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Abstract

Our study introduces a measure of Short-Term Osetien (STO) based on weighted daily signed volume
as a predictor of stock returns. We find that STedjrts subsequent stock returns independentliieof t
well-known short-term return reversal and even soies the predictive power of the short-term return
reversal. It is also a significant negative premticof abnormal returns around subsequent earnings
announcements, suggesting that investors are owptilpistic (pessimistic) about high (low) STO dtec
The return predictability of STO tends to be st@mghen investor sentiment is high and for smadl an
illiquid stocks. Our findings provide insights irttte dynamics of investor overreaction in finanaialrkets.
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1. Introduction

A well-known finding in the asset pricing literaguis that stock returns exhibit reversal at
short horizons such as one month. For exampledéegh (1990) shows that a reversal strategy
of buying (selling) stocks with low (high) returnser the past month and holding them for one
month vyields significant profit. Some studies swgjgihat investor overreaction followed by
subsequent correction leads to short-term retwersal (e.g., Cooper 1999, Subrahmanyam 2005).
Others suggest that price reversal serves as a ewmapon for liquidity providers who
accommodate the price pressures caused by nomvafimnal trades (e.g., Campbell et al. 1993,

Avramov et al. 2006).

Both strands of the literature suggest that unusading activities, whether they are driven
by investor overreaction or by non-informationaldes, are the underlying driver of short-term
return predictability. Prior studies have useditrgd/olume as a proxy of investor overreaction
(e.g., Odean 1998, Byun et al. 2016), and Cammbeall. (1993) argue that selling pressure by
non-informational traders must reveal itself in smal volume. If so, a direct measure of

overreaction based on trading volume can be arlpettdictor of short-term return than past return.

Motivated by this idea, we propose a noble predictb short-term return based on
weighted daily signed volume. We multiply the datkading volume by the sign of the
contemporaneous return to capture both the magniadl direction of investor overreactibn.
Then we assign higher weights to the daily signeldmes of later dates to identify the trend of
overreaction. The monthly weighted signed volumeoimiputed as the sum of the daily weighted

signed volumes divided by the average trading veldiring the month.

1 While trading volume can also capture non-infoioratriven trades, we provide evidence that thernepredictability of our
measure is likely to due to investor overreactather than the compensation for liquidity providierSection 3.4.



We find that our measure of short-term overreact®nO) defined as the abnormal level
of weighted signed trading volume predicts stodkrres in the subsequent month. Stocks in the
lowest decile of STO outperform those in the higl&¥O decile in the subsequent month by 0.77%
(0.90%) in equal-weighted (value-weighted) portdaleturns. The results are similar when we
examine risk-adjusted returns (alphas). For exantple lowest STO decile outperforms the
highest STO decile by 0.73% (1.00%) in Fama-Freénfctor alphas of equal-weighted (value-
weighted) portfolios. The results suggest that gward (downward) overreaction predicts

negative (positive) future returns.

As our measure is motivated as an underlying drofeshort-term return reversal, we
ensure that our results are not subsumed by thenrptedictability of the past one-month return.
The results from double-sort analyses show thatehen predictability of the past one-month
return largely disappears after controlling for STile the return predictability of STO remains
significant after controlling for the past one-moneturn. The results confirm that the return
predictability of STO is not subsumed by short-teeturn reversal. Furthermore, the fact that
short-term return reversal largely disappears afatrolling for STO suggests that our measure
is likely to be a more direct measure of investworsterm overreaction that drives short-term

return reversal.

Next, we perform Fama and Macbeth (1973) crosBesed regressions of monthly stock
returns on STO and well-known determinants of eceesgional returns including past one-month
returns. The results show that STO remains to becag negative predictor of cross-sectional
returns after controlling for the effects of wetidwn control variables, as well as the effect of

short-term return reversal.

While trading volume can capture both the extenmeéstor overreaction and uninformed



trades, one important implication of investor oeawtion that differs from that of uninformed
trades is how it relates to stock price reactianpublic information. If our measure is related to
investor overreaction, a positive (negative) ST@idates investors are overly optimistic
(pessimistic) about the stock and they will be errage negatively (positively) surprised by
subsequent earnings announcements. This predatt$STO is a negative predictor of abnormal
returns around subsequent earnings announcemeantee@ther hand, if the return predictability
of STO is the compensation for liquidity providdéhat absorb uninformed trades, there is no
reason why the effect of STO on future returns &hdoe concentrated around public
announcements such as earnings announcements.ti@ligiuidity provision story predicts that
the relation between STO and subsequent earningsuanement abnormal returns should not

differ from the relation between STO and abnorrmeainmns of any future date.

We find that STO is a significant negative prealicdf 3-day abnormal returns around
subsequent earnings announcements, while STO isiguificantly related to 3-day abnormal
returns around non-earnings announcement dateseghés support our overreaction story that
STO captures short-term overreaction, and thatehen predictability of STO is driven by the

subsequent correction of short-term overreaction.

In our subsample analysis, we investigate theitpholity of the STO strategy across
different investor sentiment states and firm chi@régtics. We divide the sample into high and low
sentiment states and find that the STO strategiyare profitable after periods of high investor
sentiment. The result is consistent with prior emicke of greater mispricing when investor
sentiment is high (e.g., Stambaugh et al., 201B)s<ifying stocks based on firm characteristics

reveals that the STO strategy performs best amaad) and illiquid firms.

Our study contributes to the literature on stoc¢lmrepredictability that is likely to be driven



by investor overreaction. One of the most well-knaanomalies that has been associated with
investor overreaction is short-term return revenstist prior studies attempt to identify possible
causes of short-term return reversal by identifyingditions under which there is stronger short-
term return reversal (e.g., Avramov et al. 2006n1@d et al. 1994, Cooper 1999, Da et al. 2014).
In contrast, we take a different approach by caiasitrg a direct measure of investor overreaction,
which should be a stronger return predictor thast peturns if short-term return reversal is driven
by investor overreaction. We show that our meastirevestor short-term overreaction, STO, is
a strong predictor of future returns and subsuine®ftfect of past returns, providing support for
the investor overreaction explanation of short-teetarn reversal. Furthermore, we distinguish
the investor overreaction explanation of short-teeturn reversal from the liquidity provision
explanation by relating STO to the abnormal retamosind subsequent earnings announcements.
We find that STO is a negative predictor of abndrmeurns around subsequent earnings
announcements, suggesting that STO is likely ttucagnvestor overreaction rather than liquidity
demand. Overall, our study provides insights irfte tole of investor overreaction in return
predictability, and it may have broader implicadar other anomalies that are related to investor
overreaction such as the accruals anomaly (e.ganS1996), the asset growth anomaly (e.g.,

Cooper et al. 2008), and the long-term reversaireyp (e.g., DeBondt and Thaler 1995).

The remainder of the paper is organized as folltmvSection 2, we describe our data source
and introduce our short-term overreaction varialniéSection 3, we present our main results. In
Section 4, we perform the additional analyses aodige the robustness of our results. Section 5

concludes the paper.

2. Data and methodology



2.1. Short-term overreaction measure

Our empirical measure of short-term overreact®rconstructed as follows: First, we
utilize trading volume as a proxy for the levelfestor overreaction (e.g., Odean 1998, Byun et
al. 2016). Secondly, we use the sign of contemmmas returns to identify the direction of
overreaction by investors. We construct daily sigaelumes based on the assumption that high
trading volume accompanied by a positive (negatetirn indicates upward (downward) investor
overreaction, which predicts a negative (positiu&)re return. By multiplying the trading volume
by the sign of the contemporaneous return, we airoapture the magnitude and direction of

overreaction. The daily signed volume for stoak dayd is defined as follows:

VOLi_d if T'eti,d >0
SVOLi,d = 0 if reti,d =0 (1)
—VOLi‘d if T'etl"d < 0,

whereret; 4 is the close-to-close daily return eVOL; 4 is the trading share volume for each stock
i in dayd.

Next, we assign increasing weight to daily siguetlimes as the date gets closer to the
end of the month. The weighted signed volume afkstan montht (WSVOL;,) is defined as the
sum of daily weighted signed volumes divided by #élverage daily trading volume during the

month:

D SVOL; 4 X W,
VOL;,

WSVOL;, = ) (2)

whereSVOL; 4 is the signed daily volume defined in EquationgtdiD is the number of trading
days in month. W, is a weight on the signed volume of trading dagf the month, defined as
d/h_, ) (i.e.,W,; = 2d/D(D+1) whered = 1, 2, ...,D).

Holding the average trading volume constant, teeiated sum will have a higher value



when the trading volumes show an increasing tréhds, the weighted signed volume helps us
identify the trend of overreaction during the mgmthich can provide information about the phase
of the overreaction. For example, a declining tigdiolume may indicate that the stock is already
in the correction phase of overreaction duringftmmation month, implying that it may not have
much predictive power on future returns. In additithe increasing weighting scheme places a
greater emphasis on the overreaction toward theftheé month, which is likely to have a stronger
predictive power over subsequent returns.

