portfolios (D10) during 9:30-10:00 a.m. Consistent with prior studies

and our hypothesis H3a, Panel A con�rms the return predictability of short sales over

the 13 half-hour intervals. The one-day holding-period return for the lightly shorted

portfolio is 0.126% during 9:30-10:00 a.m., while the return for the heavily shorted

portfolio is -0.051% during the same interval. The di¤erence in returns between the

lightly and the heavily shorted portfolios (D1-D10) during the �rst half hour (0.177%)

is signi�cantly positive.

The last row of Panel A shows that the one-day holding-period returns from a trad-

ing strategy of going long the lightly shorted portfolio and short the heavily shorted

portfolio are signi�cantly positive for all intraday intervals. More importantly, the

one-day holding-period return for this long-short portfolio is largest in the �rst half-

hour interval and decreases toward the end of the day, although it slightly increases

during 1:30-2:00 p.m. and 2:00-2:30 p.m. The one-day return for the long-short port-

folio decreases from 0.177% during 9:30-10:00 a.m. to 0.066% during 3:30-4:00 p.m.

Panel A of Figure 2.4 also illustrates that the di¤erence in the one-day holding-period

returns between the lightly and heavily shorted portfolios (D1-D10) is in general pos-

itive across the intraday intervals, and it is remarkably largest during 9:30-10:00 a.m.

To see if our results are limited to returns for a particular holding period, we

extend the holding period to two to �ve trading days and calculate returns for the

long-short portfolio per half-hour interval. In Panel B of Table 2.6, the returns of

the long-short portfolios for di¤erent holding periods are consistently largest during

the �rst half hour of the day. During 9:30-10:00 a.m., the return for the long-short
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portfolio is 0.36% during a two-day holding period (t + 2 � t + 27), and it is largest

among intraday returns for the same holding period. Returns for the long-short

portfolio are larger as the holding period gets longer. In contrast, the holding-period

return during the last half hour is in general smallest among the 13 half-hour intervals.

Panel B of Figure 2.4 con�rms this �nding. Holding-period returns for the long-short

portfolio decrease from the highest value during 9:30-10:00 a.m. to the lowest one

during 3:30-4:00 p.m.

Overall, we �nd a negative association between short selling and subsequent re-

turns across the day, and a trading strategy based on short sales generates the highest

return in the �rst half hour of the day. These results provide an important impli-

cation that short sales in the �rst half hour predict returns better than those for

other intraday intervals. Although the results are not fully consistent with our hy-

pothesis H3b, we can argue that the clustering pattern of short sales at the open is

more informative than short sales during the other intraday intervals. This argument

is somewhat supported by our �nding in Section 2.5.1.1 that a contrarian pattern

is more pronounced in the �rst half hour. Given that prior studies have found evi-

dence on the return predictability using daily short-selling data, our results provide

more detailed insights into intraday trading activities of informed short sellers and

the incorporation of their information into stock prices across the trading day.
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Table 2.6 Returns of Strategies Based on Intraday Short Sales

Panel A reports one-day holding-period returns ([t+ 2; t+ 14]) for portfolios sorted on

short turnover. Each day we sort data into deciles based on short turnover for each half-

hour interval and report holding-period returns for the lightly shorted portfolio (D1), the

heavily shorted portfolio (D10), and a long-short portfolio that goes long the lightly shorted

portfolio and short the heavily shorted portfolio. Panel B reports returns for the long-

short portfolio (D1-D10) for four di¤erent holding periods: [t+ 2; t+ 27], [t+ 2; t+ 40],

[t+ 2; t+ 53], and [t+ 2; t+ 66], in which t indicates a one half-hour interval. The returns

are expressed in percent. T-statistics are reported in parentheses in Panels A and B, and

�***�, �**�, and �*�represent signi�cance at 1%, 5%, and 10% level, respectively.

