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ABSTRACT 

This study uses a unique database to paint a rich picture of the role of retail short 

selling in stock pricing. We find that retail short selling negatively predicts firm-

specific stock returns at monthly horizons, even after controlling for known 

predictors of returns. Return predictability is strongest in small stocks and those 

with low analyst and media coverage; but it is not confined to stocks with short-

sale constraints. Retail shorting also robustly predicts market reactions to news and 

the linguistic tone of news stories. Moreover, it conveys information beyond that 

from other retail trades, short selling by institutional investors, and trading by 

corporate insiders. These and other results suggest retail short selling informs 

market prices, but they are inconsistent with alternative theories in which retail 

short selling is a proxy for investor sentiment or attention. 
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Informative stock prices promote efficient capital allocation. Theory tells us that 

informative prices require informed traders, but the identities of these traders and sources of their 

information are empirical matters. Conventional wisdom holds that institutional investors are 

informed, while retail investors are uninformed. Yet large groups of professional investors, 

notably mutual fund managers, do not outperform the market or index fund benchmarks (e.g., 

Fama and French (2010)). Recent evidence also calls into question the generalization that retail 

investors are uninformed (e.g., Kaniel, Saar, and Titman (2007) and Kelley and Tetlock (2013)). 

Although there is mixed evidence on institutional and retail investors as a whole, 

mounting evidence suggests that subsets of these groups are informed. Several studies link 

informed trading with select mutual fund managers (e.g., Cohen, Coval, and Pastor (2005) and 

Kosowski et al. (2006)), and investors, predominantly institutions, that short sell stocks (Desai, 

Ramesh, Thiagarajan, and Balachandran (2002), Asquith, Pathak, and Ritter (2005), Cohen, 

Diether, and Malloy (2007), Boehmer, Jones, and Zhang (2008), and Diether, Lee, and Werner 

(2009)). Some studies identify subsets of retail investors, such as corporate insiders conducting 

nonroutine transactions (Cohen, Malloy, and Pomorski (2010)) and contributors to the 

SeekingAlpha blog (Chen et al. (2014)), who appear to be informed as well. However, because 

these retail investors could be atypical in accessing, processing, and trading on information, the 

extent to which broad groups of retail investors are informed remains an open question. 

In this paper, we study seven million orders to short sell stocks placed by retail investors. 

Because the act of short selling requires some knowledge of investing, retail investors who short 

sell stocks could be better informed than other retail investors. If so, retail short sales will predict 

negative returns, just as informed sales do in the Kyle (1985) model. On the other hand, retail 

short sellers could be overconfident day traders, as suggested by Barber and Odean’s (2000) 

finding that retail investors’ trading frequency is inversely related to their performance. In this 

case, if retail short sellers are prototypical sentiment-based noise traders in the sense of DeLong 

(1990a), retail shorting could be associated with underpricing and predict positive returns. 

We test these and other competing theories using novel evidence from a large database of 

retail short sales.1 Our main result is that retail short selling robustly predicts negative returns in 

a wide range of stocks—all except the top NYSE size quintile—with annualized magnitudes of 

                                                           
1 Beyond testing the above informed trader and investor sentiment theories, we consider the hypotheses that retail 

short selling is a proxy for either investor attention or liquidity provision, which could explain return predictability. 
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5% to 10%. Further evidence that retail shorting predicts negative returns in nearly all 

subsamples and at all horizons contradicts the sentiment hypothesis. In contrast, the evidence is 

consistent with the hypothesis that retail short sellers are well-informed about stocks’ 

fundamental values. Also consistent with this theory, predictability from retail shorting is weaker 

in stocks in which prices already incorporate abundant information, such as large stocks and 

those with high analyst and media coverage. 

We present further evidence of the nature of retail short sellers’ information. Return 

predictability from retail shorting remains strong after controlling for other measures of order 

imbalance, including net buying and (long) selling by retail investors and short selling and short 

interest from institutional investors. Predictability also remains strong after controlling for stock 

characteristics known to predict returns. These results suggest retail short sellers possess unique 

information, beyond that conveyed by other orders and publicly available stock characteristics. 

In addition, we find that retail short sales of all dollar amounts predict returns, suggesting 

information is not confined to a small subset of short sellers. 

To examine what type of information retail short sellers might possess, we analyze retail 

shorting prior to firm-specific news stories of various categories, including those relating to 

earnings, revenues, analysts, and mergers. We find that retail shorting predicts market reactions 

to firm-specific news stories, particularly analyst and merger news, and that predictability of 

news-day returns is an order of magnitude larger than predictability of nonnews-day returns. This 

evidence suggests short sellers act on genuine firm-specific information, not just technical 

analysis. Furthermore, we show that retail shorting predicts the linguistic tone of news stories, 

including stories relating to firm earnings. These findings indicate that retail short sellers can 

forecast a wide variety of value-relevant firm-specific events. In contrast, net retail buying 

exhibits weaker ability to predict news tone and market reactions to news. Interestingly, net retail 

buying does not forecast the tone of analyst news, whereas it does predict the tone of revenue 

news, suggesting retail shorts possess distinct information from retail traders with long positions. 

Our primary finding of negative return predictability from retail short selling contributes 

to the literatures on short selling and retail trading. Two previous studies examine retail short 

selling. First, Boehmer, Jones, and Zhang (2008) use NYSE order data from 2000 to 2004 on 

short sales by account type (e.g., retail or program). In their sample, retail shorting is just 1% to 

2% of all short sales, consistent with the predominance of institutions in overall NYSE order 
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flow. Because brokers route most of their retail orders away from the NYSE, retail shorting at 

the exchange is at best a noisy reflection of all retail shorting. Thus, these authors offer no strong 

interpretation of their lack of evidence that retail shorting predicts returns. Our sample draws 

from a broad range of retail brokers and includes a large fraction of many brokers’ orders, 

thereby mitigating these concerns. Second, Gamble and Xu (2013) identify retail short sales in 

the Barber and Odean (2000) database and find no predictability from overall retail shorting. 

Their data come from a single broker from 1991 to 1996 and contain 200 times fewer retail short 

sales than our data. Our large and broad sample enables us to identify novel patterns in return 

predictability from retail shorting and test competing theories. 

Our empirical results build on those in Kelley and Tetlock (2013), the only other study to 

analyze our retail trading data. Kelley and Tetlock (2013) find that daily retail buy-minus-sell 

imbalance positively predicts returns, a result driven primarily by variation in buy orders. We 

show that weaker overall predictability from retail sell orders masks robust negative 

predictability from retail short sales. Furthermore, short sales are stronger negative predictors of 

returns in stocks with heavy retail buying activity. Our findings illustrate the importance of 

jointly studying buys, sales, and short sales in empirical work and suggest skill varies widely 

among retail investors. Retail investor heterogeneity could help explain mixed results in prior 

studies. Whereas Kaniel, Saar, and Titman (2008), Dorn, Huberman, and Sengmueller (2008), 

and Kelley and Tetlock (2013) show that net retail buying positively predicts returns, Barber and 

Odean (2000) and Barber, Odean, and Zhu (2009) document opposing results. 

The structure of the paper is as follows. Section I describes the data on retail orders. 

Section II presents the main tests of whether retail short selling predicts returns in various 

subsamples, which helps us distinguish between the information and sentiment theories. Section 

III presents additional evidence on the information content of retail short sales, including 

whether retail short sales predict returns and news events beyond known predictors. Section IV 

investigates alternative interpretations of the evidence. Section V concludes. 

 

I. Data 

In our empirical analysis, we initially analyze all common stocks listed on the NYSE, 

AMEX, or NASDAQ exchanges from February 26, 2003 to December 31, 2007. To minimize 
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market microstructure biases associated with highly illiquid stocks, we exclude stocks with 

closing prices less than one dollar in the prior quarter. We also require nonzero retail shorting in 

the prior quarter to eliminate stocks that retail investors are unable to short. Because of this retail 

shorting filter, the final sample spans June 4, 2003 through December 31, 2007. The sample 

contains an average of 3,376 stocks per day. 

 Our data on retail short selling is based on the proprietary sample of Kelley and Tetlock 

(2013), which covers an estimated one-third of self-directed retail order flow from February 26, 

2003 through December 31, 2007. This dataset includes over 225 million orders, amounting to 

$2.60 trillion, in U.S. stocks executed by two related over-the-counter market centers. One 

market center primarily deals in NYSE and Amex securities, while the other primarily deals in 

NASDAQ securities. Orders originate from retail clients of dozens of different brokers. SEC 

Rule 11Ac1-6 (now Rule 606 under Regulation National Market Systems) reports reveal that 

most large retail brokers, including four of the top five online brokerages in 2005, route 

significant order flow to these market centers during our sample period. 

 The order data include codes identifying retail orders and differentiating short sales from 

long sales. The sample includes nearly seven million executed retail short sale orders, 

representing $144 billion in dollar volume.2 Short sales account for 5.54% (9.66%) of the dollar 

volume of all executed orders (executed sell orders). The average trade size for short sales is 

$20,870, which is larger than the average size of all trades in the sample ($11,566) as well as 

average trade sizes in the retail trading samples of Barber and Odean (2000), Barber and Odean 

(2008), and Kaniel, Saar, and Titman (2008). Analyzing the Barber and Odean (2000) discount 

broker data from 1991 to 1996, Gamble and Xu (2013) report that 13% of all investors—and 

24% of those with margin accounts—conduct short sales. They also document that short sellers 

trade four times as often as long-only investors, and short sellers’ stock holdings are more than 

twice as large. These differences underscore the importance of studying short sellers separately. 

 Throughout the paper, we aggregate retail short-selling activity across five-day windows 

and use weekly variables as the basis for our analysis. Our main variable is RtlShort, defined as 

shares shorted by retail investors scaled by total CRSP share volume. We primarily analyze 

                                                           
2 Of these executed orders, $103 billion are marketable orders and $41 billion are nonmarketable limit orders at the 

time of order placement. The data also contain over four million orders that do not execute. In our analysis, we 

aggregate all executed short sale orders across order types. Separate analyses of executed marketable orders, 

executed nonmarketable orders, and all nonmarketable orders yield quantitatively similar results. 



5 

shorting scaled by total share volume, following Boehmer, Jones, and Zhang (2008), but we also 

consider scaling by retail share volume (RtlShortFrac) as in Kelley and Tetlock (2013) and by 

shares outstanding (RtlShortShrout). We measure other aspects of retail trading using the 

variables RtlTrade, which is retail trading scaled by total volume, and RtlImb, which is shares 

bought minus long positions sold scaled by volume. Table I provides definitions for all variables 

used in this study. 

[Insert Table I here.] 

Table II, Panel A provides statistics for the daily cross-sectional distribution, averaged 

across all days in the sample. The row for RtlShort shows that retail shorting is a small 

percentage (0.12%, on average) of overall trading. This result arises for three reasons: 1) shorts 

are a small fraction of retail trades; 2) retail trading is a fairly small, though nontrivial portion, of 

all trading; and 3) our sample does not include all retail trading. In a typical week, roughly half 

of the stocks in the final sample have retail shorting activity, while the other half do not. 

[Insert Table II here.] 

 Table II, Panel B reports average daily cross-sectional correlations among our main 

variables. When computing these correlations and estimating the regressions later in the paper, 

we apply log transformations to variables with high skewness to minimize the influence of 

outliers.3 Notably, the three retail shorting variables have average pairwise correlations 

exceeding 0.8. Interestingly, retail shorting is positively related to Turnover and ShortInt. 

Finally, retail short sellers tend to act as contrarians; the correlations with contemporaneous, 

prior month, and prior eleven-month returns (Ret[-4,0], Ret[-25,-5], and Ret[-251,-26], 

respectively) are positive, and the correlation with book-to-market (BM) is negative. 

 

II. Tests of the Information and Sentiment Hypotheses 

We first analyze whether retail short selling predicts stock returns. According to the 

information hypothesis, retail short sellers trade on genuine information about stocks’ 

fundamental values that is not fully incorporated in stock market prices. This hypothesis predicts 

retail shorting is negatively related to future returns. In contrast, the sentiment hypothesis states 

that retail shorts act on pessimistic investor sentiment, which causes underpricing. This 

                                                           
3 To transform a variable that sometimes equals zero, we add a constant c to the variable before taking the natural 

log. Each day we set c to be the 10th percentile of the raw variable conditional on the raw variable exceeding zero. 
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hypothesis predicts shorting activity is positively related to future returns. If sentiment-driven 

underpricing is short-lived, this positive relationship should arise soon after shorting activity. 

However, if sentiment is persistent, retail shorting could be followed initially by negative returns 

prior to an eventual reversion to fundamentals. Thus, we analyze return predictability over both 

short (one week to one month) and long (up to one year) horizons in our main tests. We also 

provide direct evidence on the persistence of retail shorting and the persistence of returns around 

the occurrence of retail shorting. 

Our primary analysis features calendar-time portfolios whose returns represent the 

performance of stocks with different degrees of retail shorting. We supplement these tests with 

cross-sectional return regressions in the spirit of Fama and MacBeth (1973) in Section III.B. 

Although regressions impose the assumption of linear predictive relationships, they allow us to 

control simultaneously for numerous predictors of stock returns. 

 

A. Portfolio Methodology 

We construct portfolios based on retail short selling as follows. Within a given 

subsample, we sort stocks into five “quintiles” at the end of each day based on weekly RtlShort. 

Quintile 1 actually comprises stocks with zero retail shorting, which represents roughly half of 

the stocks in the sample. We assign equal numbers of stocks with positive retail shorting to 

quintiles 2 through 5, with quintile 2 containing stocks with the lowest positive shorting and 

quintile 5 containing stocks with the most shorting. We evaluate the returns to these portfolios in 

calendar time over various horizons after portfolio formation. 

The daily calendar time return of each quintile portfolio is a weighted average of 

individual stocks’ returns, where day t weights are based on stocks’ gross returns on day t – 1. 

Asparouhova, Bessembinder, and Kalcheva (2010) show that the expected return of this gross-

return weighted (GRW) portfolio is the same as that of an equal-weighted portfolio, except that it 

corrects for the bid-ask bounce bias described by Blume and Stambaugh (1983). 

To measure the returns of quintile portfolios over horizons beyond one day, we use the 

Jegadeesh and Titman (1993) procedure that combines portfolios formed on adjacent days. 

Specifically, the return on calendar day t of quintile portfolio q  {1, 2, 3, 4, 5} during horizon 

[x,y] days after portfolio formation is the equal-weighted average of the returns on day t of the 

quintile q portfolios formed on days t – x through t – y. We compute the excess return on a long-
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short spread portfolio as the return of the top minus the return of the bottom quintile portfolio. 