Our primary variable of interest is the abnormakleof weighted signed volume, which
we use as our measure of short-term overreacSTO; ). To calculate this measure, we subtract
WSVOL;, by the averagWSVOL;, over the previous 12 months. By concentratingtios
abnormal level of weighted signed volumes, we anuricover short-term deviations from the
persistent level of weighted signed volume andsssteeir potential implications for future price
movements. Thus, our measure provides a distinidppetive on the dynamics of investor

overreaction in the market.

2.2. Dataand Variables

We collect data from multiple databases. The GdatdResearch in Security Prices (CRSP)
database provides monthly and daily stock datdevhé Compustat database supplies annual and
guarterly accounting data. Institutional ownershiprmation, specifically the 13F filings, is from
the Thomson Financial Mutual Funds database. Thegpleaconsists of stocks listed on major
exchanges, including the New York Stock ExchangéSHN), American Stock Exchange (AMEX),
and Nasdag. Our sample period spans from May I®B@tember 2022. We exclude stocks with

a price below $1 per share to eliminate potentiatk@t microstructure effects associated with



low-priced stocks, and we require a minimum of#ift daily signed volume observations during
montht to compute the STO measure.

We construct the well-known firm characteristiaiables for the control variables in the
firm-level cross-sectional regression. These contrdables are short-term return reversal (RET)
from Jegadeesh (1990) and Lehmann (1990), bidfaslad (BAS), market beta (BETA), market
capitalization (ME), book-to-market ratio (BM) basen Fama and French (1992), momentum
(MOM) from Jegadeesh and Titman (1993), illiquidftiLIQ) from Amihud (2002), turnover
(TURN), idiosyncratic volatility (IVOL) based on Aret al. (2006), the maximum daily return in
the previous month (MAX) as proposed by Bali et(2011), and the stock price (PRC). Further
details regarding these variables can be foundamppendix.

To get a comprehensive understanding of the daracomposition sorted by STO, Table
1 provides summary statistics for stocks withinheaecile. The table presents the monthly
averages of mean values across the sample montkarious characteristics of stocks in each
STO decile. Panel A provides average values otdmérol variables across STO deciles. Panel B
shows the correlation matrix.

[Table 1] about here

3. Empirical analysis

3.1. Portfolio sort analysis

To initiate our analysis, we conduct a univarsig analysis based on the level of our main
variable, STO. Table 2 presents the average of mhorgturns for the equal- and value-weighted
decile portfolios, in which stocks are sorted ideciles based on the short-term overreaction

measure (STO). Decile 1 (low STO) consists of stoekh the lowest short-term overreaction



measures in the preceding month, while decile Igh(BTO) comprises stocks with the highest

short-term overreaction measures.
[Table 2] about here

The equal-weighted average of the raw return itiffee between deciles 1 and 10is 0.77%
per month, with the Newey and West (19&8}atistic of 5.17. It is important to note thae th
average returns decrease almost linearly as the d&&E@e increases. The Carhart (1997) four-
factor and Fama and French (2015) five-factor algtthe long-short 1 — 10 long-short portfolio
is 0.72% f{-stat = 3.81) and 0.73%-¢tat = 4.04), respectively, demonstrating econoamd
statistical significance. For the value-weighteditfodio, the return, four-factor alpha, and five-
factor alpha difference between the lowest anddsgSTO decile portfolios are 0.90%s(at =
3.51), 0.79%t¢stat = 3.14), and 1.00%gtat = 3.72), respectively. In line with the equalighted
portfolio returns, the return predictive power off &TO measure is strongly significant for the

value-weighted portfolios.

To further investigate the relationship betweearsterm overreaction and future stock
returns, we employ comprehensive bivariate-sorlyara by controlling for various well-known
firm characteristics. The firm characteristic vates include short-term return reversal, bid-ask
spread, the log of market capitalization, the mafeta, the log of book-to-market ratio,
intermediate-term momentum, illiquidity, stock tauer, idiosyncratic volatility, maximum daily
return, the stock price. For example, to controlsiae, we construct quintile portfolios ranked by
market capitalization. Within each size quintillcks are further sorted into quintile portfolios
based on short-term overreaction, with quintileqtiritile 5) representing the stocks with the
lowest (highest) STO. This ensures uniformity amfimg sizes within the STO portfolios. Using

this approach, we construct STO portfolios with pamable levels of firm size, effectively



controlling for differences in size.
[Table 3] about here

Table 3 reports the results. Panel A (B) prestiatsesults for the equal- (value-) weighted
portfolios. For brevity, we refrain from reportinige returns for all 25 (5 x 5) portfoliddn the
first column of Panel A, in order to compare thgutes with other controlled results, we report the
“No Control”, which is equivalent to the univariadert results where stocks are sorted into
quintiles by STO. In the second column of PaneWw®, report the average return difference
between high and low STO quintiles averaged asizesquintiles. After controlling for size, the
equal-weighted average return difference betwegin 8o and low STO portfolios is 0.54% per
month, with a corresponding Newey and West (1983tatistic of 4.61. Similarly, the 1 — 5
difference in four-factor alphas and five-factoptes are at 0.47% and 0.50% per month,
accompanied by a significanstatistic of 3.22 and 3.55, respectively. Wheroaating for beta,
book-to-market ratio, momentum, illiquidity, turrey idiosyncratic volatility, maximum daily
return, and price, the equal-weighted average et difference between the low and high STO
guintiles ranges between 0.53% to 0.67%, with lyigidnificantt-statistics between 4.35 to 5.43.
These findings underscore the robust negativeioakitip between short-term overreaction and

future stock returns, which persists even afteoanting for diverse firm-specific characteristics.

Panel B of Table 3 reports the value-weighted ead risk-adjusted returns on STO
portfolios while accounting for the same cross-iseet effects outlined in Panel A of Table 3. For

clarity and conciseness, we present the averagmssiggregated across the five control quintiles,

2To address concerns related to dependent bivaodate on correlated variables, which may not adsy control for the control
variable, we employ two approaches. First, we cohthdependent bivariate sorts on the two varighliesding similar results.
See Internet Appendix. Second, we conduct crogieset regressions incorporating all variables astil variables in Section
3.3.
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ensuring the creation of quintile portfolios witlsplersion in the STO while maintaining similar
levels of the control variable. After controllingrfsize, book-to-market, momentum, and liquidity,
the equal-weighted average return differences lmtwhe low- and high-STO portfolios are
0.53%, 0.58%, 0.61%, and 0.66% per month, respdygtiihese differences in average raw
returns are both economically and statisticallygigant.

These findings suggest that, for both value-weidtand equal-weighted portfolios, well-
known cross-sectional effects, such as size, boakdrket, momentum, and liquidity, cannot

account for the low returns observed in high STégls.

3.2. Fama and M acbeth (1973) cross-sectional regressions

In the previous sections, we have validated theifsi@nce of short-term overreaction in
predicting the cross-sectional pattern of futuréumes at the portfolio-sort analyses. This
methodology, while avoiding the imposition of a gffie functional form on the relationship
between the STO and future returns, presents wedi@wbacks. This poses challenges for
simultaneously controlling multiple effects or facd. Consequently, we investigate the cross-
sectional connection between STO and future retatrise individual stock level by controlling
for well-known firm characteristics using Fama anacBeth (1973) regressions.

For each month, we regress the monthly returne®tagged value of STO and the control

variables. We run the following equation:

retirr1 = Aor + A1,eSTOi e + A2t Vie + €641, (3)

whereret; .1 is the return on stock in month t+1, STO;, is the constructed short-term

overreaction measure, for stockh montht. The vector of control variableV; , includes short-
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term return reversal (RET), bid-ask spread (BABg lbg of market capitalization (ME), the
market beta (BETA), the log of book-to-market rgBd), intermediate-term momentum (MOM),
illiquidity (ILLIQ), stock turnover (TURN), idiosyaratic volatility (IVOL), maximum daily
return (MAX), the stock price (PRC). The indeperntdeariables are winsorized at the 1% and 99%

levels.
[Table 4] about here

Table 4 reports the time-series averages of thficents from Equation (3). Newey and
West (1987) adjusteddstatistics are provided in parentheses. Firsyjariate regression findings
indicate a significant and negative associationvbeth STO and future stock returns across the
cross-section. The average slope, denotel, ;39n the monthly regressions of realized returns
solely on STO is —0.254, with a correspondiggatistic of —-6.67. The observed economic impact
is similar to the results presented in Table 2.0kding to the results, we find that the coefficient
of STO is negative and significant at the 1% lewelnfirming our earlier results that upward

(downward) investor overreaction predicts loweg(far) future returns.