Rt+2,t+14

D1 0.126*** 0.125*** 0.120*** 0.091*** 0.081*** 0.078*** 0.068*** 0.051*** 0.056*** 0.082*** 0.055*** 0.052*** 0.034**

(7.17)** (7.39)** (7.16)** (5.66)** (5.09)** (4.75)** (4.30)** (3.23)** (3.38)** (5.00)** (3.12)** (2.99)** (2.26)**

D10 0.051*** 0.028* 0.056*** 0.046*** 0.044*** 0.033** 0.033** 0.036** 0.035** 0.047*** 0.034** 0.037** 0.032**

(3.02)** (1.84)** (3.55)** (3.21)** (2.87)** (2.12)** (2.22)** (2.42)** (2.36)** (3.07)** (2.20)** (2.38)** (2.15)**

D1D10 0.177*** 0.152*** 0.177*** 0.137*** 0.124*** 0.112*** 0.101*** 0.087*** 0.091*** 0.129*** 0.089*** 0.088*** 0.066***

(7.29)** (6.74)** (7.65)** (6.35)** (5.65)** (4.90)** (4.67)** (4.01)** (4.09)** (5.75)** (3.80)** (3.82)** (3.11)**

2:00
2:30 pm

2:30
3:00 pm

3:00
3:30 pm

3:30
4:00 pm

11:00
11:30 am

11:30 am
12:00 pm

12:00
12:30 pm

12:30
1:00 pm

9:30
10:00 am

10:00
10:30 am

10:30
11:00 am

1:00
1:30 pm

1:30
2:00 pm

Panel A. Oneday holdingperiod returns [t+2, t+14] for shorted portfolios

Rt+2,t+27 0.360*** 0.344*** 0.355*** 0.295*** 0.237*** 0.222*** 0.239*** 0.101*** 0.154*** 0.218*** 0.198*** 0.167*** 0.103***

(10.71)** (10.55)** (10.92)** (9.37)** (7.43)** (6.85)** (7.39)** (3.17)** (5.04)** (7.02)** (6.20)** (5.32)** (3.98)**

Rt+2,t+40 0.539*** 0.518*** 0.494*** 0.423*** 0.335*** 0.321*** 0.325*** 0.188*** 0.226*** 0.283*** 0.283*** 0.261*** 0.203***

(13.30)** (13.17)** (12.69)** (10.99)** (8.73)** (8.21)** (8.25)** (4.87)** (6.03)** (7.41)** (7.33)** (6.75)** (5.99)**

Rt+2,t+53 0.727*** 0.681*** 0.607*** 0.546*** 0.434*** 0.430*** 0.448*** 0.292*** 0.338*** 0.407*** 0.348*** 0.339*** 0.291***

(15.85)** (15.11)** (13.54)** (12.25)** (9.79)** (9.66)** (9.97)** (6.66)** (7.86)** (9.30)** (7.93)** (7.72)** (7.29)**

Rt+2,t+66 0.902*** 0.831*** 0.734*** 0.659*** 0.538*** 0.529*** 0.558*** 0.396*** 0.438*** 0.520*** 0.464*** 0.420*** 0.363***

(17.70)** (16.60)** (14.68)** (13.27)** (10.81)** (10.73)** (11.24)** (8.10)** (9.13)** (10.65)** (9.51)** (8.69)** (8.05)**

3:30
4:00 pm

Panel B. Returns for different holding periods for longshort portfolios

12:30
1:00 pm

1:00
1:30 pm

1:30
2:00 pm

2:00
2:30 pm

2:30
3:00 pm

3:00
3:30 pm

9:30
10:00 am

10:00
10:30 am

10:30
11:00 am

11:00
11:30 am

11:30 am
12:00 pm

12:00
12:30 pm
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Figure 2.4 Returns for Long-Short Portfolios Based on Short Sales

Panel A plots one-day holding-period returns (rt+2;t+14) of portfolios sorted on short turnover

for each half-hour interval. We sort data into decile portfolios sorted on short turnover for

each intraday interval and report returns across the decile portfolios. Panel B plots cross-

sectional averages of subsequent returns for a hedge portfolio that is long lightly shorted

stocks and short heavily shorted stocks (D1-D10) for the 13 half-hour intervals of the trading

day.
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2.5.2.2. Cross-Sectional Di¤erences in Return Predictability

In this section, we investigate if a negative association between short selling and

subsequent returns is concentrated in short sales of a speci�c trade size or stocks

with certain �rm characteristics. As documented by Kyle (1985), if informed short

sellers break up their trades to hide their information, the highest return for the long-

short portfolio during the �rst half hour will be pronounced in small-sized trades.

However, we cannot exclude the possibility that the positive return at the open is

centered in medium- and large-sized short sales, since Boehmer, Jones, and Zhang

(2008) document that medium- and large-sized short sales are better informed.