Each quintile portfolio’s excess return is its daily return minus the risk-free rate at the end of the 

prior day. Each portfolio’s alpha is the intercept from a time-series regression of its daily excess 

returns on the three Fama-French (1993) daily return factors, which are based on the market, 

firm size, and book-to-market ratio. 

 

B. Return Predictability from Retail Shorting 

Panel A of Table III reports the average daily GRW returns of five portfolios sorted by 

retail shorting scaled by volume (RtlShort) at horizons up to one quarter after portfolio 

formation. The spread portfolio return in the bottom row represents the return of heavily shorted 

stocks minus the return of stocks with no shorting. The left side of Panel A shows portfolios’ 

three-factor alphas, while the right side shows portfolios’ excess returns. Panel B displays the 

three-factor loadings of the five retail shorting portfolios and the spread portfolio, along with the 

average number of firms in these portfolios at the time of portfolio formation. 

[Insert Table III here.] 

The main result in Table III is that retail shorting predicts negative returns at horizons 

ranging from daily to annual. The three-factor alpha on the spread portfolio indicates that risk-

adjusted predictability is significantly negative in the each of the first three months (days [2,20], 

[21,40], and [41,60]) after portfolio formation. Daily (annualized) alphas of the spread portfolios 

are -0.036%, -0.031%, -0.019% (-9.1%, -7.9%, -4.7%) in the first, second, and third months, 

respectively. The annualized alphas in days [2,20] decline monotonically from 2.9% to -6.2% 

from the bottom to the top retail shorting quintile. Thus, both the high-shorting and no-shorting 

groups contribute to the spread portfolio alpha, but most of the alpha comes from the low returns 

of stocks with high levels of retail shorting. This result ostensibly differs from Boehmer, Jones, 

and Zhang’s (2008) and Boehmer, Huszar, and Jordan’s (2010) findings of relatively stronger 

return predictability in stocks with light shorting. In our data, the strongest predictability occurs 

on day 1, when the annualized spread alpha is an impressive -16.9% = 252 * (-0.067%). 

However, because microstructure biases could affect day-one returns, we exclude this day in our 

main tests, resulting in conservative estimates of predictability. 

Properly adjusting for risk is important when analyzing the performance of the retail 

shorting portfolios. Panel B shows that market risk increases significantly across the retail 
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shorting portfolios; highly shorted stocks have market betas of 1.068 as compared to betas of 

0.794 for stocks with no shorting, a substantial difference of 0.274. Size factor loadings also 

increase significantly with retail shorting, with highly shorted stocks having 0.335 higher 

exposures to the small stock factor than stocks without shorting. Because retail short sellers tend 

to short high beta stocks, the positive realized return of the market factor during our sample 

period decreases the raw difference in performance between extreme shorting portfolios. The 

right side of Panel A shows that the raw excess returns of retail shorting portfolios are less 

striking than the alphas, though they are still economically meaningful. The annualized day-

[2,20] predictability in excess returns is 252 * -0.023% = -5.9%, as compared to the 

corresponding alpha of -9.1%. Regardless of the risk adjustment, the results in Table III are 

consistent with the information hypothesis in which retail short sellers predict negative returns. 

However, the results are inconsistent with the theory that retail shorting is a proxy for 

temporarily pessimistic sentiment, which should predict positive risk-adjusted returns. The 

evidence is also inconsistent with the more subtle hypothesis in which retail shorting is a proxy 

for persistent sentiment that has a long-lived impact on prices but eventually reverses. Table III 

shows that the negative returns of the spread portfolio persist beyond three months to days 

[61,252] in which the annualized alpha is -5.5%. A one-year horizon is long relative to the 

horizons of short sellers: Boehmer, Jones, and Zhang (2008) estimate the typical short seller’s 

horizon to be 37 trading days, and Gamble and Xu (2013) report similar estimates of retail short 

sellers’ horizons. Furthermore, Table II, Panel B shows that retail shorting is positively 

correlated with past returns at the weekly, monthly, and annual horizons, indicating that the 

typical retail short seller acts contrary to past returns.4 Moreover, the average autocorrelation of 

retail shorting is only 0.36 (0.18) at the weekly (quarterly) frequency, casting further doubt on 

the long-horizon version of the sentiment theory. We next exploit cross-sectional variation in 

firms’ information environments to test additional implications of the theories. 

 

C. Predictability from Retail Shorting in Subsamples 

                                                           
4 To further illustrate the contrarian nature of retail short selling, we compute calendar-time returns as in Table III 

for the three months prior to the portfolio formation week. The annualized three-factor alpha for the spread portfolio 

in days [-64,-5] is 21.4%, which is statistically different from zero at the 1% level. 
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The information and sentiment hypotheses make opposing predictions of how stock 

return predictability varies across information environments. On the one hand, standard 

microstructure models, such as Glosten and Milgrom (1985) and Kyle (1985), suggest informed 

traders profit most when information asymmetry is greatest. On the other hand, sentiment-based 

mispricing in noise trader models, such as DeLong et al. (1990a,b), could be more severe in 

opaque information environments. The information hypothesis therefore predicts the negative 

returns in Table III will be even more negative in stocks with opaque information environments, 

while the sentiment hypothesis predicts the returns in such stocks will be more positive. 

To test these predictions, we sort stocks into quintiles based on information environment 

proxies and repeat the analysis from Table III within each information environment quintile. 

These 5x5 dependent sorts produce twenty-five portfolios. We use market capitalization (Size), 

the number of analysts providing earnings forecasts (Analysts), and the number of firm-specific 

news stories in the prior quarter (MediaCvg) as proxies for the information environment. The 

rationale is that stocks with abundant, publicly available, tangible information will exhibit low 

information asymmetry. Table I, Panel B provides detailed definitions of each proxy. The 

Analysts and MediaCvg variables are direct measures of the availability of tangible information. 

Both proxies exhibit correlations with Size exceeding 0.7, as shown in Table II, Panel B. In sorts 

by Size, we define groups based on quintiles of NYSE firms; in sorts by Analysts and MediaCvg, 

we use quintiles based on all firms. 

Table IV reports the average GRW daily alphas during days [2,20] of portfolios resulting 

from the two-way sorting procedure. In Panels A, B, and C, the initial sorting variables are Size, 

Analysts, and MediaCvg, respectively; the second sorting variable in all panels is retail shorting 

(RtlShort). The bottom row in each panel shows the alpha of the spread portfolio measuring one-

month predictability from retail shorting in each subsample. The rightmost column in each panel 

shows the difference between alphas of stocks with high and low values of the three proxies for 

the information environment, holding the retail shorting quintile constant. 

[Insert Table IV here.] 

One-month return predictability from retail shorting is negative in all 15 subsamples in 

Table IV. However, the magnitude of predictability decreases significantly with Size, Analysts, 

and MediaCvg, with respective declines of 93%, 61%, and 72%. Panel A shows the annualized 

alphas of the retail shorting spread portfolio are -10.9%, -8.1%, -8.4%, -5.9%, and -0.7% in 



10 

NYSE Size quintiles 1, 2, 3, 4, and 5, respectively. The dramatic difference in return 

predictability in quintile 4 versus 5 could arise because most firms in quintile 5 are members of 

the S&P 500 Index, which receive immense public scrutiny. Negative return predictability from 

retail shorting is economically and statistically significant in all but the top Size quintile. The 

10.1% annualized difference between predictability in the top and bottom Size quintiles is highly 

significant. The results are qualitatively similar, though not as strong, for the two-way sorts by 

Analysts and MediaCvg shown in Panels B and C, respectively. 

[Insert Figure 1 here.] 

Figure 1 shows how return predictability from retail shorting in each Size quintile varies 

with the horizon. Negative predictability persists up to one quarter in all but the top Size quintile. 

Although predictability diminishes somewhat at longer horizons, the negative alphas after 

portfolio formation do not become positive. The positive alphas before formation illustrate the 

contrarian nature of retail shorting: heavily shorted stocks have relatively high recent returns. 

The results in Table IV and Figure 1 are consistent with models in which negative 

predictability from retail shorting attenuates with reductions in information asymmetry. 

Affirming the evidence from the unconditional analysis in Table III, the evidence from this 

conditional analysis is consistent with the information hypothesis and inconsistent with the 

sentiment hypotheses. 

In many subsequent tests, we control for firm size in double-sorted portfolios by adding a 

layer to the procedure used in Table III. Prior to double-sorting, we stratify the sample into Size 

quintiles based on NYSE breakpoints. We then conduct two-way dependent portfolio sorts as 

described above within each Size strata, producing calendar-time returns for 125 = 5x5x5 triple-

sorted portfolios. Finally, we recombine portfolios by averaging portfolio returns across the five 

Size strata within each double-sorted portfolio. By construction, each NYSE Size quintile 

receives equal weight in the returns of the resulting 25 = 5x5 calendar-time portfolios. 

  

III. The Informational Content of Retail Short Sales 

 The evidence in the prior section demonstrates retail short sellers can predict stock 

returns, especially in stocks with little tangible information. We now explore the nature of the 

information that these traders might possess to improve our understanding of retail short sellers’ 

role in stock pricing. 



11 

 

A. Are Retail Short Sellers Unique? 

In this section, we consider whether retail short sellers identify and trade on information 

that other investors do not. We begin by contrasting the information content of retail short sales 

to that of other retail trades, namely the buying and selling of long positions. We draw an 

analogous contrast between retail short sales and institutional short sales to judge whether retail 

short sellers act on independent information. Then we consider the extent to which retail short 

sellers trade in tandem with corporate insiders. Finally, we compare return predictability from 

small, medium, and large retail short sales to test whether only select trades are informed. 

We first analyze whether our main result on retail short selling simply reflects the finding 

that net retail buying predicts positive stock returns (e.g., Kaniel, Saar, and Titman (2008) and 

Kelley and Tetlock (2013)). The alternative hypothesis is that retail short sellers possess 

information that is distinct from that of other retail traders. This alternative is reasonable because 

short sellers must know enough about the investing process to be able to open a margin account, 

submit the necessary paperwork to gain permission to short stocks, and execute a short sale—all 

signs of sophistication. Moreover, unlike traders with long positions, short sellers must be 

sufficiently confident in their beliefs to be willing to forego interest on collateral and incur risks 

of unbounded losses. 

To distinguish these alternative views, we first sort stocks into quintiles based on weekly 

net retail buying—buys minus long sales—scaled by total volume. Within each quintile, we sort 

on retail shorting (RtlShort) and evaluate the returns of the resulting 25 = 5x5 portfolios. To 

control for size, we stratify these portfolios by size as described in the previous section. In this 

analysis, the spread between the high and low retail shorting portfolios reflects return 

predictability from retail shorting, holding fixed net buying from other retail trades. 

Table V Panel A displays the average GRW daily alphas during days [2,20] of these 

double-sorted portfolios. The first notable result is that, within each net retail buying quintile, 

retail shorting negatively predicts returns. Annualized predictability from retail shorting ranges 

from -1.8% = -0.007% * 252 in the bottom quintile of retail net buying to -12.3% in the top 

quintile, and it is statistically significant in four of the five buying quintiles. Thus, short selling 

contains information about future returns that is orthogonal to the information contained in other 

retail trades. A more striking result is that retail shorting is a far stronger predictor of returns in 
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stocks in which retail net buying is highest. The top-to-bottom quintile difference in 

predictability is 10.5% and is highly statistically significant. A natural interpretation is that retail 

short sellers are better informed than other retail traders: specifically, when the two groups of 

traders disagree about a stock, retail short sellers tend to be correct. The magnitude of this result 

suggests there are large skill differences within the set of retail traders. 

[Insert Table V here.] 

We conduct a similar experiment to contrast short sellers with those selling long positions 

by first sorting on retail long sales scaled by volume (RtlSell). The results, shown in Panel B of 

Table V, are consistent with those in the previous table. Shorting negatively predicts returns 

within each quintile of RtlSell. Point estimates of the annualized spread portfolio return during 

days [2,20] range from -6.8% to -8.6%, and all are statistically significant. 

Next, we examine whether retail shorting conveys information beyond that in other short 

sales. Boehmer, Jones, and Zhang (2008) show that institutional shorting predicts negative 

returns. They also report that the vast majority, over 98%, of all shorting is nonretail. Therefore 

one can reasonably interpret other results showing total short selling predicts returns (e.g., 

Senchack and Starks (1993); Cohen, Diether, and Malloy (2007); and Diether, Lee, and Werner 

(2009)) as evidence that nonretail—i.e., “institutional”—short sellers are informed. Such results 

beg the question of whether institutional shorting subsumes the explanatory power of retail 

shorting. If so, the interpretation would be that retail short sellers, while predictive of returns, are 

not uniquely informed about stocks and thus play no special role in informing market prices. 

We conduct two sets of tests in which we first sort stocks into quintiles based on proxies 

for institutional short selling, and then we sort on retail shorting within each quintile. The first 

institutional shorting proxy is short interest (ShortInt), which trading exchanges report twice per 

month during our sample period. Each day, we sort stocks based on the most recently available 

short interest scaled by shares outstanding. Table VI, Panel A presents three-factor alphas during 

days [2,20]. Within all short interest quintiles except quintile 3, retail shorting is a significant 

predictor of negative returns. Annualized alphas in these four quintiles range from -3.8% 

to -10.1%. 

[Insert Table VI here.] 

The second institutional shorting proxy is weekly total short selling scaled by volume 

(AllShort). This proxy is based on shorting data reported pursuant to Regulation SHO (RegSHO), 
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which are available from January 3, 2005 to July 6, 2007, about half our sample period. Table 

VI, Panel B displays the results from two-way sorts on AllShort and then RtlShort. The 

difference in alpha between stocks with high and low retail shorting is consistently negative and 

is statistically significant within three of the five AllShort quintiles. This result is consistent with 

the low average cross-sectional correlation between RtlShort and AllShort of 0.13. Together, the 

results in Table VI demonstrate that retail and institutional short selling each contain unique 

information about future stock returns. We delve deeper into this result in the next subsection. 