The important findings are presented in Model Zaifle 5, which reports the results for
the model encompassing STO and various contrahblas. In this specification, the average slope
coefficient on STO is —0.116, with a correspondisgatistic of —4.27, which is still significant at
the 1% level. It is important to note that the retpredictive power of traditional and well-known
short-term return reversal loses its power when®UD® measure is included in the regression

model.

In summary, the return predictability of STO rensasignificant after controlling for well-
known determinants of cross-sectional returns gholg short-term return reversal and bid-ask

spread. However, we need to further discuss whethert-term return reversal from Jegadeesh
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(1990) can impact the predictive power of our measu

3.3. Short-term return rever sal and short-term overreaction

Our measure of investor overreaction is motivatgdhe idea that if short-term return
reversal is driven by investor overreaction, themae direct measure of investor overreaction
based on trading volume can better predict futetarns relative to past returns. Although our
measure of short-term overreaction is based oingaaslume rather than return, it has a positive
correlation with one-month return (RET) becausemwatiply daily trading volume with the sign
of contemporaneous daily return. Indeed, accortbriganel B of Table 1, the average correlation
between STO and RET is substantial at 0.461. Welwstindouble-sort analyses and Fama and
MacBeth (1973) regressions to ensure that therrg@iadictability of our measure does not merely
reflect the return predictability of the past onesth return.

First, we explore the possibility that the retpredictability of our measure of short-term
overreaction may be driven by a one-month retuvemsal by performing four double-sort
analyses, as shown in Table 5.

[Table 5] about here

Panel A of Table 5 shows the results of STO pbetfeeturns when RET is controlled.
Specifically, we independently sort stocks intorgile portfolios based on STO and RET and we
average out for each STO quintile portfolio. PakeF Table 5 presents the returns of equal- and
value-weighted portfolios, along with Newey and W@987)t-statistics, respectively. We report
the return and four-factor alpha differences betwee/- and high-STO portfolios, accounting for
similar levels of short-term return reversal.

The equal-weighted average raw and risk-adjugtenir differences between low and high

-13-



STO portfolios are notably more positive, with thar-factor and five-factor alphas of the equal-
weighted portfolio at 0.30%-6tat = 2.70) and 0.41%-gtat = 3.35), respectively. These results
show significantly greater economic and statist&ighificance in return and alpha differences,

which is consistent with the univariate resultsorégd in Table 2.

The value-weighted average raw return differeretevben the low and high STO quintiles
is 0.35% per month, with tastatistic of 1.90. The 1 — 5 STO difference in thar-factor alphas
and five-factor alphas are also positive at 0.30% @.52% per month, with corresponditig
statistics of 2.00 and 2.54, respectively. Exangraipha differences individually for each RET
quintile reveals an intuitive pattern. The STO efffeends to increase in magnitude as RET
increases. Despite smaller magnitudes compareretoogps findings, this is expected due to the
high correlation between short-term return reveasal STO, leading to a significant reduction in
STO spread after controlling for short-term retuemersal. However, short-term return reversal

alone does not fully explain the returns to lowd &mgh-STO stocks.

Furthermore, we present the results of the dosbteanalysis in Panel B of Table 5 to
assess the explanatory power of short-term rewwrarsal after accounting for STO. We average
out for each RET quintile portfolio among 25 doubteted portfolios. According to the results in
Panel B, the analysis reveals that when controftin@ TO, the average equal-weighted raw return
difference between low and high RET portfolios.i80@% per month, with &statistic of 1.42. The
1 - 5 difference in four-factor alphas is also pwsi at 0.25% per month and statistically

insignificant.

For value-weighted portfolios, when STO is usedaaontrol variable, the differences
between raw and risk-adjusted returns on high gkom return reversal (RET) and low RET

portfolios are positive and statistically insignént, as shown in Panel B. According to the reversa
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strategy, a low future return is expected wherREé& is high. However, when STO is controlled,

the average return of low—high RET turns negatmch is surprising.

Moreover, we investigated the cross-sectional icrlahip between RET and expected
returns at the individual firm level using Fama avidcBeth (1973) regressions, with the results
reported in Table 4. Adding STO to the regressi@akens the negative relationship between
short-term return reversal and expected returnsciSgally, according to Model 3, the estimated
average slope coefficient of RET becomes -0.10#h) wiNewey and West (198%}tatistic of
—-1.26. This insignificant relationship between REMd future returns remains even after
augmenting the regression with several controlaides. However, according to Model 2, the
coefficient of STO is —-0.210, with a correspondtrggatistic of —6.39, ensuring the significant
predictive power of STO, regardless of whether REJontrolled. In summary, the cross-sectional
regression results in Table 4 show that the efééca short-term overreaction (STO) is not

subsumed by that of a one-month return (RET).

On the one hand, previous literature has showntligateturn predictive power of well-
documented short-term return reversals is infludrze trading volume. Studies on short-term
momentum and return reversals consistently sudigasthe interplay between current returns and
future returns is influenced significantly by tragdi volume. Medhat and Schmeling (2022)
demonstrate through double sorting on the previmaosith's return and share turnover that
significant short-term reversals are observed amowegturnover stocks, whereas high-turnover
stocks tend to exhibit short-term momentum. Coratdl. (1994) found that an increase in the
number of transactions is associated with greatesrsal on a weekly basis. Cooper (1999) reports
less reversal among stocks with higher growthaitrg volume on a weekly basis. Avramov et

al. (2006) add that, after controlling for liquigitigher turnover corresponds to more reversal in

-15-



weekly returns but less reversal in monthly returns

According to this body of literature, the returregictive power of short-term return
reversals depends on the level of trading volunhés ihdicates that the interaction term between
return reversal (RET) and stock turnover (TURN) bagmificant predictive power for future
returns. Given that our study on Short-Term Ovetiea (STO) shares similar fundamental
principles as short-term return reversals, it &plble that the predictive power of STO might be

subsumed by the predictive power of TURN or therimttion term RETXTURN.

To address this hypothesis, Models 5 and 6 in Tdblaclude both TURN and the
interaction term RETXTURN in the cross-sectiongression analysis, with and without various
control variables. Following Medhat and Schmeli2922), we define TURN as the trading
volume in month t divided by shares outstandingerEwith this additional control, the predictive
power of STO remains robustly significant. For amste, Model 6 in Table 4 shows that the cross-
sectional coefficient of STO remains significanithna value of —0.099% and a corresponding
statistic 0of-3.63, even after controlling the interaction betw&ET and TURN along with all

other control variables.

Untabulated results from a 5 by 5 double sort (r@helent) based on TURN and STO
further reveal that the predictive significanceSdiO diminishes but does not reverse as we move
from low TURN to high TURN. These findings are lalgconsistent with the understanding that

while STO is related to RET, it is not identical.

In summary, we find that the long-short portfolieturns based on RET are mostly
insignificant, suggesting that the return preditiigiof one-month returns largely disappears after
controlling for STO. Contrary to traditional shaetrm return reversal findings, stocks with high

short-term return reversal exhibit lower futureures, aligning with expectations in a market
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influenced by poorly diversified and risk-aversedstors.

Our study suggests that the previously observedtivegrelationship between RET and
expected returns, as highlighted by Jegadeesh )1@%xtributable to RET acting as a proxy for
STO. Moreover, our results confirm that while traglvolume influences the predictive power of
short-term return reversals, STO retains its siggifce as an independent predictor of future
returns. The robustness of STO, even when accaufdmRET and the interaction term RETx

TURN, highlights its unique contribution to undearsding short-term market dynamics.

3.4. Stock pricereactionsto subsequent ear nings announcements

So far, we have assumed that our measure is a faxyestor short-term overreaction
while acknowledging that trading volume can caphoth the extent of investor overreaction and
uninformed trades. Therefore, the return predititgmf our measure can be driven by investor
overreaction and/or the compensation for risk-adicquidity providers who take the opposite
position of uninformed trades.

One important distinction between the implicatidnirovestor overreaction and that of
uninformed trades is the prediction of the relatmetween STO and stock price reactions to
subsequent public information announcements. Ifrneasure captures investor overreaction, a
positive (negative) STO indicates investors arerlgveptimistic (pessimistic) about the stock,
implying that they will be on average negativelpgjively) surprised by subsequent earnings
announcements. This predicts that STO is a negatredictor of abnormal returns around
subsequent earnings announcements. On the otherih#ime return predictability of STO is the
compensation for liquidity providers that absorbnformed trades, there is no reason why the

effect of STO on future returns should be concéatiaround public announcements such as
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earnings announcements. Thus, the liquidity prowistory predicts that the relation between STO
and the abnormal returns around the subsequeningarannouncement date should not differ
from the relation between STO and the abnormatmetaround any future date.