In order to examine this, we form quintile portfolios based on short trade size

using the same partitions as in Section 2.4.3, sort on short turnover within each

trade size quintile, and compute holding-period returns for a long-short strategy that

goes long the lightly shorted portfolio and short the heavily shorted portfolio during

intraday intervals. Panel A of Table 2.7 presents one-day holding-period returns for

the long-short portfolio during the 13 half-hour intervals among short sales of di¤erent

sizes. The returns for small-sized short sales are all signi�cantly positive over the 13

half-hour intervals. As shown in the �rst row of Panel A, the holding-period return

for the long-short portfolio in small-sized shorting is largest during the �rst half hour

(0.304%), and decreases to 0.139% during 3:30-4:00 p.m. This return pattern is

consistent with our �nding in Section 2.5.2.1 that a trading strategy based on short

sales generates the highest return in the �rst half hour.

Meanwhile, positive returns for medium-sized short sales are mostly concentrated

in the �rst three half-hour intervals and returns for the rest of the day are in general
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insigni�cant. The return pattern is similar to the pattern in small-sized short sales,

but the returns for the medium-sized short trades are relatively lower than those for

the small-sized short trades across the day. Returns for large-sized short sales are

signi�cantly negative for 7 out of the 13 intraday intervals, and the positive return

at the open (0.059%) is not statistically signi�cant. To see if these results are robust

to holding periods for returns, we calculate returns for the holding periods of two to

�ve trading days and implement the above analysis. As shown in Panel A of Figure

2.5, intraday patterns of the holding-period returns for the long-short portfolios of all

sizes remain robust to the di¤erent holding periods, and the returns are greater for

small-sized short sales over all intraday intervals.

Our results based on short trade size strongly suggest that the highest return for

the long-short portfolio at the open in Panel B of Figure 2.4 is mainly driven by

small-sized short sales. As plotted in Panel A of Figure 2.5, positive returns from the

long-short strategy during the �rst half hour are concentrated in the small-sized short

sales. These results are di¤erent from Boehmer, Jones, and Zhang (2008) and Blau,

Van Ness and Van Ness (2009a), who show that medium- and large-sized short sales

are better informed. Given that the prior �nding is based on daily shorting volume or

monthly short interest data, our results show that using higher frequency data may

lead to di¤erent evidence on short sellers�trading behavior. The high pro�tability

of the hedging strategy in the small-sized short sales is in line with Kyle (1985) and

Foster and Viswanathan (1990), but we cannot rule out the possibility that informed

individual short sellers who use small trade size tend to trade actively at the open of

the trading day.
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We consider whether the positive return for the long-short portfolio in the �rst

half hour also depends on market capitalization and short sale constraints. Given

that short sellers are able to identify and exploit short-term overreaction, the return

pattern we found above will be concentrated in small-cap stocks and stocks with low

institutional ownership. From the perspective of short sale constraints, on the other

hand, the return pattern will be more pronounced in large-cap stocks and stocks with

high institutional ownership, since these stocks are easy to borrow.

We form quintile portfolios based on market capitalization and institutional own-

ership, and observe one-day holding-period returns ([t+ 2; t+ 14]) for the long-short

portfolio during each half-hour interval. Panels B and C of Table 2.7 present one-day

holding-period returns over the 13 half-hour intervals in portfolios sorted on market

capitalization and institutional ownership. As shown in Panel B, we �nd that returns

for the small-cap portfolio are signi�cantly positive over the intraday intervals and

greater than those for the large-cap portfolio in terms of magnitude and signi�cance.

The intraday return for the small-cap portfolio decreases from 0.318% during 9:30-

10:00 a.m. to 0.107% during 3:30-4:00 p.m. Meanwhile, the return for the large-cap

portfolio is signi�cantly high during 9:30-10:00 a.m., but it does not show a decreas-

ing pattern over the 13 half-hour intervals. As presented in Panel B of Figure 2.5,

this result is robust regardless of holding periods of returns. The results suggest

that the highest return for the long-short portfolio during the �rst half hour is more

pronounced in small-cap stocks.

When we calculate one-day holding-period returns for the long-short portfolio

among stocks with low and high institutional ownership (IO), we �nd that the return
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pattern for the long-short portfolio is more pronounced in stocks with low institutional

ownership. As shown in Panel C of Table 2.7, one-day holding-period returns for the

low IO portfolio are on average signi�cantly positive across the intraday intervals and,

consistent with Table 2.6, the intraday return is largest during the �rst half hour.