Now we relate our results to information possessed only by atypical investors—either 

corporate insiders or exceptionally wealthy traders. Cohen, Malloy, and Pomorski (2012) show 

that non-routine trades by corporate insiders predict monthly stock returns. That is, after 

excluding trades that are likely pre-scheduled and unrelated to privileged information, they find 

evidence insiders trade opportunistically. It is possible that retail short sellers act on the same 

information held by these high-level executives and are not uniquely informed. We explore this 

idea by identifying all stock-weeks in our dataset in which there is one or more opportunistic 

insider trade according to the Cohen, Malloy, and Pomorski (2012) definition. We exclude these 

stock-weeks and repeat our Table III analysis with the remaining sample. As shown in Table VII, 

eliminating weeks containing opportunistic insider trades has little effect on our main results. 

Thus, retail short selling conveys incremental information about future stock returns.  

[Insert Table VII here.] 

Because our shorting variables are dollar-weighted, a small number of large informed 

short sales, possibly conducted by very wealthy investors, could give rise to our main result. 

Recall that retail short sales are on average larger than other retail trades in our database as well 

as those in the NYSE data studied by Boehmer, Jones, and Zhang (2008), who find no significant 

relation between retail shorting and future returns. A finding that only very large short sales are 

informed could reconcile our results with theirs. On the other hand, if information is dispersed 

across a wide range of traders, even small short sales could predict returns. 

To test these hypotheses, we repeat our Table III analysis with shorting variables 

constructed using orders of different sizes. Rather than employing fixed share cutoffs, our 

method accounts for differences in typical retail trade sizes across stocks. For each stock-day, we 

compute the 25th and 75th percentiles (P25 and P75) of the distribution of all retail short sales 

from the prior quarter (days [-67,-5]). Then we compute RtlShort in days [-4,0] separately using 
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small (order size  P25), medium (P25 < order size < P75), and large (order size ≥ P75) trades.5 

Table VIII presents day-[2,20] alphas of portfolios sorted by these three versions of RtlShort. 

Although the alpha from the smallest orders is 30% closer to zero than the other two alphas, 

retail shorting from each order size group is a significant predictor of negative future returns. 

This finding demonstrates that predictive ability is not confined to a small subset of retail shorts. 

[Insert Table VIII here.] 

 

B. Do Retail Short Sellers Act on Public Information? 

Our evidence to this point is consistent with retail short sellers possessing unique 

information about stocks. Retail short selling is negatively related to future risk-adjusted returns, 

and this relationship holds after controlling for other retail trades and institutional short selling. 

We now consider retail short sellers’ ability to predict stock returns in a multivariate framework 

that includes public information known to predict returns. If retail short selling does not predict 

returns in this context, the interpretation would be retail traders are simply shorting based on 

public information—a sign of sophistication, but not a sign of unique information.  

In the spirit of Fama and MacBeth (1973), each day we regress day-[2,20] stock returns 

on retail shorting and control variables measured as of day [0]. We standardize all independent 

variables each day to facilitate comparisons of coefficients. Key control variables that could be 

related to retail short selling and predict returns include: firm size (Size), the ratio of book equity 

to market equity (BM), and CAPM beta (Beta) as in Fama and French (1992); prior one-week 

(Ret[-4,0]), one-month (Ret[-25,-5]), and one-year stock returns (Ret[-251,-26]) as in Gutierrez 

and Kelley (2008) and Jegadeesh and Titman (1993); log short interest decomposed into its prior 

level (Ln(Lag(ShortInt))) and its most recent change (ΔLn(ShortInt)), following Figlewski 

(1981) and Senchack and Starks (1993); log of prior-week turnover (Ln(Turnover)) and prior-

month idiosyncratic volatility (Ln(IdioVol)), similar to Gervais, Kaniel, and Mingelgrin (2001) 

and Ang et al. (2006). 

 To be consistent with our calendar-time portfolio analysis, we weight observations by 

gross stock returns, though equal-weighting produces similar results. We draw inferences based 

on the time series of daily regression coefficients and Newey-West (1987) standard errors with 

                                                           
5 The mean (median) executed trade sizes based on small, medium, and large orders are $5,808 ($3,925), $18,851 

($15,000), and $35,697 ($31,100), respectively. 
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19 lags to match the horizon of the return observations. Table IX reports several regression 

specifications. The dependent variable in Panel A is Fama and French (1993) cumulative 

abnormal returns (CAR[2,20]) with factor loadings based on daily data from the prior year. The 

dependent variable in Panel B is raw compound returns (Ret[2,20]). 

[Insert Table IX here.] 

The central result from Table IX is that retail shorting predicts negative returns that are 

economically and statistically significant in all specifications. In the first column with no control 

variables, a change in log retail shorting from two standard deviations below the mean to two 

standard deviations above the mean predicts annualized returns of -14.4%, computed using 

4 * (252/19) * -0.271; with all controls in Model 2, this magnitude is -9.8%. As in Table III, 

predictability is largest in specifications with risk-adjusted returns as the dependent variable, 

though predictability of raw returns is also highly significant. The absolute value of the t-statistic 

on the retail shorting coefficient exceeds 2.40 in all specifications. Other coefficients are 

generally consistent with those in prior studies. 

The inclusion of publicly observable control variables reduces return predictability from 

retail shorting by 32% = |-0.185/-0.271| – 1 in specifications with monthly risk-adjusted returns 

(CAR[2,20]) as the dependent variable. We attribute much of the decline to the inclusion of the 

two short interest variables in Model 2; when we exclude these two variables (not reported), the 

coefficient on retail shorting is -0.233. One interpretation is that, while retail and nonretail short 

sellers possess some common information beyond known predictors of returns, most of the 

information conveyed by retail short selling is unique to retail investors. We also note that 

controlling for price momentum in days [-251,-26], which positively predicts returns, actually 

increases predictability from retail shorting. The reason is that retail shorting tends to be contrary 

to past returns, as shown in Table II, Panel B and Figure 1. 

 The regression framework also demonstrates the robustness of the conclusions from the 

prior section and highlights similarities and differences between retail short selling, institutional 

short selling, and trading by corporate insiders. Model 3 of Table IX includes imbalances in 

retail buys and long sells (RtlImb) in the set of regressors. Consistent with the results in Kaniel, 

Saar, and Titman (2008) and Kelley and Tetlock (2013), the coefficient on net retail buying is 

positive and statistically significant. The inclusion of RtlImb has little impact on the retail 

shorting coefficient. Interestingly, in both panels, the retail shorting coefficient is about 80% 
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larger in absolute value than the long imbalance coefficient; the paired Newey-West t-statistics 

on the differences in coefficients are -2.37 and -1.55 in the two panels. By these metrics, retail 

shorting is a stronger predictor of future returns than is the imbalance from other retail orders. 

The fourth model in Table IX includes AllShort as an additional regressor to facilitate 

comparisons between predictability from retail and institutional shorting. Because institutions 

managing large portfolios have strong incentives to focus on large stocks, institutional shorting 

could be especially predictive of large stocks’ returns. In contrast, retail shorting is especially 

predictive of small stocks’ returns, as shown in Table IV. Accordingly, we allow the relationship 

between each type of shorting and future returns to vary with firm size. We set the variable 

SizeQuint to -2, 1, 0, 1, or 2 according to the firm’s size quintile within the NYSE size 

distribution, so that SizeQuint = 2 for the largest firms. We interact both RtlShort and AllShort 

with SizeQuint. Although RtlShort and AllShort both predict negative returns, the coefficients on 

their respective interactions with SizeQuint have opposite signs. That is, while retail shorts better 

predict returns in smaller stocks, institutional shorts better predict returns in larger stocks. 

The fifth model in Table IX includes the dummy variable InsideSale, which is equal to 

one in weeks in which there is an opportunistic insider sale as in Cohen, Malloy, and Pomorski 

(2012), and its interaction with RtlShort. In Panel A, the estimated coefficients on RtlShort and 

InsideSale are -0.188 and -0.272, respectively, and both are statistically significant. Thus, a one 

and one-half standard deviation increase in retail shorting has a similar effect on future returns as 

an event in which opportunistic insider selling occurs. The coefficient on the interaction between 

these variables is 0.193, indicating there is almost no return predictability from retail shorting in 

weeks with insider sales. Based on the t-statistic is 1.63, we marginally reject the hypothesis that 

return predictability from retail shorting does not depend on the presence of opportunistic insider 

sales. The lack of power is mainly due to the fact that only 58 firms, less than 2% of our average 

sample, have opportunistic insider selling in an average week. 

Finally, we compare our results to those of Engelberg, Reed, and Ringgenberg (2012). 

These authors show that overall short selling, as measured in data reported under RegSHO, is a 

much stronger predictor of returns on days when it coincides with news stories. They argue short 

sellers are skilled processors of public information. Because nonretail traders account for the vast 

majority of short selling, shorting in the RegSHO data is likely to represent institutional shorting. 

To compare shorting by retail traders to shorting in the RegSHO data, we construct a daily 
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measure of RtlShort, equal to retail shorting on a given stock-day scaled by trading volume on 

that stock-day. We regress future returns on daily RtlShort and its interaction with a dummy 

variable set to one if a news story occurs on the same day as the retail shorting. We identify news 

days either as those containing a firm-specific Dow Jones Newswire story or as those with a 

news story deemed relevant by the news analytics firm RavenPack. Using both definitions, we 

find no significant difference in the ability of RtlShort on news days versus nonnews days to 

predict future returns. Thus, in contrast to the institutions in the RegSHO data, retail short sellers 

do not appear to be particularly sophisticated processors of the information in news stories. We 

report these results in Table IA.I of the Internet Appendix. 

 

C. Do Retail Short Sellers Anticipate News? 

The previous tests demonstrate that stock prices do not fully reflect retail short sellers’ 

information. We now consider several categories of material information that retail short sellers 

could possess: news about earnings, revenue, analyst, and merger events. We categorize stories 

using a proprietary classification algorithm from RavenPack. 6 In our analysis, we retain stories 

deemed relevant by RavenPack for only one or two U.S. stocks and eliminate stories about stock 

price movements or order imbalances. Examples of events in each category are as follows: 

 Earnings – earnings results, management guidance, or analyst estimates; 

 Revenue – revenue results, management guidance, or analyst estimates; 

 Analyst – analysts’ revisions in buy/hold/sell ratings or price targets; and 

 Merger – merger or acquisition rumors, approvals, completions, or failures.  

We develop two complementary tests to evaluate whether retail short sellers possess 

information that falls into these broad categories. Our first test is based on short sellers’ ability to 

predict the market’s response to new information, which we measure using stock returns on days 

in which different types of news events occur. Specifically, we estimate the following Fama-

MacBeth regressions to predict stock i’s abnormal returns on day t + k (ARi,t+k) based on 

information available at time t and whether news occurs on day t + k: 

 , 0 1 , 2 , , 3 , , ,  1,...,5,  .J J J

i t k i t i t i t k i t k i t kAR b b RtlShort b RtlShort News b News controls e k J             

                                                           
6 RavenPack identifies highly specific news categories. We group several of their categories into four broad groups. 
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We use separate regressions for each type of news (J) that could occur on day t + k and for each 

value of k = 1, …, 5. The variable ,

J

i t kNews   equals 1 if there is a type-J news story on day t + k 

and 0 otherwise. In addition to the four types of news listed above, we estimate the model using 

all stories RavenPack deems relevant for a given firm and, for robustness, using all firm-specific 

stories in the Dow Jones newswire database. The set of control variables is identical to those in 

the second column of Table IX, Panel A. Abnormal returns (ARi,t+k)  are based on the three-factor 

model. As before, all independent variables are standardized. This methodology is similar to that 

used by Boehmer, Jones, and Zhang (2012) to analyze short sellers’ ability to predict returns 

around earnings surprises and analyst updates. 

Table X displays evidence of retail short sellers’ ability to predict returns accompanying 

each category of news on each of the five days immediately following the short-selling week. 

The first key finding is that retail shorting exhibits an especially powerful ability to predict 

returns on days with relevant news, as defined by RavenPack. For example, consider the 

regression in which retail shorting predicts returns on day t + 2. If no news occurs on day t + 2, 

the coefficient is -0.013. However, if relevant news occurs on day t + 2, the coefficient 

magnitude increases about fourfold to -0.053 = -0.013 + -0.040. The column labeled News 

Multiple computes the ratio of average predictability on news days in the [1,5] horizon to 

average predictability on nonnews days in the [1,5] horizon. By this metric, retail short sellers’ 

ability to predict returns is 3.75 times greater on news days deemed relevant by RavenPack as 

compared to nonnews days. The bottom rows of Table X report the results of a similar 

experiment that identifies news using all firm-specific Dow Jones stories, not just those 

considered relevant by RavenPack. In this case, the magnitude of predictability from retail 

shorting increases by 2.76 on news days. The smaller effect is likely due to the inclusion of 

stories that are not very informative. 

[Insert Table X here.] 

Table X displays models based on defining the type of news (J) as either an earnings, 

analyst, revenue, or merger event. The increased predictability reported above is driven by news 

related to analysts and mergers but not that related to earnings or revenues. Specifically, when 

returns accompany analyst or merger news, return predictability from retail shorting increases by 

multiples of 9.0 and 8.2, respectively. The weaker ability of retail short sellers to predict returns 

on days with earnings or revenue news does not necessarily indicate that they lack information 
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about these events. It is possible that retail short sellers possess earnings- or revenue-related 

information that leaks to the market in the interim period between retail shorting activity and the 

information’s appearance in the news. Our next set of tests explores this possibility. 

Because it relies on stock returns on days in which news occurs, the first test only 

captures information that is unknown to the market on the day it appears in a news story. 

However, standard microstructure models, such as Kyle (1985), predict that most long-lived 

private information will be revealed through trading and incorporated in stock prices before its 

public release. We design a second test to address this scenario in which market prices anticipate 

public news events. Rather than relating retail shorting to future news-day returns, this test 

analyzes whether retail shorting predicts the tone of firm-specific news, which partly reflects 

information recently incorporated in prices. This second test is less stringent than the first in that 

it does not require a stock price reaction to coincide with the day of the news story. 

 Our primary measure of news tone is the Event Sentiment Score (ESS) from RavenPack 

News Analytics. These scores reflect the linguistic tone or “sentiment” of individual stories from 

Dow Jones Newswires. We rescale raw scores, which range from 0 to 100, to create an ESS 

variable spanning the interval [–1,1], where –1 is the most negative, 0 is neutral, and +1 is the 

most positive tone. We compute a stock’s ESS from day t + x through t + y as the average of 

story-level ESS during the [x,y] interval. For intervals with no stories, we set ESS equal to its 

cross-sectional mean, thereby allowing for time variation in average news tone. 