To test the idea, we conduct the following poolegression analysis:
CAR[-1,1]; 41

= Bot + B1eSTO;r + P2t SUE; 141 + B3 Prior CAR[=1,1]4+B4Vie +€ir,  (4)

where dependent variable is the cumulative sizastelyl abnormal return (CAR) over the event
window [-1,1] of earnings announcement date. Thikependent variables incluSTO;,, the
constructed overreaction variable, and the setpfrol variables. Control variables include those
utilized in the Fama and Macbeth (1973) cross-sratiregression analysis in Table 4 as well as
guarter and Friday fixed effects. We also include standardized unexpected earnings, SUE, and
the cumulative size-adjusted abnormal return oher évent window [-1,1] of the previous
earnings announcememtrior CAR[—1,1]. We calculate SUE as the quarter's actual easning
minus the average of the most recent analyst feteckvided by the price per share at the quarter-
end, following Livnat and Mendenhall (2006).
[Table 6] about here

We present the results of pooled regression ineréblPanel A. We find that STO is a
significant negative predictor of 3-day abnormaltures around subsequent earnings
announcements (CAR) after controlling for earniaggprise (SUE) and control variables. If STO
negatively predicts CAR after controlling for SUE,suggests that STO captures investor
overreaction that goes beyond possible analystatapen errors, as SUE would capture any bias
in analyst expectations. The results in Panel Astpthe idea that STO is related to investors’

overreaction and that their biased expectations@eécted when there is a public news arrival.
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In Panel B, we use CAR[-1,1] of the same date efglevious month as the earnings
announcement instead. For example, if a firm anocedimuarterly earnings on 5/23/2019, Panel
Auses CAR[-1,1] around 5/23/2019 and Panel B G#d3[—-1,1] around 4/23/2019. If our results
are driven by the compensation for liquidity praanslithat take the opposite position of uninformed
trades, we should observe similar effects of ST@mn3-day abnormal returns. However, Panel
B of Table 6 shows that STO has no significantaféa the 3-day abnormal returns around non-
earnings announcement dates, contradicting thegpiedof the liquidity provision story.

Overall, the results in Table 6 provide supportdar overreaction story rather than the
liquidity provision story. The results suggest tBalO captures investors' short-term overreaction,
and the return predictability of STO is driven Hyetsubsequent correction of short-term

overreaction.

3.5. Return predictability of STO in ear nings announcement months

The results in Table 6 suggest that the returniptagallity of STO is likely driven by
investor overreaction, which is subsequently caeec especially when there are public
information announcements such as earnings annmamts. This implies that the timing of the
public information arrival can play an importankrm the return predictability of STO. To further
explore this implication, we examine whether theOSJortfolio returns and the cross-sectional
regression results vary with the timing of earninagaouncements in this subsection.

[Table 7] about here

In Panel A of Table 7, we compute equal- and valegghted the STO decile portfolio

returns as well as the 1 — 10 long-short portfiimirns and their four-factor and five-factor alpha

separately for the following three cases: 1) wherd is an earnings announcement in manth
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(STO calculation month), 2) when there is an eg@miannouncement in montikl (return
measurement month), and 3) when no earnings anamert occurs in monttiandt+1. We find

that STO negatively predicts future returns whesrdrare earnings announcements in mosth

or when there is no earnings announcement in mamrthdt+1 (Panels A2 and A3). On the other
hand, the return predictability of STO largely gipaars when there is an earnings announcement
in montht (Panel Al). The Fama and Macbeth (1973) crossesettregressions presented in
Panel B show similar results that there is no $iicgmt relation between STO and future returns

when there is an earnings announcement duringterSeasurement month (mortjh

If investors’ short-term overreaction as measune&bO is partly corrected when there is
an earnings announcement, as Table 6 shows,asslye that STO calculated in the month of the
earnings announcement captures the correctiorsponse to public information rather than the
overreaction. It is also possible that STO captumneestor reactions to public information
(earnings news) when there is an earnings annowerdesharing the STO measurement month. If
this is the case, the results appear to be consigiéh Daniel and Titman (2006) and Da et al.
(2014), which suggest that the return predictaboit overreaction is largely driven by investor
overreaction to intangible information rather thiamwestor overreaction to tangible (public)

information.

4. Additional analysis
4.1. Subsample analysis

In this section, we conduct additional tests tplese when the return predictability of STO
is stronger. First, we investigate whether the iotee power of STO differs across different

investor sentiment states using the investor semiiindex proposed by Baker and Wurgler (2006).
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Prior literature shows that investor sentiment loamelated to speculative behavior and is closely
linked to market mispricing (e.g., Aboody et aD18, Baker and Wurgler 2006, Da et al., 2015,

Stambaugh et al., 2012).

We obtain monthly investor sentiment data from glar's websité and divide the sample
into two subsamples based on the monthly sentimdek. High-sentiment months are defined as
those with an investor sentiment index above tiepéa median, and low-sentiment months are

those with an index below the sample median.
[Table 8] about here

Panel A of Table 8 shows that the predictive poofehe STO is statistically significant in
both high and low-investor sentiment states. Initemid the STO strategy yields greater
profitability in periods characterized by high ser@nt than those with low sentiment. For example,
the four-factor and five-factor alphas of the valweighted 1 — 10 long-short portfolio returns are
1.16% and 1.48% respectively for high-sentiment timgnwhile they are 0.59% and 0.60%
respectively. The difference between the high awddentiment months is more pronounced in
the short leg of the long-short portfolio (STO dedi0). The results are consistent with the prior
studies that anomaly strategies, especially thetdkeg of the strategy, are more profitable

following high-sentiment periods (e.g., Stambaugale 2012).

Next, we classify stocks into three distinct sftsubsamples based on firm characteristics
and evaluate the performance of the STO strategalzylating the STO decile portfolio returns
within each subsample. Panels B, C, and D of Tabkport the STO decile portfolio returns for
the three sets of subsamples based on institutawiaérship (Panel B), firm size (Panel C), and

illiquidity (Panel D). We find that there is no castent difference between the high institutional

8 https://pages.stern.nyu.edu/~jwurgler/
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ownership and low institutional ownership stocksthe profitability of the STO strategy. For
instance, the five-factor alpha of the equal-weaghbng-short portfolio return is 0.64% (0.74%)
for high (low) institutional ownership stocks, withe five-factor alpha of the value-weighted
long-short portfolio return is 0.85% (0.32%) foghi(low) institutional ownership stocks. On the
other hand, STO portfolio returns of the subsamgidis by firm size and by illiquidity show that
the STO strategy is more profitable for small dhquid firms. Taken together, the results suggest
that the return predictability of STO is generatigre profitable when we expect mispricing to be

more pronounced.

4.2. Short side and long side of STO

There are a couple of interesting patterns we obsir the STO strategy returns. The
results in Table 2 show that the value-weightedjdshort STO strategy returns are consistently
higher than the equal-weighted long-short STO egatreturns across all measures of return.
Moreover, we observe that the long leg (STO detjleutperforms the short leg in the equal-
weighted returns, while the short leg (STO decily @utperforms the long leg in the value-
weighted returns.

To gain a better understanding of how the longsrait legs of the STO strategy perform
and the possible drivers of their returns, we perfa quantile portfolio sort analysis in Table 9.
We first sort stocks based on the STO measure etnthes third quantile as the neutral portfolio.
Using this neutral portfolio as a reference, tHedince between the third and fifth quantiles (3 -
5) represents the return on the short leg of the Stfategy, while the difference between the first
and third quantiles (1 — 3) represents the retarthe long leg.

[Table 9] about here
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Panel A of Table 9 provides the performance ofahg and short legs of the STO strategy.
The results confirm our observation that the equeighted returns are stronger on the long leg,
whereas the value-weighted returns are more ratmughe short leg. For instance, the equal-
weighted long leg (1 — 3) return is 0.48% with stdtistic of 4.96, compared to the short leg (3 -
5) return of 0.13% with a t-statistic of 1.50. Cersely, the short leg (3 — 5) of the value-weighted
returns shows a stronger performance, postinguarretf 0.43% with a t-statistic of 2.80, while

the long leg (1 — 3) return is 0.22% with-statistic of 1.91.

To understand the differing patterns of equal-widhand value-weighted returns in the
long and short legs, we examine the results bytuisinal ownership (10) subsamples presented
in Panel B of Table 9. This panel reports the STO3 return as well as the long and short leg
returns for each 10 quintile. Panel B1 shows thataqual-weighted STO long-short returns (1 -
5) decrease as we move from low to high 10, whetkawalue-weighted returns increase from
low to high IO. For example, the equal-weighted 3 return is 0.80%it{stat = 3.65) for low IO
stocks (10 quintile 1), and 0.51%sgtat = 3.59) for high 10 stocks (10 quintile &).contrast, the
value-weighted 1 - 5 return is 0.46%stat = 1.62) for low 10 stocks (IO quintile 1) a@®6%

(t-stat = 3.56) for high 10 stocks (1O quintile 5).