Meanwhile, the returns for the high IO portfolio are relatively smaller than those for

the low IO portfolio, and they are less signi�cant. This evidence is consistent with

the previous �nding that the short-term overreaction is likely to be concentrated in

stocks with low institutional ownership. Panel C of Figure 2.5 shows that this pattern

remains intact for returns for di¤erent holding periods.

Taken together, subsequent returns for the long-short portfolio based on short

sales are highest at the open of the day, and this result is mainly driven by small-

sized short sales, small-cap stocks, and stocks with low institutional ownership.
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Table 2.7 Cross-Sectional Di¤erences in Returns of Short Sale Strategies

This table reports the averages of one-day holding returns ([t+ 2; t+ 14]) for a long-short

portfolio sorted on short trade size, market capitalization, and institutional ownership.

In Panel A, we partition intraday short-sale data into �ve short trade size portfolios: 0-

200 (small), 201-500, 501-900 (medium), 901-1,300, and greater than 1,300 shares (large).

Then we sort the stocks based on short turnover within each short trade size portfolio and

construct the long-short portfolio that goes long the lightly shorted portfolio and short

the heavily shorted portfolio (D1-D10). In Panels B and C, we sort stocks into quintiles

based on market capitalization and institutional ownership and then sort the stocks on short

turnover within each market-cap or institutional ownership quintile portfolio. The average

returns are expressed in percent. T-statistics are reported in parentheses in Panels A, B,

and C, and �***�, �**�, and �*�represent signi�cance at 1%, 5%, and 10% level, respectively.

Small 0.304*** 0.257*** 0.220*** 0.181*** 0.176*** 0.161*** 0.112*** 0.121*** 0.128*** 0.163*** 0.122*** 0.121*** 0.139***

(12.11)** (10.70)** (9.24)*** (7.73)*** (7.70)*** (7.18)*** (4.84)*** (5.26)*** (5.64)*** (7.39)*** (5.40)*** (5.43)*** (6.23)***

Medium 0.162*** 0.102*** 0.093*** 0.010*** 0.035*** 0.048*** 0.041*** 0.008*** 0.059*** 0.013*** 0.035*** 0.060*** 0.015***

(4.35)*** (3.27)*** (3.09)*** (0.35)*** (1.27)*** (1.80)*** (1.57)*** (0.30)*** (2.24)*** (0.48)*** (1.22)*** (2.14)*** (0.51)***

Large 0.059*** 0.045*** 0.116*** 0.111*** 0.151*** 0.186*** 0.124*** 0.059*** 0.131*** 0.082*** 0.038*** 0.040*** 0.029***

(1.09)*** (0.96)*** (2.74)** (2.78)** (3.89)** (4.61)** (2.97)** (1.53)** (3.38)** (2.09)** (0.89)** (0.89)** (0.66)**

Small 0.318*** 0.359*** 0.329*** 0.304*** 0.275*** 0.196*** 0.123*** 0.226*** 0.210*** 0.243*** 0.210*** 0.174*** 0.107***

(4.58)*** (5.18)*** (4.66)*** (4.89)*** (4.27)*** (3.01)*** (2.01)*** (3.69)*** (3.30)*** (3.80)*** (3.12)*** (2.64)*** (2.09)***

Large 0.114*** 0.095*** 0.127*** 0.097*** 0.074*** 0.087*** 0.031*** 0.028*** 0.061*** 0.024*** 0.059*** 0.097*** 0.077***

(2.18)*** (2.01)*** (2.52)*** (1.89)*** (1.43)*** (1.59)*** (0.58)*** (0.54)*** (1.11)*** (0.44)*** (1.04)*** (1.70)*** (1.39)***

Low 0.230*** 0.160*** 0.163*** 0.079*** 0.113*** 0.117*** 0.107*** 0.098*** 0.107*** 0.182*** 0.084*** 0.130*** 0.042***

(4.21)*** (3.15)*** (3.17)*** (1.62)*** (2.28)*** (2.42)*** (2.05)*** (1.92)*** (2.06)*** (3.10)*** (1.66)*** (2.42)*** (0.85)***

High 0.056*** 0.082*** 0.117*** 0.077*** 0.038*** 0.032*** 0.079*** 0.109*** 0.084*** 0.096*** 0.095*** 0.066*** 0.029***

(1.33)*** (2.05)*** (2.50)*** (1.98)*** (0.88)*** (0.75)*** (1.89)*** (2.26)*** (1.93)*** (2.12)*** (1.92)*** (1.43)*** (0.71)***