 We estimate panel regressions of day-[2, 20] ESS on retail shorting and five sets of 

control variables that could predict news tone. First, we include the control variables from the 

predictability regressions in the second column of Table IX, Panel A. Second, we include RtlImb 

to compare the predictive ability of retail shorts to that of other retail traders. Third, we control 

for measures of lagged news tone (ESS) because tone is persistent and retail traders could short 

in response to prior news. Fourth, we control for news coverage using the log of news stories 

from the prior year (MediaCvg[-251,-26]), as well as abnormal coverage from the prior month 

(AbnMediaCvg[-25,-5]) and week (AbnMediaCvg[-4,0]). Fifth, to account for time variation in 

ESS and control variables, we include time fixed effects. Following Petersen’s (2009) 

recommendation, we cluster standard errors by firm to account for the persistence of residual 

ESS. We standardize independent variables based on their panel means and standard deviations. 
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The results appear in Table XI. Panel A contains regressions predicting ESS over days-

[2,20] for all relevant news stories and for each of the four categories of news. Most importantly, 

the significantly negative coefficient on RtlShort in the first model implies that high retail 

shorting predicts negative news across all relevant stories in the next month.7 The coefficients on 

many control variables are intuitive and interesting. For example, short interest levels and 

changes predict negative news, consistent with Akbus, Boehmer, Erturk, and Sorescu (2013) 

who study the relation between aggregate short interest and future firm news as measured by 

RavenPack ESS. The -0.0055 and -0.0087 magnitudes of the standardized coefficients on 

Ln(RtlShort) and ΔLn(ShortInt) show that (weekly) retail shorting is nearly as strong a predictor 

of news tone as the (two-week) change in institutional short interest. In contrast, the small 

(0.0019) and statistically insignificant coefficient on RtlImb suggests that retail traders in general 

have relatively weak abilities to predict ESS news tone. 

[Insert Table XI here.] 

The other four models in Panel A show results for the dependent ESS variable based on 

news relating to earnings, analysts, revenue, or mergers and acquisitions (M&A). These tests 

reveal that retail short selling predicts the tone of earnings and analyst news (models two and 

three). However, retail short selling does not predict revenue or M&A news (models four and 

five). These regressions based on news types suggest the nature of retail short sellers’ 

information differs from that of other retail traders. In particular, net retail buying (RtlImb) does 

not forecast the tone of analyst news, whereas it strongly predicts the tone of revenue news—the 

opposite of the results for retail short selling (RtlShort). 

Panel B shows regressions predicting news tone of all stories and earnings stories in days 

[21,40] and [41,60] after retail short selling. Similar to the decay in return predictability, there is 

some decay in the ability of retail shorting to predict future news. The coefficient on RtlShort is 

insignificant (declining but still statistically significant) when predicting ESS for all stories 

(earnings stories) occurring during days [21,40] and [41,60]. The consistently negative 

regression coefficients on the two institutional short selling measures show that institutions have 

long-lived abilities to predict RavenPack’s ESS measure of news tone.8 

                                                           
7 For the limited sample in which Regulation SHO short-selling data are available, all results based on the variable 

RtlShort hold even in unreported specifications that control for total short selling. 
8 We note that RtlImb is a contrarian predictor of M&A news tone. We interpret this finding with caution because 

defining the tone of merger news stories is difficult as these stories are complex and involve multiple firms. 
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 Recognizing that any measure of news tone is a noisy signal of value-relevant 

information, we replicate the ESS regressions using an alternative tone measure based on the 

fraction of negative words in Dow Jones Newswires stories as in Kelley and Tetlock (2013). To 

maximize the power of these tests, we include only earnings-related stories when measuring 

negativity. Table XI, Panel C shows results for regressions predicting negativity in each of the 

next three months. The positive coefficients on RtlShort are consistent with those in the ESS 

regressions. Retail shorting predicts more negative news tone in each of the next three months, 

and the magnitude of predictability decays over time. 

Comparisons across the order imbalance coefficients yield additional insights. Overall 

retail imbalance (RtlImb) is a significantly negative predictor of news negativity in all models, 

but the coefficients on RtlImb are three to six times smaller than those on retail shorting, 

suggesting short sellers possess the most unique information among retail traders. Furthermore, 

the coefficients on the two institutional shorting variables are also far smaller than those on retail 

shorting. This evidence suggests retail short sellers possess more unique information about news 

negativity than other short sellers. In summary, each group of traders seems to possess some 

unique information above and beyond that held by other groups, but the nature of information 

held by each group differs significantly. 

 

D. Industry Effects 

We conclude this section with an analysis of two types of industry effects. First, while the 

evidence up to this point suggests retail short sellers possess firm-specific information, their 

information could have an industry component. We augment Model 2 from Table XI with the 

equal-weighted average of RtlShort for each firm’s industry based on the Fama and French 

(1997) 49 industry definitions. In Table IA.II of the Internet Appendix, we present marginal 

evidence of a negative relation between industry-level shorting and firm-specific stock returns. 

More importantly, the relation between firm-level shorting and stock returns remains statistically 

and economically strong after controlling for industry-level shorting. These findings affirm our 

earlier inference that the information in retail shorting is mainly firm-specific. 

Second, to test whether information is concentrated in firms within certain industries, we 

estimate Model 2 from Table XI separately within industries and report the results in Table IA.III 

of the Internet Appendix. To ensure meaningful sample sizes, we use the 12 industry definitions 
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based on the Fama and French (1997) classification. Using CAR[2,20] (Ret[2,20]) as the 

dependent variable, the estimated coefficients on RtlShort are negative in 11 (10) of the 12 

industries and are statistically significant in 7 (6) of the 12 industries. Thus, our main results are 

not concentrated in a particular set of industries or firms. This finding complements our earlier 

result that retail shorting from various trade sizes correctly anticipates returns.  

 

IV. Alternative Hypotheses 

            In this section, we consider two alternative hypotheses that could explain the negative 

relation between retail shorting and future stock returns. First, rather than being informed about 

fundamentals, retail short sellers could be providing liquidity to buyers who demand immediate 

execution. Kaniel, Saar, and Titman (2008) and Kelley and Tetlock (2013) argue that an 

analogous liquidity provision mechanism partially explains their findings of a positive relation 

between retail net buying and future returns. Second, retail shorting could be a proxy for investor 

attention. Miller (1977) demonstrates that attention, when combined with difference of opinion 

and short-sale constraints, can cause overpricing. Consequently, retail shorting could predict 

negative returns even if retail investors are uninformed.  

 

A. The Liquidity Hypothesis     

Although the negative relation between retail shorting and future returns is consistent 

with retail shorts providing liquidity to impatient buyers, two other pieces of evidence suggest 

liquidity provision is an incomplete explanation. First, as shown in Table X, retail shorting is an 

especially strong predictor of future returns on days in which specific news stories occur. 

Second, as shown in Table XI, retail shorting predicts the tone of news stories at horizons up to 

one quarter. Practical considerations also cast doubt on the liquidity hypothesis. Since short 

sellers incur costs from foregone interest on collateral and risks from recall and unlimited 

potential liability, providing liquidity via short selling is less attractive than doing so through 

buying or selling long positions. 

            We test an additional prediction of the liquidity hypothesis using Fama-MacBeth 

regressions as in Table IX. Since most liquidity provision strategies benefit from short-run price 

reversals, we analyze the extent to which including prior return controls affects empirical return 

predictability from retail shorting. As two benchmarks, we consider a regression in which retail 
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shorting is the only regressor (Model 1) and another that also includes all control variables in 

Table VIII other than past returns (Model 2). We then evaluate the effect on the retail shorting 

coefficient from including prior return controls (Ret[-4,0], Ret[-25,-5], and Ret[-251,-26]). The 

liquidity hypothesis predicts the inclusion of past returns should attenuate this coefficient. 

Table XII shows that including control variables for past returns in these regressions has 

an immaterial impact on the retail shorting coefficients. When the dependent variable is three-

factor CAR, adding return controls to Model 1 (Model 2) changes the retail shorting coefficient 

from -0.271 to -0.278 (from -0.188 to -0.185). The second column in Table XII shows that when 

the dependent variable is raw return, adding return controls also results in trivial changes in the 

retail shorting coefficient. Thus, most of the return predictability from retail short selling does 

not seem to come from liquidity provision strategies based on price reversals. 

[Insert Table XII here.] 

 

B. The Attention Hypothesis 

            In Miller (1977), differences in opinion combine with short-sale constraints to generate 

overpricing. The intuition is that shorting constraints sideline some investors with the lowest 

valuations, while investors with relatively high valuations still can buy and so exert a 

disproportionate impact on the equilibrium price. By increasing the number of prospective 

buyers and sellers, an increase in investor attention exacerbates overpricing because some sellers 

face short-sale constraints. Thus, if it proxies for attention-based overpricing, retail shorting 

could be associated with negative future returns even if all retail investors are uninformed. 

            We conduct four tests of this attention hypothesis. The first is based on short-sale 

constraints. Miller’s (1977) overvaluation story requires short-sale constraints and implies 

attention-based overpricing is greater under more severe shorting constraints. If retail shorting 

predicts returns because it proxies for investor attention, predictability should exist only in stocks 

with binding short-sale constraints. A negative relation between retail shorting and future returns 

in stocks without short-sale constraints would contradict the attention hypothesis. We therefore 

split the sample of stocks into those with and without severe shorting constraints. 

A key shorting constraint is the cost to a short seller of borrowing stock, i.e., the equity 

lending fee. Because data on equity lending fees are not widely available, we instead rely on two 

proxies for shorting constraints. The first is OptionDum, a dummy variable set to one if a stock 
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has nonzero option trading volume, according to Option Metrics data, during the prior quarter, 

i.e., if the stock is optionable. As argued in Diamond and Verrecchia (1987), by allowing 

additional ways to establish a short position, the introduction of options reduces the equilibrium 

cost of short selling, relaxing shorting constraints. The second proxy for shorting constraints is 

based on the number of fails-to-deliver shares reported by trading exchanges. Data on fails are 

available for all but the first ten months of our sample period. The variable HighFails is a 

dummy set to one if fails-to-deliver exceeds 0.1% of shares outstanding on any day of the prior 

week. Evans et al. (2009) show that options market makers usually choose to fail to deliver 

stocks to buyers when lending fees are high. Thus, we consider stocks with high fails-to-deliver 

to be short-sale constrained. The bottom rows in Panels A and B of Table XIII reveal that 48% of 

stocks are constrained by the OptionDum criterion, while 15% are constrained by the HighFails 

criterion, indicating the latter criterion is far more restrictive. 

[Insert Table XIII here.] 

Table XIII, Panel A reports day-[2.20] alphas for (size-stratified) unconstrained and 

constrained stocks based on the OptionDum proxy, while Panel B reports corresponding alphas 

using the HighFails proxy.9 Using both proxies, the first column reveals a strong negative 

relation between retail shorting and future returns in the absence of shorting constraints. Tests 

that these two spread portfolios’ average returns are zero reject the attention hypothesis at the 1% 

level. Moreover, the evidence suggests little relationship between shorting constraints and return 

predictability from retail shorting. The annualized increase in predictability associated with 

constraints is -1.4% = -0.006% *252 in Panel A and positive 1.0% in Panel B, with t-statistics 

of -0.65 and 0.26, respectively.  

Our second test evaluates the prediction from the attention hypothesis that all types of 

retail trading—buying, long selling, and short selling—capture attention and contribute to 

overpricing. Conditional on shorting constraints, other measures of retail trading should predict 

returns just as well as retail shorting does. To test this prediction, we form portfolios based on 

retail buying (RtlBuy) and retail long selling (RtlSell) and compare their returns to those of the 

retail shorting portfolio within stocks subject to shorting constraints. The results in Table XIII, 

                                                           
9 Because very few large firms are constrained by the HighFails criterion, we modify the size-stratification 

procedure in Panel B to use only two strata. We combine the top three quintiles to form a large firm stratum and the 

bottom two NYSE market cap quintiles to form a small firm stratum. 
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Panel A are inconsistent with the attention hypothesis. Conditional on shorting constraints, 

neither retail buying portfolios nor retail long selling portfolios predict negative future returns; 

and return predictability based on retail shorting is significantly more negative than that from 

either buying or long selling with respective t-statistics of -3.87 and -2.11. The results in Panel B 

are less conclusive. Conditional on shorting constraints, retail shorting, buying, and selling all 

negatively predict future returns. However, these effects are not statistically distinguishable from 

zero or one another. The lack of power in this test stems from the small sample of stocks that are 

constrained according to the HighFails criterion. 

Our third test focuses on total retail trading as a fraction of total volume (RtlTrade), a 

proxy for attention that includes and thus arguably should subsume retail shorting as a proxy for 

attention. If attention explains predictability from retail shorting, RtlTrade should negatively 

predict returns. In addition, RtlShort should no longer predict future returns after controlling for 

RtlTrade. Table XIV, Panel A shows the GRW alphas during days [2,20] of size-stratified 

portfolios sorted by RtlTrade. The annualized alpha of the spread between the high and low 

RtlTrade quintile portfolios is just -0.5% and is statistically indistinguishable from zero. Table 

XIV, Panel B presents results from sorting on retail shorting within each RtlTrade quintile. All 

spread portfolio alphas are significantly negative, showing that retail shorting remains a strong 

predictor of returns after controlling for total retail trading. 

[Insert Table XIV here.] 

Our fourth test examines whether the scaling of the retail shorting variable affects return 

predictability because scaling could be critical under the attention hypothesis. By the same 

reasoning that retail shorting could be a proxy for attention, retail trading in general and even 

total trading volume could be valid proxies for attention. Indeed, prior studies such as Barber and 

Odean (2008) and Da, Engelberg, and Gao (2011) use these variables as proxies for attention. 

Scaling retail shorting by these two alternative proxies for attention should diminish return 

predictability from retail shorting relative to scaling retail shorting by shares outstanding. In 

contrast, if retail shorting represents negative information not yet incorporated in prices, the 

scaling of retail shorting should have little impact on return predictability. In this case, 

predictability from retail shorting should be similar whether one scales by volume, total trading, 

or shares outstanding. 
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Table XV reports the average daily GRW alphas of five portfolios sorted by retail 

shorting scaled by alternative measures at horizons up to one quarter after portfolio formation. In 

Panel A (Panel B), the sorting variable is retail shorting scaled by shares outstanding (retail 

trading), which we denote by RtlShortShrout (RtlShortFrac). These panels are analogous to 

Table III, Panel A in which the sorting variable is retail shorting scaled by volume (RtlShort). 

 [Insert Table XV here.] 