Panel B2 shows that the short leg (3 — 5) returogease from low to high 10. Particularly,
the value-weighted short leg is stronger in highd@ntributing to the overall strength of the value
weighted returns. For instance, the value-weigBted return is 0.51%-6tat = 4.26) in high 10,
compared to 0.08%-6tat = 0.36) in low 10. These results challenge dfassical argument that
anomaly returns should be weaker for high 10 stiecause sophisticated investors trade against
mispricing, but are consistent with the rationa@gation theory (e.g., DeLong et al. 1990, Abreu

and Brunnermeir 2002, 2003) that rational investoesy optimally choose to buy overvalued
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stocks. Jang and Kang (2019) present evidence gipgpohe rational speculation theory that
institutional investors tend to buy an overvalueduwsity until its price reaches the peak of the
bubble, aligning with our finding that the STO dhieig returns are stronger for high 10 stocks,
especially in value-weighted returns.

Panel B3 shows that the long leg (1 — 3) returres sironger among low 1O stocks,
particularly for equal-weighted returns. For examphe equal-weighted 1 — 3 return for low 10
stocks is 0.93%{stat = 5.04), while it is only 0.25%¢tat = 2.18) for high 10O stocks. This pattern
aligns with the classical argument that underpgaésimore prevalent among low 10 stocks.

In summary, the STO effect in the short leg (pesitoverreaction) appears to be
strengthened by rational speculation by institwlonvestors, leading to stronger performance
among high 10 stocks. In contrast, the long leg&tiee overreaction) leads to underpricing that
does not lead to rational speculation, therefoeg¢turn of the long leg is more pronounced among
low 10 stocks. This distinction may explain why t8&0 effect is more robust in value-weighted

returns than in equal-weighted returns.

4.3. Alter native measure of STO

In this section, we examine whether the observedigtive power of STO is sensitive to
the weighting of daily signed volume within eachntioin the construction process. Specifically,
we examine whether the predictive power of STO remaignificant when the daily signed
volume is equal-weighted (sW, to 1D in Equation (2) of Section 2.1) as opposed to dpein
weighted higher toward the end of the month.

[Table 10] about here

Table 10 shows STO decile portfolio returns whe®3$3 constructed based on the equal-
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weighted average of daily signed volume. We firat the results are qualitatively similar to the
results in Table 2 but smaller in magnitude. Theatgveighted average of the raw return
difference between deciles 1 and 10 is 0.51% petimavith the Newey and West (198-7tatistic
of 4.28. Similar to the results using the weigldedrage STO, the average returns decrease almost
linearly as the STO decile increases. The Carii&A7) four-factor and Fama and French (2015)
five-factor alphas are 0.42%¢gtat = 2.74) and 0.40%-$tat = 2.56), respectively, demonstrating
economic and statistical significance. The valuéghed return, four-factor alpha, and five-factor
alpha differences between the highest and lowe&t &cile portfolios are 0.68%-gtat = 2.61),
0.57% (-stat = 2.14), and 0.67%tat = 2.68), respectively.

In summary, the results in Table 10 suggest theliéty of our results and the resilience
of our STO measure in capturing return predictgbdicross alternative return calculation. The
robustness of our results is confirmed by considtedings when employing the equal-weighted

average of daily signed volume when calculatingrred.

5. Conclusion

Our study introduces a novel predictor of shomntstock returns based on weighted daily
signed volume, termed Short-Term Overreaction (SM® find that STO predicts subsequent
stock returns, with stocks exhibiting upward (dovamel) short-term overreactions experiencing
negative (positive) future returns. Importantlye fredictive power of STO remains significant
even after controlling for the past one-month metisuggesting that the effect of STO is not
subsumed by short-term return reversal. Fama anch&fla (1973) cross-sectional regressions
further confirm that STO is a negative predictoronbss-sectional returns. Additionally, we

demonstrate that STO is a significant negative ipted of 3-day abnormal returns around
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subsequent earnings announcements, indicatingnivegtors are overly optimistic (pessimistic)
about high (low) STO stocks. On the other hand, 8Tt significantly related to 3-day abnormal
returns around non-earnings announcement dateshwgliggests that the effect of STO is not
driven by the compensation for liquidity providethe subsample results show that the return
predictability of STO tends to be stronger when egect market mispricing to be more
pronounced, such as in periods of high investadirsemt and for small and illiquid stocks. Overall,
our findings provide empirical evidence supportlBgO as a more direct measure of investor

overreaction, shedding light on the dynamics o&star overreaction and its return predictability.
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Appendix. Variable Descriptions

Table A. Variable Descriptions

RET,,

RET; , is the return of stockin montht.

BAS;,

BAS; . is the bid-ask spread for stoicki montht.

BM; ¢

BM;, is the natural logged value of the firm’s book-tarket ratio from the fiscal year
ending at least six months prior to monthy following Fama and French (1992).

ME; ,

ME; , is the natural logged value of the stdekmarket capitalization being defined as
the total number of shares outstanding for firmultiplied by the share price, on the
last day of month by following Fama and French (1992).

BETA

BETA,; , is the stock’s market beta in montt) which is computed by regressing stock
i's daily returns on the current daily market retuae well as the lag and lead market
returns to control for nonsynchronous trading,dwoiing the methods of Scholes and
Williams (1977) and Dimson (1979).

ret;qg —retrg = a; + Bii-mktrfy_ + By -mktrfy + B3 -mktrf 1 + €4
whereret; 4 is the return on stockon dayd andret; 4 is the T-Bill return on dag.
mktrf,_,, mktrf;, andmktrf,,, are the excess market return from the previous,
current, and future relative to risk-free rate extjwely. BETAof stocki at the end of
the montrt is calculated by, + B,, + B,

IVOL;,

IVOL;, is the standard deviation of the daily residuzsained from the Fama and
French (1993) three-factor model for that monthfdipwing Ang et al. (2006).

ret;qg —retrg = a; + Pri-mktrfs+ By SMBy + By, HMLy + €; 4
whereret; 4 is the return on stockon dayd andret; 4 is the T-Bill return on dag.
mktrf,;, SMB;, andHML, are daily three-factors from Fama and French 3199
IVOL;, of stocki at the end of the monttis defined as the standard deviation of daily
residualse; 4 in montht.

ILLIQ;,

ILLIQ;, is the firm’s illiquidity measure by following Amud (2002) defined as
follows:
Di¢

ILLIQj = — ) ————4
Qur Dy a dollar volume; 4

|reti'd|

whereret; ; is stocki's return on dayd, dollar volume; 4 is the corresponding daily
volume in dollars, and; , is the number of days for which data are availéiestock
i in montht.

MOM,,

MOM; , is the intermediate-term of momentum, which isktics return over months
(t-12t-1), following Jegadeesh and Titman (1993).

TURN;,

TURN;, is the monthly share turnover of stogkcomputed as the number of shares
traded in month divided by the total number of shares outstanding.

10;;

10;, is the institutional ownership is characterizedthg proportion of a company's

shares held by institutional investors in the cerapreceding month relative to the
total number of shares in circulation.

MAX;

MAX; . is the maximum daily return of a stock in mohtfollowing Bali et al (2011).

PRC;,

PRC;, is the price of stockat the end of month
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Table 1. Summary statistics

This table reports average stock characteristicddaoile portfolios sorted by each short-term oxaction (STQ measure. We sort stocks into decile portft
based on STO, where STO is a newly constructednlbased short-term overreaction measure. Paregpdyts the monthly average of the Sfrf@asure
short-term return reversal (RET), bid-ask spreafiSB the log of market capitalization (ME), the iketrbeta (BETA), the log of book-tmarket ratio (BM)
intermediate-term momentum (MOM), illiquidity (ILQ), stock turnover (TURN), idiosyncratic volatilil§vOL), maximum ddy return (MAX), and the stoc
price (PRC) for each STO decile portfolio. PanekBorts the time-series average of cresstional correlations between firm characteridties are utilize
in Panel A. The detailed variable definitions arevided in Section 2 and Appendix. The sample pkisdrom May 1993 to December 2022.