3:30
4:00 pm

Panel A. Short trade size

Panel B. Market cap

Panel C. Institutional Ownership

9:30
10:00 am

10:00
10:30 am

10:30
11:00 am

11:00
11:30 am

11:30 am
12:00 pm

12:00
12:30 pm

12:30
1:00 pm

1:00
1:30 pm

1:30
2:00 pm

2:00
2:30 pm

2:30
3:00 pm

3:00
3:30 pm



96

9:3010:00 12:3013:00 15:3016:00

0.6

0.4

0.2

0

0.2

0.4

0.6

0.8

1

1.2

1.4
Rett+2,t+14
Rett+2,t+27
Rett+2,t+40
Rett+2,t+53
Rett+2,t+66

9:3010:00 12:3013:00 15:3016:00

0.6

0.4

0.2

0

0.2

0.4

0.6

0.8

1

1.2

1.4
Rett+2,t+14

Rett+2,t+27

Rett+2,t+40
Rett+2,t+53

Rett+2,t+66

9:3010:00 12:3013:00 15:3016:00

0.6

0.4

0.2

0

0.2

0.4

0.6

0.8

1

1.2

1.4
Rett+2,t+14

Rett+2,t+27

Rett+2,t+40
Rett+2,t+53

Rett+2,t+66

Small Medium Large

Panel A. Short Trade Size

9:3010:00 12:3013:00 15:3016:00
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8
Rett+2,t+14

Rett+2,t+27

Rett+2,t+40
Rett+2,t+53

Rett+2,t+66

9:3010:00 12:3013:00 15:3016:00
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8
Rett+2,t+14

Rett+2,t+27

Rett+2,t+40
Rett+2,t+53

Rett+2,t+66

Small Large

Panel B. Market Capitalization

9:3010:00 12:3013:00 15:3016:00
0

0.2

0.4

0.6

0.8

1

Rett+2,t+14

Rett+2,t+27

Rett+2,t+40
Rett+2,t+53

Rett+2,t+66

9:3010:00 12:3013:00 15:3016:00
0

0.2

0.4

0.6

0.8

1

Rett+2,t+14

Rett+2,t+27

Rett+2,t+40
Rett+2,t+53

Rett+2,t+66

Low High

Panel C. Institutional Ownership

Figure 2.5 Returns for Long-Short Portfolios Based on Short Sales and Firm

Characteristics

This �gure plots cross-sectional averages of returns for a hedge portfolio over 13 half-hour

intervals in di¤erent levels of short trade size, market capitalization, and institutional own-

ership. In Panel A, we partition intraday short-sale data into �ve short trade size portfolios:

0-200 (small), 201-500, 501-900 (medium), 901-1,300, and greater than 1,300 shares (large).

Then we sort the stocks based on short turnover within each short trade size portfolio and
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construct the hedge portfolio that goes long the lightly shorted portfolio and short the

heavily shorted portfolio (D1-D10). In Panels B and C, we sort stocks into quintile portfo-

lios based on market capitalization and institutional ownership and then sort the stocks on

short turnover within each market-cap or institutional ownership quintile portfolio for each

interval. Returns, expressed in percent, are calculated during �ve di¤erent holding periods:

[t+ 2; t+ 14], [t+ 2; t+ 27], [t+ 2; t+ 40], [t+ 2; t+ 53], and [t+ 2; t+ 66], in which

t indicates a one half-hour interval.
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2.6. Intraday Patterns in E¤ective Spreads and Volatility

2.6.1. E¤ective Spreads

In the previous sections, we have found evidence on the concentrated pattern of short

sales and its association with past and subsequent returns across the trading day. The

results suggest that short sales are more informative at the market open than any

other intraday intervals. If this is the case, the concentration of informed short sales

can be con�rmed by intraday patterns in e¤ective spreads which represent information

asymmetry.

Madhavan, Richardson, and Roomans (1997) show that an intraday pattern in

bid-ask spread is determined by the relative magnitudes of asymmetric information

and transaction costs. They �nd that asymmetric information decreases over the day,

but it is o¤set by increases in trading costs. If a clustering intraday pattern in short

sales is attributed to informed short selling, information asymmetry will be large at

the open and the close of the trading day, leading to a U-shaped pattern in e¤ective

spreads over the trading day.