The evidence in Table XV reveals that the scaling of retail shorting has a small effect on 

the magnitude and duration of negative return predictability. Comparing Panel A (Panel B) of 

Table XV to Panel A in Table III, the annualized alpha of the spread portfolio in days [2,20] 

is -10.5% (-8.0%) in sorts by RtlShortShrout (RtlShortFrac) versus -9.1% in sorts by 

RtlShortFrac. In Panels A and B of Table XV, the alpha of the spread portfolio remains 

significantly negative even in the third month (days [41,60]) after portfolio formation, as it does 

in Panel A of Table III. The robustness of predictability from retail shorting to alternative scaling 

measures is most consistent with the information hypothesis.10 In sum, the preponderance of 

evidence from these four tests suggests the attention hypothesis does not explain our main 

results. 

An alternative interpretation of why we do not find empirical evidence supporting the 

attention hypothesis is that differences in investors’ beliefs about stock return variances play an 

important role in stock pricing. Shorting constraints need not increase asset prices if differences 

in investors’ beliefs about variances dominate differences in their beliefs about expected returns, 

as shown by Jarrow (1980). In this situation, one should not expect proxies for attention and 

shorting constraints to predict negative returns. However, empirical studies by Jones and Lamont 

(2002) and Cohen, Diether, and Malloy (2007) find that shorting constraints do predict negative 

returns, casting doubt on this alternative interpretation. 

 

V. Concluding Discussion 

 We demonstrate that retail short selling is a strong predictor of negative stock returns, 

even after controlling for other order imbalances and known predictors of returns. This 

                                                           
10 We also scale retail short sales by total retail sales. Since retail sales, like retail trading, could be a proxy for 

attention, return predictability should diminish with this scaling under the attention hypothesis. In fact, predictability 

with this scaling is similar to that using the other scales. Table IA.IV of the Internet Appendix shows the day-[2,20] 

alpha is -3.1 bps per day (7.6% annualized).  
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predictability does not contradict the weak form of the efficient market hypothesis because retail 

shorting is nonpublic information. Our evidence is most consistent with the theory that retail 

short sellers possess and act on unique information about stocks’ fundamental values. Prices 

gradually incorporate this information in the next few months. Reinforcing this interpretation, 

retail short selling also predicts negative firm-specific news over similar horizons. 

 Large variation in return predictability hints at the sources of retail short sellers’ 

information. Predictability is strongest in small stocks and those with low analyst and media 

coverage. In contrast, predictability from institutional short selling is strongest in large stocks. 

Since most institutions devote their resources to valuing large stocks, retail investors, perhaps 

through geographical proximity, social networks, or employment, may be well-positioned to 

identify overpriced small stocks. Still, institutional neglect cannot explain why retail shorting 

negatively predicts returns even in stocks as large as the fourth NYSE size quartile. 

A complementary explanation is that retail short sellers are not subject to the same 

limitations as institutional short sellers. To attract funds from clients, asset managers can engage 

in window dressing in which they increase their holdings of stocks favored by clients (e.g., 

Lakonishok, Shleifer, Vishny, and Thaler (1991), Sias and Starks (1997), and Soltes, Solomon, 

and Sosyura (2014)), even though such stocks could be overpriced (Frazzini and Lamont (2008) 

and Fang, Peress, and Zheng (2014)). This incentive from fund flows could deter well-informed 

institutions from short selling overpriced stocks, as argued in Lamont and Stein (2004). In 

contrast, retail short sellers who manage their own money are immune to such concerns and 

could benefit from reduced competition from institutions. 

Retail short sellers also could benefit from a lack of competition from other retail traders 

with poor access to short selling. Retail brokerage customers must open margin accounts to be 

able to short stocks, and many brokerages do not permit retail customers with margin accounts to 

short large subsets of stocks, such as newly public firms. These entry restrictions could 

contribute to the persistence of return predictability from retail shorting insofar as they exclude 

informed retail traders from shorting. On the other hand, some entry restrictions could selectively 

deter sentiment-driven short selling, helping explain why retail shorting is able to predict 

negative returns. Our empirical evidence indicates that retail shorting is similarly informative in 

stocks with and without short-sale constraints, as measured by either stocks that lack options or 
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exhibit high fails-to-deliver. It is therefore possible that these two constraints discourage 

sentiment-driven shorting and information-driven shorting roughly in proportion. 

Future empirical studies should test such hypotheses based on heterogeneity in investor 

sophistication within groups of retail investors as well as within groups of institutions. Indeed, 

placed in the context of prior research, our findings suggest within-group heterogeneity could be 

just as important as accounting for differences between retail and institutional investors. 
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Table I 

Variable Definitions 

 

This table defines variables used in this study. Panel A provides definitions for the main retail shorting and 

trading variables. Panels B and C defines control variables and news tone variables. The abbreviations Ln(x), 

Lag(x), and Δx denote the natural logarithm of x, previous value of x, and change in x, respectively. 

Panel A: Retail trading variables 

Variable Definition 

RtlShort Retail shares shorted / total CRSP share volume 

RtlShortShrout Retail shares shorted / shares outstanding 

RtlShortFrac Retail shares shorted / (retail shares bought + retail shares sold) 

RtlTrade (Retail shares bought + retail shares sold) / total volume 

RtlImb (Shares bought – long positions sold) / total CRSP share volume 

 

Panel B: Control variables 

Variable Definition 

Size Market value of equity from CRSP as of prior quarter end 

BM (Compustat book equity) / CRSP market equity as of prior December 

Beta Market beta based on daily regression of excess returns on excess market 

returns estimated over the prior year 

Ret[x,y] Stock return over days t + x through t + y 

Analysts Number of analysts with I/B/E/S annual earnings forecasts in prior month 

MediaCvg Number of firm-specific articles from Dow Jones Newswires in prior quarter 

IdioVol Standard deviation of residuals from a daily Fama and French (1993) three-

factor model estimated in the prior calendar month 

Turnover (Weekly CRSP share volume) / shares outstanding 

ShortInt (Most recently reported short interest from Compstat) / shares outstanding 

AllShort Total weekly short selling from Regulation SHO / total CRSP share volume 

InsideSale Dummy set to one if the stock had one or more opportunistic insider sale 

during the week as defined by Cohen, Malloy, and Pomorski (2012) 

NoOption Dummy set to one if the stock had zero reported or unreported options 

trading in OptionMetrics during the prior quarter 

HighFails Dummy set to one if exchanges reported fails-to-deliver exceeding 0.10% of 

shares outstanding on any day during the prior week 

 

Panel C: News variables 

Variable Definition 

ESS[x,y] Average RavenPack News Analytics Event Sentiment Score for Dow Jones 

news stories about the firm from day t + x through t + y 

Neg[x,y] Percentage of words in Dow Jones news stories from day t + x through day 

t + y that appear in the list of Harvard-IV negative words and the percentage 

that appear in the list of financial negative words of Loughran and McDonald 

(2011), using weights of 1/3 and 2/3, respectively 

MediaCvg[x,y] Natural log of number of news stories about the firm from day t + x through 

day t + y scaled by the number of days in the interval [x,y] 

AbnMediaCvg[x,y] MediaCvg[x,y] – MediaCvg[-251,-26]  
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Table II 

Cross-Sectional Summary Statistics 

 

This table presents time-series averages of daily cross-sectional summary statistics. All variables and notational conventions are 

as defined in Table I. Panel A contains daily means, standard deviations and percentiles.  Panel B contains average daily cross-

sectional correlation coefficients. 

Panel A: Average Statistics Across Days 

Variable Mean N Std Dev Pctl 5 Pctl 25 Pctl 50 Pctl 75 Pctl 95 

RtlShort (%) 0.127 3376 0.321 0.000 0.000 0.007 0.099 0.638 

RtlShortShrOut (bp) 0.767 3376 2.245 0.000 0.000 0.023 0.424 3.947 

RtlShortFrac (%) 3.169 3360 7.079 0.000 0.000 0.243 3.274 15.120 

RtlTrade (%) 9.604 3376 15.037 0.520 1.618 4.006 10.889 38.242 

RtlImb (%) -0.260 3376 7.379 -7.831 -0.930 -0.020 0.763 6.426 

Beta 1.119 3376 0.600 0.175 0.721 1.093 1.489 2.156 

Size ($Billion) 4.068 3376 17.049 0.044 0.207 0.603 1.989 15.782 

BM 0.503 3185 0.736 0.073 0.263 0.439 0.662 1.250 

Analysts 6.163 3376 6.494 0.000 1.000 4.172 8.993 19.691 

MediaCvg 53.230 3376 86.293 9.233 20.495 32.854 53.712 152.198 

IdioVol (%) 2.279 3376 1.841 0.718 1.228 1.831 2.772 5.191 

Turnover (%) 4.451 3376 4.790 0.453 1.591 2.983 5.450 13.571 

ShortInt (%) 4.833 3328 5.537 0.115 1.340 3.274 6.238 15.042 
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Table II: continued 

 

Panel B: Average Correlations Across Days 

 Ln(RtlShort) Ln(RtlShortShrOut) Ln(RtlShortFrac) Ln(RtlTrade) RtlImb 

Ln(RtlShort) 1.000 0.946 0.870 0.072 0.052 

Ln(RtlShortShrOut) 0.946 1.000 0.830 0.053 0.059 

Ln(RtlShortFrac) 0.870 0.830 1.000 -0.253 0.043 

Ln(RtlTrade) 0.072 0.053 -0.253 1.000 -0.039 

RtlImb 0.052 0.059 0.043 -0.039 1.000 

Beta 0.192 0.248 0.194 -0.168 0.035 

Ln(Size) 0.121 0.120 0.365 -0.696 0.042 

Ln(BM) -0.091 -0.114 -0.117 0.073 -0.030 

Ret[-4,0] 0.082 0.092 0.049 0.018 0.034 

Ret[-25,-5] 0.076 0.086 0.033 0.039 -0.024 

Ret[-251,-26] 0.132 0.169 0.062 0.097 0.000 

Ln(Analysts) 0.121 0.158 0.323 -0.533 0.035 

Ln(MediaCvg) 0.142 0.163 0.318 -0.430 0.030 

Ln(IdioVol) 0.098 0.150 -0.081 0.510 -0.002 

Ln(Turnover) 0.372 0.570 0.364 -0.178 0.081 

Ln(ShortInt) 0.241 0.334 0.258 -0.271 0.056 

ΔLn(ShortInt) 0.032 0.040 0.008 0.035 0.006 

NoOption -0.154 -0.196 -0.288 0.433 -0.033 

HighFails 0.086 0.135 -0.007 0.206 0.021 
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Table II: continued 

 

Panel B: Average Correlations Across Days (continued) 

 Beta Ln(Size) Ln(BM) Ret[-4,0] Ret[-25,-5] Ret[-251,-26] Ln(Analysts) Ln(MediaCvg) 

Ln(RtlShort) 0.192 0.121 -0.091 0.082 0.076 0.132 0.121 0.142 

Ln(RtlShortShrOut) 0.248 0.120 -0.114 0.092 0.086 0.169 0.158 0.163 

Ln(RtlShortFrac) 0.194 0.365 -0.117 0.049 0.033 0.062 0.323 0.318 

Ln(RtlTrade) -0.168 -0.696 0.073 0.018 0.039 0.097 -0.533 -0.430 

RtlImb 0.035 0.042 -0.030 0.034 -0.024 0.000 0.035 0.030 

Beta 1.000 0.201 -0.116 -0.014 -0.039 -0.012 0.123 0.120 

Ln(Size) 0.201 1.000 -0.190 -0.015 -0.034 0.000 0.736 0.712 

Ln(BM) -0.116 -0.190 1.000 0.014 0.031 0.055 -0.194 -0.144 

Ret[-4,0] -0.014 -0.015 0.014 1.000 -0.008 0.008 -0.008 -0.010 

Ret[-25,-5] -0.039 -0.034 0.031 -0.008 1.000 0.011 -0.022 -0.013 

Ret[-251,-26] -0.012 0.000 0.055 0.008 0.011 1.000 -0.079 0.006 

Ln(Analysts) 0.123 0.736 -0.194 -0.008 -0.022 -0.079 1.000 0.573 

Ln(MediaCvg) 0.120 0.712 -0.144 -0.010 -0.013 0.006 0.573 1.000 

Ln(IdioVol) 0.052 -0.546 -0.024 0.010 0.101 0.112 -0.314 -0.241 

Ln(Turnover) 0.365 0.196 -0.154 0.071 0.068 0.167 0.284 0.257 

Ln(ShortInt) 0.462 0.226 -0.185 -0.027 -0.044 -0.004 0.179 0.172 

ΔLn(ShortInt) -0.035 -0.037 0.018 -0.008 0.088 0.053 -0.042 -0.024 

NoOption -0.259 -0.546 0.174 0.008 0.023 0.045 -0.481 -0.411 

HighFails 0.047 -0.193 -0.123 -0.003 0.025 0.008 -0.125 -0.059 
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Table II: continued 

 

Panel B: Average Correlations Across Days (continued) 

 Ln(IdioVol) Ln(Turnover) Ln(ShortInt) ΔLn(ShortInt) NoOption HighFails 

Ln(RtlShort) 0.098 0.372 0.241 0.032 -0.154 0.086 

Ln(RtlShortShrOut) 0.150 0.570 0.334 0.040 -0.196 0.135 

Ln(RtlShortFrac) -0.081 0.364 0.258 0.008 -0.288 -0.007 

Ln(RtlTrade) 0.510 -0.178 -0.271 0.035 0.433 0.206 

RtlImb -0.002 0.081 0.056 0.006 -0.033 0.021 

Beta 0.052 0.365 0.462 -0.035 -0.259 0.047 

Ln(Size) -0.546 0.196 0.226 -0.037 -0.546 -0.193 

Ln(BM) -0.024 -0.154 -0.185 0.018 0.174 -0.123 

Ret[-4,0] 0.010 0.071 -0.027 -0.008 0.008 -0.003 

Ret[-25,-5] 0.101 0.068 -0.044 0.088 0.023 0.025 

Ret[-251,-26] 0.112 0.167 -0.004 0.053 0.045 0.008 

Ln(Analysts) -0.314 0.284 0.179 -0.042 -0.481 -0.125 

Ln(MediaCvg) -0.241 0.257 0.172 -0.024 -0.411 -0.059 

Ln(IdioVol) 1.000 0.172 -0.023 0.059 0.243 0.273 

Ln(Turnover) 0.172 1.000 0.574 0.039 -0.353 0.207 

Ln(ShortInt) -0.023 0.574 1.000 0.072 -0.388 0.268 

ΔLn(ShortInt) 0.059 0.039 0.072 1.000 0.048 0.046 

NoOption 0.243 -0.353 -0.388 0.048 1.000 0.026 

HighFails 0.273 0.207 0.268 0.046 0.026 1.000 
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Table III 

Calendar-Time Returns of Retail Shorting Portfolios 

 

This table presents calendar-time returns for portfolios based on weekly retail short selling (RtlShort). Each day, we sort firms into five portfolios 

based on retail short selling over the prior week. Quintile 1 contains stocks with zero shorting, and Quintiles 2 through 5 represent a quartile sort 

of the remaining stocks. We evaluate the returns to these portfolios in calendar time during days [x,y] after formation. To mitigate the Blume and 

Stambaugh (1983) bias, we weight firms within each cohort portfolio on calendar day t by their gross returns on day t – 1. When evaluating 

portfolios’ returns at horizons exceeding one day, we use an overlapping procedure as in Jegadeesh and Titman (1993). Specifically, the calendar 

day t return of each portfolio during horizon [x,y] days after formation is the average of day t returns of the analogous portfolios formed on days 

t – x through t – y. Panel A presents daily Fama and French (1993) three-factor alphas and average raw returns at various horizons. Panel B 

presents three-factor loadings for the [2,20] horizon, where b(rmrf), b(smb), and b(hml) denote the loadings on the market, size, and value factors. 