Panel A: Summarstatistics

STO decile  STO RET BAS ME BETA BM MOM ILLIQ TURN VO MAX PRC

1 (Low) -0.61 -0.10 0.04 311.20 0.85 0.77 0.27 6.23 1.53 0.03 0.06 28.81
2 -0.33 -0.06 0.04 448.65 0.98 0.70 0.25 2.73 1.63 0.03 0.06 50.62
3 -0.21 -0.04 0.04 514.25 1.02 0.68 0.22 2.18 1.68 0.02 0.06 58.11
4 -0.12 -0.02 0.04 529.85 1.02 0.68 0.19 2.13 1.70 0.02 0.07 47.02
5 -0.04 -0.00 0.04 527.22 1.03 0.67 0.17 1.78 1.69 0.02 0.07 54.57
6 0.04 0.02 0.04 538.00 1.03 0.68 0.14 1.81 1.72 020. 0.07 49.90
7 0.12 0.04 0.04 531.29 0.99 0.68 0.12 1.95 1.74 03 0. 0.07 43.42
8 0.21 0.06 0.04 521.04 0.97 0.69 0.09 2.18 1.73 030. 0.08 50.13
9 0.33 0.09 0.04 463.67 0.90 0.71 0.07 3.01 1.84 030. 0.08 44.39
10 (High) 0.63 0.16 0.05 307.13 0.67 0.80 0.03 6.26 2.76 0.03 0.11 35.01
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Panel B: Correlation

STO
RET
BAS
ME
BETA
BM
MOM
ILLIQ
TURN
IVOL
MAX
PRC

STO
1
0.461
0.030
-0.001
-0.024
0.015
-0.102

0.003
0.008
0.070
0.142
-0.000

RET

1
0.073
0.002

-0.004
0.032

-0.014
0.003
0.033
0.226
0.390

0.001

BAS

-0.096
0.065
0.055

-0.034
0.124
0.047
0.772
0.621
-0.019

ME

0.007
—0.058
0.012
-0.011
-0.001
—-0.092
-0.061

0.100

BETA

-0.029
0.046

-0.024
0.024
0.026
0.050
-0.001

BM

0.068
0.050
-0.003
0.075
0.058
—-0.002

MOM

-0.027
0.014
-0.050
—-0.043
0.002

ILLIQ

.0640

128.
98.0

0.002

TURN IVOL

1
0.076 1
0.089 0.902
-0.001 -0.016

MAX

-0.011

PRC

1
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Table 2. STO portfolioreturns

This table reports the average monthly excessnstuarhart (1997) four-factor alphas, and FamaFkredch (2015) five-factor alphas of each decile
portfolio sorted by the short-term overreaction (§ Tmheasure. At the end of each montive sort stocks into decile portfolios based @ $7O measure
over the month, where STO is our measure of skeom-toverreaction as defined in Section 2.1. We ntefp@ average returns and alphas of the decile
portfolios in montht+1. Panel A (B) reports the results of equal-weidht@lue-weighted) schemes. The column labeled 1D™-represents the difference
in average returns and alphas between the tofharzbttom STO decile portfolio. The numbers withémentheses indicate Newey and West (1987) codecte

t-statistics with 12 lags. The sample period is fitday 1993 to December 2022. The sample periodim fMay 1993 to December 2022.

STO decile
1 2 3 4 5 6 7 8 9 10 1-10
(Low) (High)

Panel A: Equal-weighted portfolio
Excess 1.41 1.11 0.96 0.90 0.85 0.72 0.71 0.70 0.67 0.64 0.77
return (4.50) (3.44) (3.11) (2.84) (2.65) (2.23) (2.19) (2.09) (2.93) (1.88) (5.17)
4—factor 0.71 0.35 0.17 0.11 0.08 -0.05 -0.07 -0.06 -0.05 -0.00 0.72
alpha (4.40) (2.77) (2.91) (2.33) (1.14) (-0.74) (-0.91) (-0.62) (-0.48) (-0.03) (3.81)
5-factor 0.65 0.32 0.16 0.08 0.06 -0.09 -0.15 -0.08 -0.15 -0.08 0.73
alpha (4.40) (2.43) (1.59) (0.88) (0.74) (-1.13) (-2.14) (-0.83) (-1.35) (-0.65) (4.04)
Panel B: Value-weighted portfolio
Excess 1.09 0.93 1.03 0.93 0.83 0.71 0.63 0.53 0.40 0.19 0.90
return (3.96) (3.59) (4.11) (3.76) (3.01) (2.60) (2.13) (1.96) (1.41) (0.57) (3.51)
4—factor 0.33 0.18 0.29 0.15 0.11 -0.01 -0.12 -0.22 -0.29 -0.46 0.79
alpha (2.48) (1.85) (3.18) (1.88) (1.55) (-0.10) (-1.53) (-3.00) (-2.51) (-2.75) (3.14)
5-factor 0.37 0.15 0.30 0.22 0.09 -0.06 -0.13 -0.24 -0.39 -0.63 1.00
alpha (2.57) (1.31) (3.75) (2.36) (1.32) (-0.72) (-1.80) (-3.54) (-2.80) (-2.97) (3.72)
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Table 3. STO portfolio returnsafter controlling for various firm characteristic variables
This table presents the average monthly returnsgusie dependent bivariate-sort methodology basethe short-term overreaction (SY@easure aft
controlling for several variables. The sorting &sbd on short-term overreaction, after controfforgshort-term return reversal (RET), ladk spread (BAS
the log of market capitalization (ME), the marketd(BETA), the log of book-to-market ratio (BM)térmediateerm momentum (MOM), illiquidity (ILLIQ)
stock turnover (TURN), idiosyncratic volatility (IOL), maximum daily return (MAX), and the stock m@i¢PRC). Firststocks are sorted into quintiles us
the control variable, and within each quintile,tfee further sorted based on the short-term oaeti@n from the previous month. Quintile J) gomprise
stocks with the lowest (highest) STO. Panel A @)arts the results of equal-weighted (value-weighsehemesThe table reports the average returns a
the control quintiles, ensuring dispersion in SThilevmaintaining similar levels of the control \avle. The row labeled “1 - 5,” “1 - 5 FF4 alphatid “1 -
5 FF5 alpha” represent the difference in returregh@rt (1997) four-factor alphas, and Fama anddfré2015) five-factor alphas betwethe top and botto

quintile sorted by STO for each quintile sortedcontrol variables. The numbers within parenthesdiate Newey and West (1987) corredtasthistics with
12 lags. The sample period is from May 1993 to Deéuer 2022.

Panel A:Equal-weighted portfolio

;Ti(r?t”e No control ~ RET BAS ME BETA BM MOM ILLIQ  TURN IVOL MAX PRC
1 (Low) 1.26 1.11 1.28 1.21 1.26 1.28 1.24 1.23 812 1.30 1.25 1.25
2 0.93 0.99 0.96 0.93 0.92 0.93 0.92 0.91 0.92 0.94 0.90 0.95
3 0.78 0.87 0.79 0.79 0.80 0.81 0.75 0.77 0.80 0.76 0.80 0.80
4 0.71 0.70 0.67 0.73 0.68 0.71 0.71 0.75 0.67 0.71 0.70 0.73
5 (High) 0.66 0.67 0.63 0.67 0.68 0.61 0.71 068 670. 064 0.69 0.62
1-5 0.61 0.44 0.66 0.54 0.58 0.67 0.53 0.55 0.62 0.66 0.56 0.63
(4.76) (3.82) (5.06) (4.61) (4.87) (5.25) (4.35) 4.50) (4.73) (5.43) (4.67) (5.20)
1-5 0.56 0.43 0.60 0.47 0.55 0.62 0.52 0.50 0.55 0.60 0.48 0.56
FF4 alpha  (3.42) (4.00) (3.87) (3.22) (3.69) (3.91) (343) .1 (3.40) (4.00) (3.30) (3.90)
1-5 0.60 0.50 0.62 0.50 0.57 0.65 0.46 0.52 0.60 0.64 0.57 0.58
FF5 alpha (3.77) (4.15) (4.30) (3.55) (3.84) (4.15) (2.88) .3® (3.91) (4.46) (3.89) (4.01)
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Panel B:Value-weighted portfolio

qsl;(r?t”e No control ~ RET BAS ME BETA BM MOM  ILLIQ  TURN  IVOL MAX PRC
1 (Low) 0.99 0.92 0.91 1.16 0.97 1.03 0.94 112 210 084 0.83 1.02
2 0.98 0.91 0.86 0.90 0.94 1.00 0.85 0.79 0.99 0.79 0.88 0.96
3 0.77 0.77 0.75 0.77 0.75 0.86 0.69 0.66 0.83 0.65 0.74 0.76
4 0.59 0.59 0.66 0.68 0.59 0.59 0.56 0.64 0.57 0.59 0.61 0.64
5 (High) 0.34 0.45 0.28 0.62 0.43 0.45 0.32 046  340.  0.32 0.37 0.56
1-5 0.65 0.47 0.62 0.53 0.54 0.58 0.61 0.66 0.68 0.52 0.46 0.46
(3.79)  (2.98) (3.86) (459)  (3.74) (4.00) (3.77) 5.60) (4.37) (3.56) (2.70) (2.65)
1-5 0.57 0.40 0.52 0.49 0.48 0.51 0.59 0.62 0.61 0.44 0.32 0.40
FF4 alpha  (3.27) (2.79) (2.97) (335  (3.09) (3.61) (2.99) 3% (3.59) (2.78) (1.91) (2.01)
1-5 0.68 0.60 0.61 0.52 0.54 0.58 0.55 0.62 0.64 0.52 0.47 0.44
FF5 alpha  (3.49) (3.43) (3.61) (364)  (3.35) (3.98) (2.88) .7Q) (4.07) (3.18) (2.71) (2.24)
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Table 4. Fama and M acBeth (1973) cross-sectional regressions