In order to examine intraday patterns in e¤ective spreads, we calculate equal-

weighted averages of relative e¤ective spreads and relative spreads for each half-hour

interval. The relative e¤ective spread is calculated as twice the absolute value of the

di¤erence between the execution price and the bid-ask midpoint scaled by the bid-ask

midpoint, and the relative spread is calculated as the bid-ask spread scaled by the

midpoint of the spread. We standardize these measures and estimate Equation (2.1)

using the GMM procedure.



99

Panel A of Table 2.8 presents the GMM estimates of intraday variations in e¤ective

spreads based on the two spread measures above. The coe¢ cient on the time dummy

variable exhibits a reverse J-shaped intraday pattern with its highest level at the open.

For example, the coe¢ cient for the standardized relative e¤ective spread decreases

from 0.378 in the �rst half hour to 0.001 during 1:00-1:30 p.m. and rises to 0.026

and 0.008 during 3:00-3:30 p.m. and 3:30-4:00 p.m., respectively. This result is

somewhat consistent with our hypothesis H4a of a U-shaped pattern in e¤ective

spreads.13 Moreover, although the pattern is not exactly U-shaped, relatively high

levels of e¤ective spreads at the open and the close are consistent with prior studies

that found a U-shaped intraday pattern in bid-ask spreads (McInish andWood (1992),

Foster and Viswanathan (1993), and Chan, Chung, and Johnson (1995)).

High levels of e¤ective spreads in the �rst half hour suggest high levels of informa-

tion asymmetry at the market open, which is consistent with Foster and Viswanathan

(1990) and Holden and Subrahmanyam (1992). This result thus supports that high

levels of short sales in the �rst half hour are driven by informed short selling, because

informed short sellers tend to have a greater information advantage at the market

open due to the accumulation of overnight information.

To examine if high levels of short sales can be found in stocks with high relative

e¤ective spreads, we sort data into quintiles based on relative e¤ective spread for

each half-hour interval and repeat the GMM estimation with standardized shorting

volume for each quintile portfolio. Panel B of Table 2.8 reports the GMM estimates of

intraday variations in shorting volume for stocks with low and high levels of relative

13The reverse J-shaped pattern is robust when we use bid-ask spread as a spread measure.
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e¤ective spreads in the �rst and last three half-hour intervals. The results show that

a U-shaped intraday pattern in short sales remains robust to controlling for levels of

e¤ective spreads.

Overall, the results show that levels of information asymmetry are relatively high

at the open and the close of the day. In particular, excessively high levels of e¤ective

spreads at the market open provide evidence supporting the concentration of informed

short sales at the beginning of the day.
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Table 2.8 Intraday Variations in E¤ective Spreads

Panel A reports GMM estimates of intraday variations in e¤ective spreads over the sample.

We calculate relative e¤ective spread and relative spread as spread measures. The relative

e¤ective spread is calculated as twice the absolute value of the di¤erence between the exe-

cution price and the bid-ask midpoint scaled by the bid-ask midpoint. The relative spread

is calculated as the bid-ask spread scaled by the midpoint of the spread. For each spread

measure, we estimate the following equation using GMM:

Vi;t= �0+
12X
�=1

���D�+�i;t

Dependent variable Vi;t is the standardized relative e¤ective spread or relative spread of

stock i during interval t, and the independent variables are dummy variables for 12 half-hour

intervals except for interval 12:30-1:00 p.m. In Panel B, we sort data into quintiles based on

the relative e¤ective spread and estimate the above equation with the dependent variable

of standardized shorting volume using GMM. T-statistics in parentheses are adjusted for

serial correlation using the Newey-West method with �ve lags. �***�, �**�, and �*�represent

signi�cance at 1%, 5%, and 10% level, respectively.

           Relative              Relative
 effective spread            spread

9:3010:00 am 0.378***
(193.90) 0.580***

(269.35)
10:0010:30 am 0.096***

(63.33) 0.102***
(69.91)

10:3011:00 am 0.048***
(32.86) 0.050***

(35.71)
11:0011:30 am 0.026***

(18.07) 0.027***
(19.70)

11:30 am12:00 pm 0.016***
(11.06) 0.017***

(12.13)
12:0012:30 pm 0.009***

(6.49) 0.009***
(6.99)

1:001:30 pm 0.001***
(0.78) 0.001***

(0.62)
1:302:00 pm 0.006***

(4.23) 0.005***
(3.79)

2:002:30 pm 0.022***
(15.34) 0.021***

(15.10)
2:303:00 pm 0.021***

(14.69) 0.019***
(13.77)