Newey and West (1987) t-statistics based on five lags appear in parentheses. 

Panel A: Three-Factor Alphas and Returns on Days [x,y] 

   Three-Factor Alpha    Excess Return  

Shorting Quintile  [1,1] [2,20] [21,40] [41,60] [61,252]  [1,1] [2,20] [21,40] [41,60] [61,252] 

1  0.018 0.011 0.009 0.004 0.005  0.056 0.049 0.043 0.042 0.036 

2  0.005 0.003 0.003 0.002 -0.002  0.050 0.046 0.044 0.047 0.034 

3  -0.002 -0.003 -0.006 -0.002 -0.005  0.046 0.044 0.037 0.045 0.031 

4  -0.020 -0.012 -0.012 -0.012 -0.011  0.030 0.037 0.033 0.037 0.025 

5  -0.049 -0.025 -0.023 -0.015 -0.017  0.003 0.026 0.022 0.033 0.018 

             

5 – 1 spread  -0.067 -0.036 -0.031 -0.019 -0.022  -0.053 -0.023 -0.021 -0.009 -0.018 

t-stat  (-8.01) (-4.92) (-4.04) (-2.38) (-3.28)  (-3.94) (-1.78) (-1.60) (-0.72) (-1.57) 
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Table III: continued 

Panel B: Factor Loadings 

Shorting Quintile  b(rmrf) b(smb) b(hml)  Firms per day 

1  0.794 0.653 0.118  1612 

2  1.015 0.489 0.033  441 

3  1.078 0.671 0.009  441 

4  1.125 0.853 0.004  441 

5  1.068 0.988 0.112  441 

       

5 – 1 spread  0.274 0.335 -0.006   

t-stat  (16.73) (12.27) (-0.18)   
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Table IV 

Retail Shorting Portfolios within Initial Sorts by Size, Analyst Coverage, and Media Coverage 

 

This table presents calendar-time returns for portfolios based on two-way dependent sorts. The first sort 

is based on an information environment variable: either size, analyst coverage, or media coverage. Within 

each information environment quintile, we sort on weekly retail short selling (RtlShort) and evaluate 

portfolio returns using the calendar-time procedure in Table III. Panel A presents results from portfolios 

first sorted into Size quintiles using NYSE breakpoints. Panels B and C present results from portfolios 

first sorted into quintiles based on the number of analysts with nonmissing earnings forecasts and media 

coverage over the prior quarter, respectively. All portfolios’ returns are evaluated in days [2,20], and the 

numbers in the table are daily Fama and French (1993) three-factor alphas expressed in percent. Newey 

and West (1987) t-statistics based on five lags appear in parentheses. 

Panel A: Portfolios Sorted First on Size and then Retail Shorting 

 NYSE Size Quintile  

Shorting Quintile 1 2 3 4 5 5 – 1 spread 

1 0.016 0.005 0.012 0.013 0.004 -0.012 

2 -0.005 0.001 0.017 0.007 0.008 0.013 

3 -0.011 -0.012 -0.004 0.002 0.006 0.017 

4 -0.018 -0.016 -0.011 -0.002 0.000 0.018 

5 -0.027 -0.027 -0.021 -0.011 0.001 0.028 

       

5 – 1 spread -0.043 -0.032 -0.033 -0.024 -0.003 0.040 

t-stat (-4.53) (-3.13) (-2.92) (-2.08) (-0.25) (2.97) 

Panel B: Portfolios First Sorted on Analyst Coverage and then Retail Shorting 

 Analyst Coverage Quintile  

Shorting Quintile 1 2 3 4 5 5 – 1 spread 

1 0.017 0.002 -0.005 0.008 0.005 -0.011 

2 -0.003 0.002 0.001 -0.001 0.009 0.013 

3 0.006 -0.013 -0.012 -0.007 0.002 -0.003 

4 -0.016 -0.022 -0.014 -0.015 -0.003 0.013 

5 -0.034 -0.048 -0.017 -0.018 -0.014 0.020 

       

5 – 1 spread -0.050 -0.050 -0.012 -0.026 -0.020 0.031 

t-stat (-3.87) (-4.49) (-1.23) (-2.32) (-1.67) (1.93) 
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Table IV: continued 

 

Panel C: Portfolios First Sorted on Media Coverage and then Retail Shorting 

 Media Coverage Quintile  

Shorting Quintile 1 2 3 4 5 5 – 1 spread 

1 0.025 0.007 0.010 0.004 -0.002 -0.027 

2 -0.004 -0.011 -0.001 0.005 0.010 0.014 

3 -0.002 -0.012 -0.008 -0.005 0.002 0.005 

4 -0.014 -0.014 -0.017 -0.014 -0.005 0.010 

5 -0.016 -0.036 -0.028 -0.025 -0.014 0.002 

       

5 – 1 spread -0.040 -0.043 -0.037 -0.028 -0.012 0.029 

t-stat (-3.13) (-4.31) (-4.03) (-2.87) (-1.15) (2.04) 
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Table V 

Retail Shorting Portfolios within Initial Sorts by Retail Buying or Selling 

 

This table presents calendar-time returns for portfolios based on two-way dependent sorts. Prior to 

conducting the two-way sorts, we stratify the sample into NYSE market equity quintiles. We average 

two-way portfolio returns across the five size strata. The first sort is a quintile sort based on a measure of 

retail investor buying or selling: either weekly shares bought less long positions sold by retail investors, 

scaled by total trading volume (RtlImb) in Panel A, or long positions sold by retail investors within the 

week (RtlSell) in Panel B. The second sort in each panel is based on retail short selling scaled by total 

trading volume (RtlShort). We evaluate all portfolios’ returns in days [2,20] after formation. The table 

reports daily Fama and French (1993) three-factor alphas expressed in percent. Newey and West (1987) 

t-statistics based on five lags appear in parentheses. 

Panel A: Portfolios First Sorted by Retail Long Imbalance 

  Retail Imbalance Quintile    

 1 2 3 4 5  5 – 1 spread 

Shorting Quintile        

1 0.001 0.006 0.008 0.017 0.023  0.022 

2 0.008 0.002 0.003 0.005 0.010  0.002 

3 0.001 -0.002 -0.008 -0.006 -0.004  -0.006 

4 -0.001 -0.007 -0.009 -0.015 -0.011  -0.009 

5 -0.005 -0.018 -0.017 -0.017 -0.025  -0.019 

        

5 – 1 spread -0.007 -0.024 -0.024 -0.034 -0.048  -0.042 

t-stat (-0.95) (-3.62) (-3.34) (-3.53) (-4.23)  (-4.34) 

        

Panel B: Portfolios First Sorted by Retail Long Selling 

  Retail Selling Quintile    

 1 2 3 4 5  5 – 1 spread 

Shorting Quintile        

1 0.011 0.015 0.012 0.007 0.007  -0.004 

2 0.006 0.005 0.006 0.002 0.000  -0.006 

3 0.004 -0.001 -0.006 -0.002 -0.008  -0.011 

4 -0.007 -0.004 -0.008 -0.008 -0.013  -0.006 

5 -0.018 -0.018 -0.016 -0.020 -0.021  -0.002 

        

5 – 1 spread -0.029 -0.034 -0.028 -0.027 -0.028  0.001 

t-stat (-4.53) (-4.75) (-3.77) (-2.90) (-2.22)  (0.10) 
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Table VI 

Retail Shorting Portfolios within Initial Sorts by Institutional Shorting 

 

This table presents calendar-time returns for portfolios based on two-way dependent sorts. Prior to 

conducting the two-way sorts, we stratify the sample by size as in Table V. The first sort is a quintile sort 

based on one of two proxies for institutional shorting: either short interest scaled by shares outstanding 

(ShortInt) as in Panel A, or total weekly short selling scaled by volume (AllShort) as in Panel B. The second 

sort in each panel is based on retail short selling (RtlShort). We evaluate all portfolios’ returns during days 

[2,20] after formation. The table reports daily Fama and French (1993) three-factor alphas expressed in 

percent. Newey and West (1987) t-statistics based on five lags appear in parentheses. 

Panel A: Portfolios First Sorted by Short Interest 

  Short Interest Quintile    

Shorting Quintile 1 2 3 4 5  5 – 1 spread 

1 0.025 0.009 0.004 0.000 -0.003  -0.028 

2 0.047 0.007 0.009 -0.005 -0.007  -0.054 

3 0.026 0.007 -0.005 -0.009 -0.024  -0.049 

4 0.010 -0.001 0.002 -0.011 -0.036  -0.045 

5 0.009 -0.010 -0.004 -0.017 -0.043  -0.052 

        

5 – 1 spread -0.015 -0.019 -0.008 -0.017 -0.040  -0.025 

t-stat (-2.20) (-2.18) (-0.81) (-1.81) (-3.38)  (-1.94) 

        

Panel B: Portfolios First Sorted by Total Shorting 

  Total Shorting Quintile    

Shorting Quintile 1 2 3 4 5  5 – 1 spread 

1 0.014 0.008 0.002 -0.001 -0.005  -0.020 

2 0.002 0.008 0.005 -0.004 -0.007  -0.008 

3 0.008 0.001 0.000 -0.011 -0.008  -0.016 

4 -0.002 -0.003 -0.007 -0.011 -0.020  -0.018 

5 -0.011 -0.013 -0.012 -0.024 -0.022  -0.012 

        

5 – 1 spread -0.025 -0.020 -0.014 -0.023 -0.017  0.008 

t-stat (-2.38) (-1.87) (-1.27) (-2.05) (-1.35)  (0.67) 
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Table VII 

Retail Shorting Portfolios with No Opportunistic Insider Sales 

 

This table presents calendar-time returns for portfolios based on weekly retail short selling (RtlShort) as in Table III after eliminating stocks 

containing opportunistic sales by executives during the week in which retail shorting is measured. We define opportunistic sales as in Cohen, 

Malloy, and Pomorski (2012). To mitigate the Blume and Stambaugh (1983) bias, we weight firms within each cohort portfolio on calendar day 

t by their gross returns on day t – 1. The table reports daily Fama and French three-factor alphas and average raw returns at various horizons. 

Newey and West (1987) t-statistics based on five lags appear in parentheses. 

   3-Factor Alpha    Excess Return  

Shorting Quintile  [1,1] [2,20] [21,40] [41,60] [61,252]  [1,1] [2,20] [21,40] [41,60] [61,252] 

1  0.019 0.012 0.009 0.004 0.005  0.057 0.049 0.043 0.042 0.036 

2  0.006 0.003 0.002 0.002 -0.002  0.050 0.047 0.044 0.047 0.034 

3  -0.001 -0.002 -0.007 -0.002 -0.005  0.046 0.044 0.037 0.045 0.031 

4  -0.020 -0.012 -0.012 -0.012 -0.011  0.031 0.038 0.033 0.036 0.026 

5  -0.049 -0.025 -0.022 -0.015 -0.016  0.003 0.026 0.022 0.033 0.019 

             

5 – 1 spread  -0.068 -0.036 -0.031 -0.019 -0.022  -0.054 -0.024 -0.021 -0.009 -0.018 

t-stat  (-8.13) (-5.00) (-4.03) (-2.38) (-3.25)  (-4.03) (-1.82) (-1.59) (-0.72) (-1.55) 
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Table VIII 

Portfolios Sorted by Retail Shorting Based on Orders of Different Sizes 

 

This table presents calendar-time returns for portfolios based on weekly retail short selling 

measures based on orders of varying sizes. We define order size groups based on each stock’s 25th 

and 75th order size percentiles computed over the prior quarter. We compute the variable RtlShort 

separately using large (order size ≥ P75), medium (P25 < order size < P75), and small (order size 

 P25) trades. We measure portfolios’ calendar-time returns as described in Table III. The table 

reports daily Fama and French (1993) three-factor alphas over days [2,20]. Newey and West 

(1987) t-statistics based on five lags appear in parentheses. 

 Large orders  Medium orders  Small orders 

Shorting Quintile (order size ≥ P75)  (P75 > order size > P25)  (order size  P25) 

1 0.008  0.008  0.006 

2 -0.002  0.000  -0.006 

3 -0.012  -0.008  -0.013 

4 -0.016  -0.018  -0.009 

5 -0.029  -0.025  -0.018 

      

5 – 1 spread -0.036  -0.034  -0.024 

t-stat (-4.82)  (-4.20)  (-3.33) 
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Table IX 

Cross-sectional Regressions of Returns on Retail Shorting and Control Variables 
 

This table presents results from daily Fama-MacBeth (1973) regressions of stocks’ returns from days t + 2 through t 

+ 20 on retail shorting (RtlShort) and control variables measured as of day t. The independent variables are as defined 

in Table I, and all are standardized each day t. The dependent variable in Panel A is a stock’s Fama and French (1993) 

three-factor cumulative abnormal return, measured in percent, with factor loadings based on daily data from the prior 

year. The dependent variable in Panel B is a stock’s raw return, measured in percent. Regressions apply observation 

weights equal to stocks’ lagged gross returns. The table reports average regression coefficients. Newey-West (1987) 

t-statistics with 19 lags appear in parentheses. 