This table presents the results of the Fama and&thq1973) cross-sectional regression. We repertiimeserie:
averages of the monthly regression coefficientnftioe regression of the return on stoak montht+1 on our short
term overreaction measure, STO, and control va&hControls include short-term return reversal TREBtock
turnover (TURN), bid-ask spread (BAS), the log airiket caftalization (ME), the market beta (BETA), the lof
book-to-market ratio (BM), intermediaterm momentum (MOM), illiquidity (ILLIQ), idiosyneatic volatility
(IVOL), maximum daily return (MAX), and the stockipe (PRC). The independent variables areseiized at th
1% and 99% levels. The numbers within parenthesgisate Newey and West (1987) correctatlaistics with 1:
lags. The detailed definitions of the variablesarailable in the Appendix. The sample period agrfiMay 1993 t
December 2022.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 W 6
STO —-0.254 -0.210 -0.220 -0.116 -0.211 —-0.099
(-6.67) (-6.39) (-5.62) (-4.27) (-5.90) (-3.63)
RET -0.104 -0.261 -0.126 -0.311
(-1.26) (-4.66) (-1.46) (-4.58)
RETxTURN 0.063 0.080
(2.12) (3.09)
TURN -0.156 -0.018
(-1.44) (-0.33)
BAS -0.273 —-0.296 -0.298
(-1.67) (-1.81) (-1.93)
ME -0.077 -0.079 —-0.068
(-1.37) (-1.40) (-1.22)
BETA 0.034 0.014 0.012
(1.11) (0.48) (0.43)
BM 0.133 0.133 0.142
(1.70) (1.69) (1.81)
MOM 0.277 0.283 0.278
(3.14) (3.19) (3.28)
ILLIQ -0.038 -0.042 -0.035
(-0.95) (-1.03) (-0.86)
IVOL -0.057 -0.161 -0.137
(-0.75) (-2.00) (-1.66)
MAX -0.234 -0.063 -0.050
(-2.66) (-0.78) (-0.63)
PRC -0.103 —-0.080 —-0.090
(-1.95) (-1.50) (-1.68)
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Tableb5. Bivariate-sort analysisof STO and RET

This table presents the average monthly excesmeetising the dependent double-sort method basedeoshort
term overreaction (STO) measure and short-ternmreversal (RET). Stocks are independesdsted into quintil
portfolios based on two variables. In Panel A (B¢, report the results of STO (RET) returns for beghalweightec
and value-weighted portfolios. The table reports dlrerage monty excess returns for the 25 portfolios gener
through the independent double-sort method. Thenaos labeled “1 - 5,” “1 — 5 FF4 alpha,” and “1 +B5 alpha
represent differences in the returns, Carhart (L88®-factor alphas, and Fama and French (20{B)féictor alpha:
The row “Average” is the average value of portfakturns sorted by one variable for each quintieesl bythe othe
variable. STO is a volume-based short-term oveti@ameasure, and RET is defined as the measwskaftierr
return reversal. The numbers within parenthesesatel Newey and West (1987) correctestatistics with 12ags
The sample period is from May 1993 to December 2022

Pane A: STO portfolio returns controlling for RET

Equalweighted portfolio

STO

. 1-5 1-5

1 (Low) 2 3 4 5(High)  1-5 FF4 alpha FF5 alpha

1 (Low) 1.53 0.95 0.52 0.65 0.90 0.63 0.59 0.66
(3.93) (2.29) (1.18) (1.39) @.77) (2.64) (2.24) 2.4Q)

2 1.20 1.02 0.85 0.71 0.66 0.55 0.55 0.61
(4.36) (3.43) (2.64) (2.02) (1.75) (3.29) (3.68) 3.7Q)

RET 3 1.08 0.96 0.90 0.79 0.83 0.24 0.27 0.33
(4.04) (3.55) (3.22) (2.62) (2.65) (1.92) (2.18) 2.7Q)

4 0.86 0.82 0.87 0.72 0.88 -0.02 0.00 0.15
(3.41) (2.90) (3.01) (2.38) (2.90) (-0.14) (0.03) (1.16)

5 (High) 0.49 0.83 0.67 0.64 0.42 0.07 0.08 0.30
(1.09) (2.07) (1.70) (1.68) (1.07) (0.28) (0.27) 1.06)

Average  1.03 0.92 0.76 0.70 0.74 0.29 0.30 0.41

(3.42) (2.93) (2.32) (2.03) (2.06) (2.67) (2.70) (3.35)
Value-weighted portfolio

STO

. 1-5 1-5

1 (Low) 2 8 4 5(High) 1~ FF4 alpha FF5 alpha

1 (Low) 0.88 0.64 0.42 0.70 0.83 0.04 0.17 0.25
(2.59) (1.63) (0.96) (1.63) (1.29) (0.09) (0.41) 0.58)

2 1.06 1.10 0.81 0.62 0.92 0.14 0.09 0.35
(3.88) (4.14) (2.74) (2.13) (2.50) (0.56) 0.37) 1.70)

RET 3 0.90 0.83 0.87 0.63 0.45 0.45 0.43 0.55
(3.29) (3.38) (3.33) (2.30) (1.82) (2.24) (2.20) 2.38)

4 1.03 0.91 0.81 0.66 0.46 0.57 0.45 0.76
(4.92) (3.27) (2.84) (2.34) (1.59) (2.03) (1.85) 2.60)

5 (High) 0.88 0.92 0.99 0.51 0.31 0.57 0.39 0.71
(1.89) (1.95) (2.53) (1.33) (1.01) (1.22) (0.91) 1.4q)

Average  0.95 0.88 0.78 0.62 0.59 0.35 0.30 0.52

(372)  (3.18) (2.62)  (2.15)  (1.89)  (1.90) (2.00) (2.54)
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Panel E: RET portfolio returns controlling for STO
Equalweighted portfolio

RET
. 1-5 1-5
1 (Low) 2 8 4 5(High) 1~ FF4 alpha FF5 alpha
1 (Low) 1.53 1.20 1.08 0.86 0.49 1.04 0.90 0.64
(3.93) (4.36) (4.04) (3.41) (1.09) (3.45) (2.28) 1.76)
2 0.95 1.02 0.96 0.82 0.83 0.12 0.08 -0.23
(2.29) (3.43) (3.55) (2.90) (2.07) (0.47) (0.33) -065)
STO 3 0.52 0.85 0.90 0.87 0.67 -0.15 -0.13 -0.37
(1.18) (2.64) (3.22) (3.01) (1.70) (-0.68) (-0.49) (-1.26)
4 0.65 0.71 0.79 0.72 0.64 0.00 -0.02 -0.23
(1.39) (2.02) (2.62) (2.38) (1.68) (0.02) (-0.08) (-0.76)
5 (High) 0.90 0.66 0.83 0.88 0.42 0.48 0.39 0.28
1.77) (1.75) (2.65) (2.90) (1.07) (1.61) (1.24) 0.70)
Average 091 0.89 0.91 0.83 0.61 0.30 0.25 0.02

(2.12) (2.80) (3.26) (2.99) (1.58) (1.42) (1.00) (0.06)
Value-weighted portfolio

RET
. 1-5 1-5
1 (Low) 2 3 4 5(High)  1-5 FF4 alpha FF5 alpha
1 (Low) 0.88 1.06 0.90 1.03 0.88 -0.01 0.02 -0.25
(2.59) (3.88) (3.24) (4.92) (1.89) (-0.02) (0.05) (-0.53)
2 0.64 1.10 0.83 0.91 0.92 -0.28 -0.32 -0.65
(1.63) (4.14) (3.38) (3.27) (1.95) (-0.59) (-0.61) (-1.37)
sTO 3 0.42 0.81 0.87 0.81 0.99 -0.57 -0.64 -0.82
(0.96) (2.74) (3.33) (2.84) (2.53) (-1.62) (-1.63) (-1.91)
4 0.70 0.62 0.63 0.66 0.51 0.19 0.19 -0.36
(1.63) (2.13) (2.30) (2.34) (1.33) (0.64) (0.59) -107)
5 (High) 0.83 0.92 0.45 0.46 0.31 0.52 0.24 0.21
(1.29) (2.50) (1.82) (1.59) (1.01) (0.90) (0.47) 0.39)
Average  0.69 0.90 0.73 0.77 0.72 -0.03 -0.10 -0.37

(1.75)  (3.38)  (3.05) (3.33) (2.13) (-0.10) (-0.33 (-1.17)
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Table 6. STO and theabnormal return around subsequent ear nings announcement

Panel A of Table 6 presents the results of thegmbobgression of abnormal returns around subse@aenings
announcement dates on STO and control variablesd&pendent variable is the cumulative size-adjustt@ormal
return (CAR) over the event window [-1,1] of theréags announcement date. The independent variatdksie
the standardized unexpected earnings (SUE), defisglde quarter's actual earnings minus the averfadge most
recent analyst forecasts divided by the stock pthoe prior quarter’'s CAR[-1,1], and the short-teswerreaction
(STO). The set of control variables includes shemnta return reversal (RET), bid-ask spread (BABg, Ibg of
market capitalization (ME), the market beta (BETH)e log of book-to-market ratio (BM), intermedidézm
momentum (MOM), illiquidity (ILLIQ), stock turnovefTURN), idiosyncratic volatility (IVOL), maximumaily
return (MAX), the stock price (PRC), and Friday ayrter fixed effects. Panel B reports the resulitsn we use
abnormal returns around the same date of the previmnth of earnings announcement as the depenaigaible.
All independent variables are standardized and avined at the 1% and 99% levels. The analysis atdsdior
Friday and quarter fixed effects, and firm clustgris applied. Théstatistics in parentheses are based on standard
errors clustered at the firm level. The samplequeis from May 1993 to December 2022.