3:003:30 pm 0.026***
(18.13) 0.023***

(16.44)
3:304:00 pm 0.008***

(5.44) 0.003***
(2.50)

Panel A. Intraday Variations in Effective Spreads

            tstats            tstats
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Table 2.8 (Continued)

              Low            tstats              High            tstats

9:3010:00 am 0.469***
129.66 0.619***

170.03
10:0010:30 am 0.365***

113.48 0.382***
118.81

10:3011:00 am 0.249***
85.26 0.276***

92.72
2:303:00 pm 0.185***

70.08 0.170***
64.35

3:003:30 pm 0.301***
105.64 0.299***

103.6
3:304:00 pm 0.878***

223.29 0.818***
211.49

Panel B. Intraday Variations in Shorting volume for Effective Spread Portfolios
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2.6.2. Volatility

In this section, we examine if the intraday pattern in short sales is associated with

levels of volatility. Many prior studies have found a U-shaped pattern in return

volatility (Wood, McInish, and Ord (1985), Harris (1986), Brock and Kleidon (1992),

Foster and Viswanathan (1993), and Andersen and Bollerslev (1997)), and some of

them have attempted to explain trading activities of informed and liquidity traders

with an intraday pattern in volatility.

Admati and P�eiderer (1988) argue that trading costs are low and prices are more

volatile when trading volume is high. They explain that since more informed traders

tend to trade during periods of high liquidity trading, stock prices quoted at the end of

the trading day will re�ect more information that will be released after trading hours.

Although they only explain high levels of informed trading at the end of the day, the

clustering of informed trading at the open can be also explained in the same way under

the assumption that informed traders�information is long-lived. If informed traders

trade actively during high liquidity periods and their information advantage does

not depend on the release of information, as documented by Brunnermeier (2005),

then stock prices at the open will also re�ect more information about news that was

announced overnight. These arguments are consistent with Back and Pedersen (1998),

who document that volatility follows the same pattern as liquidity trading when

private information is long-lived. In addition, they are to some extent supported by

French and Roll (1986), who document that the variance of returns over non-trading

periods is lower than the variance of returns over trading periods.
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Motivated by these prior studies, we �rst examine intraday patterns in volatil-

ity. The volatility is computed as squared returns and absolute returns for intraday

intervals across all stocks. We standardize these volatility measures and estimate

Equation (2.1) using the GMM procedure.

Panel A of Table 2.9 reports the GMM estimates of intraday variations in volatility.

The table reveals a reverse J-shaped pattern in volatility across the trading day with

its high levels in the �rst half hour. This result is the same as the intraday pattern in

e¤ective spreads shown above. The results show remarkably high levels of volatility at

the open and subsequent declines during the following half-hour interval. In Panel A,

coe¢ cients for the standardized squared return and the absolute return are 1.409 and

1.380 at the open, respectively, and decline sharply to 0.494 and 0.582 during 10:00-

10:30 a.m. However, volatility tends to increase near the close, although the increase

is relatively small compared to the level of volatility at the open. The coe¢ cient for

the standardized squared return, for example, decreases from 1.409 at the open to

-0.001 during 1:00-1:30 p.m. and rises to 0.062 at the close. The coe¢ cient for the

absolute return also exhibits the same pattern across the trading day. This pattern

is consistent with prior studies such as Wood, McInish, and Ord (1985) and Harris

(1986). These high levels of volatility at the open and the close may be associated

with trading based on overnight accumulation of public information, as documented

by Admati and P�eiderer (1988) and Chan, Fong, Kho, and Stulz (1996). Relatively

high levels of volatility at the open con�rm that high levels of short sales in the �rst

half hour are attributed to informed short sales.
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We further investigate if high levels of short sales at the open and the close are

pronounced in the more volatile stocks. To examine this, we sort data into quintiles

based on squared returns and estimate Equation (2.1) using GMM for each quintile

portfolio. Panel B of Table 2.9 reports the GMM estimates of intraday variations

in shorting volume for the least and the most volatile portfolios. It shows that the

U-shaped pattern in short sales remains intact regardless of the level of volatility.