Panel A: Regressions Predicting Three-Factor CARs on Days t + 2 to t + 20 

 Model 1  Model 2  Model 3  Model 4  Model 5 

Ln(RtlShort) -0.271  -0.185  -0.188  -0.154  -0.188 

 (-7.39)  (-7.48)  (-7.66)  (-4.30)  (-7.66) 

Ln(RtlShort) x SizeQuint       0.028   

       (1.30)   

RtlImb     0.104     

     (5.21)     

Ln(AllShort)       -0.098   

       (-2.21)   

Ln(AllShort) x SizeQuint       -0.110   

       (-3.34)   

Ln(RtlShort) x InsideSale         0.193 

         (1.63) 

InsideSale         -0.272 

         (-2.26) 

Ln(Lag_ShortInt)   -0.474  -0.474  -0.467  -0.474 

   (-5.41)  (-5.44)  (-4.08)  (-5.41) 

ΔLn(Lag_ShortInt)   -0.105  -0.106  -0.114  -0.105 

   (-3.08)  (-3.13)  (-2.50)  (-3.07) 

Ret[-4,0]   -0.115  -0.116  -0.096  -0.115 

   (-2.60)  (-2.61)  (-1.80)  (-2.59) 

Ret[-25,-5]   -0.005  -0.001  0.089  -0.002 

   (-0.07)  (-0.01)  (1.17)  (-0.04) 

Ret[-251,26]   0.176  0.177  0.199  0.178 

   (2.01)  (2.02)  (2.44)  (2.04) 

Ln(IdioVol)   -0.242  -0.241  -0.207  -0.242 

   (-2.00)  (-1.99)  (-2.22)  (-2.00) 

Ln(Turnover)   0.190  0.182  0.250  0.192 

   (2.58)  (2.45)  (2.45)  (2.60) 

SizeQuint       -0.097   

       (-2.63)   

Intercept -0.061  -0.113  -0.113  -0.045  -0.106 

 (-0.64)  (-1.15)  (-1.15)  (-0.67)  (-1.08) 

          

R2 0.002  0.027  0.028  0.025  0.028 

Avg. Stocks 3359  3278  3278  3424  3278 
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Table IX: continued 

 

Panel B: Regressions Predicting Raw Returns on Days t + 2 to t + 20 

 Model 1  Model 2  Model 3  Model 4  Model 5 

Ln(RtlShort) -0.147  -0.136  -0.139  -0.118  -0.139 

 (-3.13)  (-5.24)  (-5.35)  (-2.46)  (-5.35) 

Ln(RtlShort) x SizeQuint       0.035   

       (1.36)   

RtlImb     0.080     

     (3.74)     

Ln(AllShort)       -0.035   

       (-0.63)   

Ln(AllShort) x SizeQuint       -0.063   

       (-1.78)   

Ln(Lag_ShortInt)   -0.396  -0.396  -0.465  -0.397 

   (-5.93)  (-5.94)  (-5.70)  (-5.94) 

ΔLn(Lag_ShortInt)   -0.106  -0.107  -0.121  -0.106 

   (-3.12)  (-3.16)  (-2.72)  (-3.11) 

Ln(RtlShort) x InsideSale         0.143 

         (1.25) 

InsideSale         -0.278 

         (-2.34) 

Beta -0.074  0.063  0.063  0.211  0.063 

 (-0.52)  (0.53)  (0.53)  (2.12)  (0.54) 

Ln(Size) 0.034  -0.135  -0.139    -0.134 

 (0.22)  (-1.52)  (-1.57)    (-1.52) 

Ln(BM) 0.189  0.141  0.142  0.092  0.140 

 (2.72)  (2.14)  (2.15)  (1.17)  (2.13) 

Ret[-4,0]   -0.127  -0.128  -0.089  -0.126 

   (-2.83)  (-2.85)  (-1.61)  (-2.82) 

Ret[-25,-5]   -0.017  -0.013  0.062  -0.014 

   (-0.26)  (-0.21)  (0.80)  (-0.22) 

Ret[-251,26]   0.193  0.196  0.234  0.195 

   (2.32)  (2.35)  (2.83)  (2.35) 

Ln(IdioVol)   -0.272  -0.272  -0.250  -0.272 

   (-2.71)  (-2.71)  (-2.48)  (-2.71) 

Ln(Turnover)   0.262  0.255  0.294  0.264 

   (3.23)  (3.14)  (2.83)  (3.26) 

SizeQuint       -0.033   

       (-0.57)   

Intercept 0.894  0.847  0.848  0.795  0.854 

 (2.01)  (1.93)  (1.93)  (1.77)  (1.94) 

          

R2 0.027  0.049  0.049  0.038  0.050 

Avg. Stocks 3086  3012  3012  3136  3012 
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Table X 

Cross-Sectional Regressions of News and Non-news Day Returns on Retail Shorting 

 

This table presents results from daily Fama-MacBeth (1973) regressions of Fama and French (1993) three-factor abnormal returns on day t + k, 

measured in percent, on retail shorting (RtlShort) and retail shorting interacted with NewsJ
t+k. The variable NewsJ

t+k equals 1 if there is a type-J 

news story on day t + k and 0 otherwise. The types of news, as determined by RavenPack, are all relevant firm-specific stories, earnings stories, 

analyst stories, revenue stories, and merger stories. The final type of news is all firm-specific stories in the Dow Jones Newswires database. All 

models include the control variables in Table IX Model 2. The columns labeled k = 1,..,5 differ only in the timing of the dependent return variable 

and concurrent news. Independent variables are standardized each day t. Regressions weight observations by lagged gross returns. The table reports 

average regression coefficients. Newey-West (1987) t-statistics with one lead and lag appear in parentheses. The News Multiple column presents 

the average (across k = 1,..,5) news day regression coefficient scaled by the average non-news day coefficient. 

News Type (J) Independent Variable k = 1   k = 2   k = 3   k = 4   k = 5   News Multiple 

All Ravenpack Ln(RtlShort) -0.015  -0.013  -0.012  -0.010  -0.009   

  (-6.49)  (-5.64)  (-5.08)  (-4.39)  (-4.22)   

 Ln(RtlShort) x NewsJ
t+k -0.046  -0.040  -0.023  -0.028  -0.024  3.745 

  (-4.03)  (-3.36)  (-1.83)  (-2.32)  (-1.95)     

Earnings Ln(RtlShort) -0.016   -0.015   -0.013   -0.011   -0.010   

  (-7.08)  (-6.27)  (-5.25)  (-4.79)  (-4.46)   

 Ln(RtlShort) x NewsJ
t+k -0.010  -0.034  0.022  -0.043  -0.036  2.578 

    (-0.17)   (-0.54)   (0.33)   (-0.67)   (-0.56)     

Analysts Ln(RtlShort) -0.018  -0.016  -0.014  -0.011  -0.010   

  (-7.54)  (-6.94)  (-5.82)  (-4.83)  (-4.73)   

 Ln(RtlShort) x NewsJ
t+k -0.175  -0.085  -0.125  -0.114  -0.053  9.031 

  (-3.38)  (-1.93)  (-2.19)  (-2.26)  (-1.04)     

Revenues Ln(RtlShort) -0.016   -0.014   -0.012   -0.010   -0.010   

  (-6.99)  (-6.15)  (-5.10)  (-4.80)  (-4.50)   

 Ln(RtlShort) x NewsJ
t+k -0.028  -0.028  -0.010  0.006  0.011  1.770 

    (-0.66)   (-0.60)   (-0.23)   (0.14)   (0.26)     

Mergers Ln(RtlShort) -0.019  -0.016  -0.014  -0.012  -0.011   

  (-8.05)  (-6.89)  (-5.72)  (-5.17)  (-4.91)   

 Ln(RtlShort) x NewsJ
t+k -0.085  -0.139  -0.096  -0.095  -0.099  8.214 

    (-1.53)   (-2.69)   (-1.77)   (-1.77)   (-1.89)     

All DJ Newswires Ln(RtlShort) -0.015  -0.013  -0.011  -0.009  -0.009   

  (-6.39)  (-5.70)  (-4.88)  (-4.16)  (-3.93)   

 Ln(RtlShort) x NewsJ
t+k -0.027  -0.022  -0.017  -0.018  -0.017  2.764 

    (-4.38)   (-3.70)   (-2.94)   (-3.11)   (-2.89)     
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Table XI 

Panel Regressions of News Tone on Retail Shorting and Control Variables 

 

This table presents results from panel regressions of future news tone on retail shorting (RtlShort) and control 

variables measured as of day t. The news tone variable in Panels A and B is the average Event Sentiment Score 

(ESS[x,y]) provided by Ravenpack for Dow Jones news stories from day t + x through day t + y. Dependent 

variables are constructed using all news stories, earnings news stories, analyst news stories, revenue news stories, 

and merger and acquisition (M&A) news stories separately. The news tone variable in Panel C (Neg[x,y]) is the 

percentage of words in Dow Jones news stories from day t + x through day t + y that appear in the list of Harvard-

IV negative words and the percentage that appear in the list of financial negative words of Loughran and 

McDonald (2011), using weights of 1/3 and 2/3, respectively, as in Kelley and Tetlock (2013). In constructing 

this variable, only news stories contain the word-stem “Earn” are included. When no news stories occur in days 

[x,y], news tone variables are set to their day-t cross-sectional means. The variable MediaCvg[x,y] is the natural 

log of the number of news stories from days t + x through t + y scaled by the number of days in the interval. The 

variable AbnMediaCvg[x,y] is MediaCvg[x,y] less MediaCvg[-251,-26]. A small constant of one divided by the 

number of days in a year is added prior to each natural log transformation for the MediaCvg variables. Other 

variables are as defined in Table I. All variables are standardized based on the entire panel. Each regression 

includes time fixed effects and employs standard errors clustered by firm. Numbers in the table are regression 

coefficients, and t-statistics appear in parentheses. 
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Table XI: continued      

Panel A: Regressions Predicting ESS on Days t + 2 to t + 20 

 ESS[2,20] ESS[2,20] ESS[2,20] ESS[2,20] ESS[2,20] 

 All Earnings Analysts Revenue M&A 

ESS[-4,0] 0.0481 -0.0049 0.0111 -0.0022 0.0107 

 (29.22) (-4.24) (8.09) (-1.67) (5.55) 

ESS[-25,-5] 0.0267 -0.0109 0.0064 -0.0098 0.0092 

 (11.60) (-5.40) (3.32) (-4.42) (4.42) 

ESS[-251,-26] 0.1306 0.0944 -0.0017 0.0714 -0.0133 

 (40.08) (30.02) (-0.77) (19.57) (-4.59) 

Ln(RtlShort) -0.0055 -0.0082 -0.0071 0.0024 -0.0008 

 (-3.04) (-4.09) (-4.33) (1.06) (-0.35) 

RtlImb 0.0019 0.0048 -0.0011 0.0059 -0.0051 

 (1.38) (2.97) (-1.59) (3.82) (-5.56) 

Ln(Lag(ShortInt) -0.0355 -0.0268 -0.0272 -0.0040 -0.0081 

 (-10.55) (-7.10) (-9.15) (-0.90) (-1.66) 

ΔLn(ShortInt) -0.0087 -0.0067 -0.0096 -0.0002 -0.0029 

 (-4.59) (-3.45) (-6.13) (-0.09) (-1.56) 

Ln(IdioVol) -0.0001 -0.0211 0.0099 -0.0045 0.0115 

 (-0.02) (-7.06) (4.17) (-1.40) (2.69) 

Ln(Turnover) 0.0061 0.0106 -0.0014 0.0106 0.0084 

 (2.07) (3.24) (-0.56) (2.79) (2.15) 

Ret[-4,0] -0.0172 0.0198 -0.0110 0.0118 0.0006 

 (-12.14) (15.19) (-9.47) (8.94) (0.65) 

Ret[-25,-5] -0.0115 0.0406 -0.0145 0.0292 0.0001 

 (-5.36) (19.00) (-7.63) (12.81) (0.05) 

Ret[-251,-26] 0.0473 0.1120 0.0372 0.0956 -0.0235 

 (15.80) (28.69) (15.39) (25.01) (-8.26) 

Beta 0.0057 0.0038 0.0183 0.0115 -0.0199 

 (1.93) (1.10) (7.15) (2.91) (-5.29) 

Ln(Size) 0.0319 0.0406 -0.0017 0.0143 0.0595 

 (8.44) (10.50) (-0.48) (2.98) (6.54) 

Ln(BM) -0.0152 -0.0174 -0.0155 -0.0389 0.0191 

 (-5.36) (5.41) (-6.21) (-9.46) (4.87) 
AbnMediaCvg[-4,0] -0.0464 -0.0054 0.0095 -0.0144 0.0021 

 (-24.73) (-3.40) (6.78) (-7.98) (1.00) 

AbnMediaCvg[-25,-5] -0.0209 0.0009 0.0075 -0.0150 -0.0021 

 (-9.15) (0.36) (4.25) (-5.65) (-1.11) 

MediaCvg[-251,-26] -0.0193 0.0020 0.0036 -0.0194 -0.0063 

 (-7.59) (0.80) (2.00) (-6.46) (-1.83) 

Time Fixed Effects Yes Yes Yes Yes Yes 

Clustered Standard Errors By Firm By Firm By Firm By Firm By Firm 

R2 0.0317 0.0302 0.0029 0.0191 0.0033 

Avg. Firms 3,026 3,026 3,026 3,026 3,026 

Days 1,148 1,148 1,148 1,148 1,148 
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Table XI: continued 

Panel B: Regressions Predicting ESS on Days t + 21 to t + 60 

 ESS[21,40] ESS[41,60] ESS[21,40] ESS[41,60] 

 All All Earnings Earnings 

ESS[-4,0] 0.0282 0.0432 -0.0064 0.0049 

 (16.63) (27.88) (-5.10) (3.71) 

ESS[-25,-5] 0.0477 0.1275 0.0075 0.1069 

 (21.60) (50.19) (3.84) (40.39) 

ESS[-251,-26] 0.1219 0.0792 0.0882 0.0414 

 (35.86) (23.98) (27.59) (13.03) 

Ln(RtlShort) -0.0024 0.0026 -0.0062 -0.0038 

 (-1.27) (1.42) (-3.00) (-1.85) 

RtlImb -0.0014 0.0004 0.0008 0.0016 

 (-0.99) (0.29) (0.51) (0.98) 

Ln(Lag(ShortInt)) -0.0330 -0.0306 -0.0272 -0.0269 

 (-9.36) (-8.76) (-6.92) (-6.83) 

ΔLn(Lag(ShortInt)) -0.0105 -0.0108 -0.0081 -0.0080 

 (-5.47) (-5.38) (-4.28) (-4.11) 