Overall, the results are somewhat consistent with our hypothesis H4b that there is

a U-shaped intraday pattern in volatility. This clustering pattern in volatility suggests

more informative prices at the open and the close of the day. Remarkably high levels

of volatility at the open provide evidence that the clustering pattern of short sales in

the �rst half hour re�ects trading activity of informed short sellers.
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Table 2.9 Intraday Variations in Volatility

Panel A reports GMM estimates of intraday variations in volatility over the sample. We

calculate squared intraday returns and absolute value of returns as volatility measures. For

each volatility measure, we estimate the following equation using GMM:

Vi;t= �0+
12X
�=1

���D�+�i;t

Dependent variable Vi;t is the squared stock return or the absolute return of stock i during

interval t, and the independent variables are dummy variables for 12 half-hour intervals ex-

cept for interval 12:30-1:00 p.m. In Panel B, we sort data into quintiles based on the squared

stock return and estimate the above equation with the dependent variable of standardized

shorting volume using GMM. T-statistics in parentheses are adjusted for serial correlation

using the Newey-West method with �ve lags. �***�, �**�, and �*�represent signi�cance at

1%, 5%, and 10% level, respectively.

9:3010:00 am 1.409***
(629.21) 1.380***

(734.43)
10:0010:30 am 0.494***

(321.50) 0.582***
(381.85)

10:3011:00 am 0.282***
(215.32) 0.357***

(257.08)
11:0011:30 am 0.165***

(141.67) 0.222***
(171.55)

11:30 am12:00 pm 0.099***
(91.90) 0.137***

(110.93)
12:0012:30 pm 0.053***

(52.16) 0.073***
(61.68)

1:001:30 pm 0.001***
(1.27) 0.003***

(2.76)
1:302:00 pm 0.010***

(10.56) 0.019***
(16.64)

2:002:30 pm 0.051***
(50.11) 0.077***

(64.57)
2:303:00 pm 0.029***

(29.37) 0.047***
(40.23)

3:003:30 pm 0.037***
(37.45) 0.064***

(53.87)
3:304:00 pm 0.062***

(60.90) 0.108***
(89.41)

Panel A. Intraday Variations in Volatility
    Squared
     returns           tstats

     Absolute
       returns            tstats
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Table 2.9 (Continued)

       Low             tstats        High             tstats

9:3010:00 am 0.380***
(109.42) 0.658***

(176.88)
10:0010:30 am 0.335***

(101.62) 0.327***
(103.48)

10:3011:00 am 0.225***
(75.54) 0.258***

(87.05)
2:303:00 pm 0.179***

(64.76) 0.138***
(51.59)

3:003:30 pm 0.296***
(98.58) 0.259***

(88.09)
3:304:00 pm 0.832***

(202.50) 0.725***
(191.05)

Panel B. Intraday Variations in Shorting volume for Volatility Portfolios
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2.7. Conclusions

We examine intraday patterns in short sales and trading activity of short sellers

across the trading day. We �nd a U-shaped intraday pattern in short sales, and

this pattern is robust to controlling for short trade size, market capitalization, and

institutional ownership.

We also investigate the association between intraday short selling and returns.

We �nd high levels of short sales following positive returns over all intraday intervals,

which con�rms short sellers� contrarian behavior. This contrarian pattern is more

pronounced in the �rst and last half hours of the day, and it is robust to controlling

for market capitalization and institutional ownership.

We then examine if there is a negative association between short selling and sub-

sequent returns across the day. We �nd that high levels of short selling are followed

by negative returns across all intraday intervals. More importantly, a trading strat-

egy of going long lightly shorted stocks and short heavily shorted stocks generates

the highest return in the �rst half hour, and the return for the long-short portfolio

decreases toward the end of the day. This return pattern remains robust regardless

of di¤erent holding periods of returns, and it is mainly driven by small-sized short

sales, small-cap stocks, and stocks with low institutional ownership.

Our results on intraday short sales and returns suggest that the clustering of

short sales at the beginning of the day is attributed to informed short selling. High

levels of information asymmetry and informativeness of prices at the open, which are

represented by e¤ective spreads and return volatility, also support this �nding.
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Overall, the results suggest the concentration of informed short selling at the be-

ginning of the day. The accumulation of overnight information may lead to high

levels of short sales at the market open. Considering information arrival during trad-

ing hours, our �ndings suggest that informed short sellers tend to trade strategically

in the �rst half hour of the trading day. Meanwhile, despite high levels of volume

and pronounced contrarian patterns, short sales at the close do not exhibit high re-

turn predictability compared to those for other intraday intervals. This result may

be attributed to trading policies aimed at hedging the risk of their long positions

for non-trading hours, which suggests avenues for further research on intraday short

selling.
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