Ln(IdioVol) 0.0056 0.0051 -0.0213 -0.0156 

 (1.99) (1.80) (-6.83) (-4.98) 

Ln(Turnover) 0.0021 0.0012 0.0101 0.0094 

 (0.66) (0.39) (2.98) (2.82) 

Ret[-4,0] -0.0064 0.0013 0.0174 0.0188 

 (-5.06) (1.03) (13.89) (13.76) 

Ret[-25,-5] 0.0008 0.0204 0.0352 0.0580 

 (0.36) (9.40) (15.52) (21.76) 

Ret[-251,-26] 0.0536 0.0489 0.1121 0.0971 

 (16.70) (15.56) (28.07) (25.15) 

Beta 0.0038 0.0024 0.0029 0.0020 

 (1.21) (0.80) (0.81) (0.55) 

Ln(Size) 0.0264 0.0264 0.0361 0.0395 

 (6.93) (7.09) (8.90) (9.60) 

Ln(BM) -0.0145 -0.0135 -0.0151 -0.0131 

 (-4.82) (-4.58) (-4.62) (-4.00) 
AbnMediaCvg[-4,0] -0.0113 -0.0056 0.0060 0.0129 

 (-6.79) (-3.56) (4.11) (8.87) 

AbnMediaCvg[-25,-5] -0.0043 -0.0090 0.0058 0.0063 

 (-1.99) (-4.21) (2.75) (3.13) 

MediaCvg[-251,-26] -0.0055 -0.0039 0.0084 0.0096 

 (-2.11) (-1.56) (3.22) (3.70) 

Time Fixed Effects Yes Yes Yes Yes 

Clustered Standard Errors By firm By firm By firm By firm 

R2 0.0280 0.0365 0.0291 0.0357 

Avg. Firms 3,026 3,026 3,026 3,026 

Days 1,148 1,148 1,148 1,148 
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Table XI: continued 

Panel C: Regressions Predicting News Negativity on Days t + 2 to t + 60 

 Neg[2,20] Neg[21,40] Neg[41,60] 

Neg[-4,0] 0.0399 0.0362 0.0841 

 (15.19) (14.52) (39.67) 

Neg[-25,-5] 0.0447 0.0858 0.2133 

 (11.68) (24.63) (57.47) 

Neg[-251,-26] 0.2446 0.2372 0.1816 

 (39.10) (39.09) (36.35) 

Ln(RtlShort) 0.0151 0.0134 0.0097 

 (7.86) (6.87) (5.48) 

RtlImb -0.0025 -0.0036 -0.0029 

 (-2.17) (-3.03) (-2.48) 

Ln(Lag_ShortInt) -0.0076 -0.0085 -0.0075 

 (-1.76) (-1.93) (-1.95) 

ΔLn(Lag_ShortInt) 0.0019 0.0038 0.0017 

 (1.09) (2.03) (0.96) 

Ln(IdioVol) 0.0286 0.0294 0.0299 

 (9.01) (9.16) (10.26) 

Ln(Turnover) 0.0049 0.0052 0.0053 

 (1.39) (1.44) (1.58) 

Ret[-4,0] -0.0120 -0.0103 -0.0067 

 (-10.37) (-9.03) (-5.75) 

Ret[-25,-5] -0.0224 -0.0170 -0.0125 

 (-11.45) (-8.36) (-6.36) 

Ret[-251,-26] -0.0325 -0.0329 -0.0285 

 (-10.70) (-10.71) (-10.19) 

Beta -0.0196 -0.0205 -0.0190 

 (-6.00) (-6.25) (-6.53) 

Ln(Size) 0.0418 0.0515 0.0513 

 (6.76) (8.37) (9.40) 

Ln(BM) 0.0085 0.0087 0.0090 

 (2.21) (2.27) (2.70) 

AbnMediaCvg[-4,0] 0.0439 0.0288 -0.0072 

 (18.56) (13.21) (-3.98) 

AbnMediaCvg[-25,-5] 0.0479 -0.0232 -0.0191 

 (16.69) (-8.90) (-8.26) 

MediaCvg[-251,-26] 0.0416 0.0254 0.0097 

 (7.29) (4.46) (1.96) 

Time Fixed Effects Yes Yes Yes 

Clustered Standard Errors By firm By firm By firm 

R2 0.0895 0.0929 0.1266 

Avg. Firms 3,026 3,026 3,026 

Days 1,148 1,148 1,148 
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Table XII 

Cross-sectional Regressions of Returns on Retail Shorting: 

The Impact of Controlling for Past Returns 

 

This table compares daily Fama-MacBeth (1973) regressions coefficient from Models 1 and 2 in 

Table IX when past return controls are either included or excluded from the models. The return 

controls are Ret[-4,0], Ret[-25,-5], and Ret[-251,-26]. The dependent variable in the first column 

is the Fama and French (1993) three-factor cumulative abnormal return, measured in percent, with 

factor loadings based on daily data from the prior year. The dependent variable in second column 

is raw return, measured in percent. Regressions weight observations by lagged gross returns, and 

independent variables are standardized each day t. The table reports only the average coefficient 

on retail shorting. Newey-West (1987) t-statistics with 19 lags appear in parentheses. 

 Dependent Variable  Dependent Variable 

Model (from Table IX) is CAR[2,20]  is Ret[2,20] 

Model 1 -0.271  -0.147 

 (-7.39)  (-3.13) 

Model 1, with return controls added -0.278  -0.152 

 (-8.48)  (-3.45) 

Model 2 -0.185  -0.136 

 (-7.48)  (-5.24) 

Model 2, with return controls removed -0.188  -0.140 

 (-7.14)  (-5.21) 

    
 
  

 



54 

Table XIII 

Retail Shorting, Buying, and Selling Portfolios within Initial Sorts by Short-Sale Constraints 
 

This table presents calendar-time returns for portfolios based on two-way dependent sorts. The first sort is based on short-selling 

constraints, as measured by either NoOption in Panel A or HighFails in Panel B. The NoOption dummy equals one if a stock 

has traded options in the prior quarter. The HighFails dummy equals one if fails-to-deliver shares exceed 0.1% of shares 

outstanding in the prior week. The second sort is based on quintiles, Q1 to Q5, of either retail short selling (RtlShort), buying 

(RtlBuy), or long selling (RtlSell). We stratify the sample by size based on NYSE market equity quintiles as in Table V. In Panel 

A, we use five strata based on all five size quintiles; in Panel B, we use two strata based on the bottom two and top three size 

quintiles. We evaluate portfolios’ returns during days [2,20] after formation. The table reports daily Fama and French (1993) 

three-factor alphas expressed in percent. Newey and West (1987) t-statistics based on five lags appear in parentheses. 

Panel A: No Options Trading as Measure of Shorting Constraints 

Constraints: No Yes Yes Yes Yes Yes Yes 

Second Sort [1] RtlShort [2] RtlShort [3] RtlBuy [4] RtlSell [1] - [2] [2] - [3] [2] - [4] 

Q1 0.012 0.001 -0.011 0.002 -0.011 0.012 -0.001 

Q2 0.004 -0.001 -0.003 -0.003 -0.005 0.002 0.001 

Q3 -0.004 -0.015 -0.004 -0.009 -0.011 -0.011 -0.007 

Q4 -0.007 -0.022 -0.006 -0.014 -0.015 -0.016 -0.008 

Q5 -0.014 -0.031 -0.007 -0.008 -0.017 -0.023 -0.022 

        
Q5 – Q1 spread -0.026 -0.032 0.004 -0.010 -0.006 -0.035 -0.022 

t-stat (-2.91) (-3.16) (0.35) (-0.90) (-0.65) (-3.87) (-2.11) 

        
Avg. Stocks 1743 1633 1633 1633       

        
Panel B: High Fails-to-Deliver as Measure of Shorting Constraints 

Constraints: No Yes Yes Yes Yes Yes Yes 

Second Sort [1] RtlShort [2] RtlShort [3] RtlBuy [4] RtlSell [1] - [2] [2] - [3] [2] - [4] 

Q1 0.006 -0.016 -0.016 -0.011 -0.022 0.001 -0.005 

Q2 0.004 -0.026 -0.008 -0.009 -0.030 -0.019 -0.018 

Q3 0.000 -0.029 -0.020 -0.021 -0.029 -0.009 -0.008 

Q4 -0.005 -0.031 -0.035 -0.030 -0.026 0.004 0.000 

Q5 -0.019 -0.037 -0.040 -0.048 -0.018 0.002 0.010 

        
Q5 – Q1 spread -0.025 -0.022 -0.024 -0.037 0.004 0.002 0.015 

t-stat (-3.56) (-1.50) (-1.07) (-1.60) (0.26) (0.08) (0.67) 

        
Avg. Stocks 2902 524 524 524       
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Table XIV 

Portfolios Based on Retail Trading and Retail Shorting 

 

This table presents calendar-time returns for portfolios based on either a one-way sort or a two-way 

dependent sort. We stratify the sample by size as in Table V. Panel A displays the results from a one-way 

sort into quintiles based on retail trading as a fraction of total trading (RtlTrade). Panel B displays the 

results from a two-way sort in which we sort by retail short selling (RtlShort) within each retail trading 

quintile. We evaluate all portfolios during days [2,20] after formation. The table reports daily Fama and 
French (1993) three-factor alphas expressed in percent. Newey and West (1987) t-statistics based on five 

lags appear in parentheses. 

 Panel A: Portfolios Sorted only on Retail Trading  

 Retail Trading Quintile  

 1 2 3 4 5 5 – 1 spread 

All firms 0.001 0.003 0.003 0.002 0.000 -0.002 

 (0.31) (0.83) (1.09) (0.37) (-0.03) (-0.16) 

   

Panel B: Portfolios Sorted First on Retail Trading and then on Retail Shorting 

 Retail Trading Quintile  

Shorting Quintile 1 2 3 4 5 5 – 1 spread 

1 0.006 0.010 0.013 0.009 0.014 0.008 

2 0.002 0.008 0.009 0.000 0.001 -0.001 

3 0.002 -0.002 -0.003 0.001 -0.009 -0.012 

4 -0.007 -0.004 -0.009 -0.011 -0.016 -0.009 

5 -0.020 -0.016 -0.016 -0.017 -0.022 -0.002 

       

5 – 1 spread -0.026 -0.027 -0.029 -0.026 -0.036 -0.010 

t-stat (-4.79) (-4.30) (-4.00) (-3.08) (-3.08) (-0.84) 
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Table XV 

Portfolios Sorted by Retail Shorting with Alternative Scaling 

 

This table presents calendar-time returns for portfolios based on alternative measures of weekly retail short selling using the calendar-time method 

described in Table III. Panel A contains results using portfolios based on retail shorting scaled by shares outstanding (RtlShortShrOut). Panel B contains 

results using portfolios based on retail shorting scaled by total retail trading (RtlShortFrac). We evaluate all portfolios during five horizons after 

formation: days [1,1], [2,20], [21,40], [41,60], and [61,252]. The table reports daily Fama and French (1993) three-factor alphas and raw returns in 

excess of the risk-free rate, both expressed in percent. Newey and West (1987) t-statistics based on five lags appear in parentheses. 

Panel A: Shorting Portfolios Based on Retail Shorting Scaled by Shares Outstanding 

  3-Factor Alpha  Excess Return 

Shorting Quintile  [1,1] [2,20] [21,40] [41,60] [61,252]  [1,1] [2,20] [21,40] [41,60] [61,252] 

1  0.018 0.011 0.009 0.004 0.005  0.056 0.049 0.043 0.042 0.036 

2  0.000 0.003 0.005 0.004 -0.001  0.043 0.044 0.045 0.048 0.035 

3  -0.005 -0.001 -0.002 0.000 -0.002  0.042 0.045 0.041 0.047 0.035 

4  -0.014 -0.008 -0.010 -0.008 -0.009  0.036 0.041 0.035 0.041 0.027 

5  -0.048 -0.030 -0.032 -0.024 -0.024  0.007 0.023 0.016 0.027 0.012 

             

5 – 1 spread  -0.066 -0.042 -0.040 -0.028 -0.029  -0.049 -0.026 -0.028 -0.016 -0.024 

t-stat  (-6.14) (-4.37) (-4.00) (-2.76) (-3.15)  (-2.85) (-1.51) (-1.58) (-0.94) (-1.61) 

             

Panel B: Shorting Portfolios Based on Retail Shorting Scaled by Total Retail Trading 

  3-Factor Alpha  Excess Return 

Shorting Quintile  [1,1] [2,20] [21,40] [41,60] [61,252]  [1,1] [2,20] [21,40] [41,60] [61,252] 

1  0.018 0.012 0.009 0.004 0.005  0.057 0.050 0.044 0.043 0.036 

2  -0.003 -0.001 -0.006 -0.003 -0.010  0.047 0.048 0.039 0.045 0.028 

3  -0.006 -0.006 -0.008 -0.007 -0.008  0.043 0.042 0.036 0.041 0.029 

4  -0.018 -0.010 -0.011 -0.007 -0.007  0.031 0.037 0.032 0.040 0.028 

5  -0.040 -0.020 -0.013 -0.009 -0.010  0.007 0.026 0.029 0.036 0.025 

             

5 – 1 spread  -0.058 -0.032 -0.022 -0.013 -0.015  -0.050 -0.024 -0.015 -0.007 -0.012 

t-stat  (-7.38) (-4.42) (-3.25) (-1.94) (-2.57)  (-5.35) (-2.75) (-1.78) (-0.77) (-1.53) 
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Figure 1. Alphas of long-short portfolios based on retail shorting. 

Each day t, we sort firms into quintiles based on weekly retail short selling scaled by total volume (RtlShort). 

Quintile 1 comprises stocks with zero retail shorting. Stocks with positive retail shorting are evenly distributed 

across quintiles 2 through 5, with quintile 2 containing stocks with the lowest positive shorting and quintile 5 

containing stocks with the most shorting. Stocks’ portfolio weights are based on their prior-day gross returns to 

mitigate the Blume and Stambaugh (1983) bias. For each event day from t – 25 to t + 60, we compute Fama-

French (1993) three-factor (FF3) alphas for a spread portfolio that is short stocks in shorting quintile 5 and long 

stocks in shorting quintile 1. We plot cumulative alphas across event days and denote the series “All firms.” We 

repeat this procedure within each NYSE market value quintile, with “Size Q1” representing the smallest stocks 

and “Size Q5” representing the largest stocks, and we plot cumulative alphas accordingly. 
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