Panel /4 Abnormal returns arountheactualearnings announcement d

(1) (2 3) 4) ) (6)
CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1]
STC —0.06%* —0.04* —0.02+* ~0.05** —0.05* ~0.06**
(-3.12) (-2.02) (-1.91) (-2.31) (-2.28) (-2.14)
SUE 3,58+ 3.60%+*
(45.35 (45.25
Prior CAR}-1,1] -0.02 0.15%+ -0.01
(-0.83 (5.44 (-0.19
RET -0.02 -0.11 -0.01 -0.01 -0.08*
(-1.11) (-1.22) (-0.21 (-0.39 (-1.93)
BAS —0.15%+ -0.15%* -0.02
(-342) (-3.40) (-0.48
ME —0.11%+ —0.11%+ —0.14%*
(-5.19) (-5.11) (-6.13)
BETA -0.0z -0.02 -0.02
(-0.91 (-0.93 (-0.54
BM 0.18% 0.17%+ 0.14%+
(6.24 (6.13 (4.41
MOM ~0.000: -0.0005  —0.0016**
(-0.83 (-1.77) (-4.81)
ILLIQ 0.65% 0.64%+ 0.78%+
(10.58 (10.50 (5.84
TURN 0.08** 0.08* 0.09*
(2.68 (257 (2.33
IVOL 0.07 0.07 -0.01
(1.08 (111 (-0.18
MAX -0.11* -0.11* -0.0¢
(-1.77) (-1.76) (-1.16)
PRC 0.0z 0.0z 0.06*
(0.78 (0.64 1.72
Constar 0.17% 0.17%+ 0.08* 0.19% 0.19%+ 0.18%+
(8.15) (8.14 (3.47 (9.33 (9.38 (6.43
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Observation 27349¢ 27349¢ 207597 27349¢ 27349¢ 20759°

R? 0.000: 0.000: 0.038¢ 0.00z 0.002: 0.039:
Adj R? 0.000: 0.000: 0.038t¢ 0.001¢ 0.002: 0.039:
Quarter fixed effec Yes Yes Yes Yes Yes Yes
Friday fixec effects Yes Yes Yes Yes Yes Yes
Panel E: Abnormal returns around tl same date of the previomontt beforethe earnings announceme
1) ) 3) 4) (5) (6)
CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1] CAR[-1,1]
STC 0.0z 0.0z 0.0€ 0.0z 0.0z 0.07
(0.69) (0.69) (1.60) (0.83) (0.83) (1.33)
Controls Same as Panel B
Observation 29497( 29495! 22021( 27991( 27991( 20934
R2 0.0C 0.0C 0.000: 0.000: 0.000: 0.000¢
Adj R? 0.0C 0.0C 0.000: 0.000: 0.000: 0.000:
Quarter fixed effec Yes Yes Yes Yes Yes Yes
Friday fixed effect Yes Yes Yes Yes Yes Yes
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Table 7. Effects of earningsannouncementson STO portfolio and Fama and M acbeth (1973) cross-sectional regression analyses

This table presents the effects of earnings anrevaent (EA) dates on decile portfolio returns anth&and Macbeth (1973) regression results. In P&nel
we present the equal-weighted and value-weightean® of decile portfolios sorted by STO and a 10-Hong-short portfolio, separately for each of the
following three cases: 1) when there is an earnegsouncement in month(i.e., during the STO calculation month), 2) whéere is an earnings
announcement in monti1 (i.e., during the return measurement month),3ndhen no earnings announcement occurs in marghdt+1. The columns
labeled “1 - 10", “1 — 10 FF4 alpha”, and “1 - 1BF-alpha” represent the differences between thandghe bottom STO decile portfolio in averaganme,
Carhart (1997) four-factor alphas, and Fama anddfré2015) five-factor alphas, respectively. P@e@resents Fama and Macbeth (1973) cross-sectional
regression results. Models 1-3 show the regressisults when there are earnings announcements rithrhdviodels 4-6 show the results when there are
earnings announcements in momtfl, and Models 7-9 show the results where no egsnannouncements in monthandt+1. In the cross-sectional
regressions, all independent variables are staizdar@nd winsorized at the 1% and 99% levels. Atmabers within parentheses indicate Newey and West
(1987) corrected statistics with 12 lags. The sample period is fidiay 1993 to December 2022.

Panel A. Portfolio-sort analysis

STO decile
! 2 3 4 5 6 7 8 9 10 1-10 _t710 1-10
(Low) (High) FF4 alpha FF5 alpha
Panel Al: Earnings announcementiontht
Equal- 0.86 0.65 0.85 0.70 0.69 0.50 0.57 0.91 0.83 1.16 -0.30 -0.51 -0.44
weighted (2.56) (1.82) (2.53) (2.16) (1.76) (1.54) (1.80) (2.66) (2.22) (3.02) (-1.24) (-2.38) (-1.74)
Value- 0.97 0.49 0.84 1.00 0.86 0.61 0.60 0.76 0.69 0.88 0.09 -0.29 -0.01

weighted (3.78) (1.80) (2.63) (3.49) (2.34) (1.91) (1.99) (3.18) (2.71) (2.83) (0.32)  (-1.06) (-0.02)

Panel A2: Earnings announcemenimontht+1

Equa- 212 152 135 135 132 126 095 095 1.04  0.86 1.26 1.17 1.25
weighted (5.94) (4.41) (4.18) (4.13) (353) (3.54) (2.66) (2.47) (2.79) (1.87)  (3.35) (2.95) (3.43)
Value- 1.38 112 118 112 100 159 117 084 065 0.6 0.82 0.74 0.83

weighted (3.53) (3.07) (4.58) (3.55) (2.87) (4.29) (3.56) (2.30) (2.08) (1.70)  (1.93) (1.78) (2.19)

Panel A3: No earnings announcementrianths t and +1

Equa- 116 075 051 073 058 044 056 008 012 009 1.08 0.94 0.89
weighted (2.87) (1.84) (1.39) (1.98) (1.39) (1.19) (1.54) (0.22) (0.33) (0.25)  (6.22) (5.39) (5.02)
Value- 157 089 081 067 084 040 090 044 024 -014 171 1.48 1.77

weighted (4.30) (2.50) (2.73) (1.98) (2.45) (1.09) (2.79) (1.28) (0.67) (-0.44)  (6.38) (5.23) (6.11)

-41-



Pand B: Fama and Macbeth (1973) cross-sectional regji@ss

EA inmontht EA inmontht+1 Others
Variable Model 1 Model 2 Model 3 Model 4 Model 5 e 6
STO -0.072 -0.019 -0.245 -0.209 -0.198 -0.112
(-1.41) (-0.41) (-4.29) (-4.22) (-4.46) (-2.53)
RET 0.083 -0.024 -0.436 -0.407 -0.367 -0.436
(1.43) (-0.35) (-4.65) (-4.11) (-4.38) (-4.52)
BAS -0.493 -0.431 -0.322 -0.238 -0.563 -0.387
(-2.54) (-2.43) (-1.75) (-1.40) (-3.20) (-2.16)
ME 0.010 -0.080 -0.161
(0.13) (-1.06) (-1.66)
BETA -0.063 0.069 0.070
(-1.71) (2.07) (1.19)
BM 0.097 0.325 0.052
(1.62) (3.50) (0.68)
MOM 0.235 0.231 0.389
(2.36) (2.20) (3.56)
ILLIQ -0.189 0.131 -0.143
(-2.47) (2.97) (-2.06)
TURN 0.014 -0.016 0.034
(0.20) (-0.21) (0.46)
IVOL -0.228 -0.030 -0.290
(=1.77) (-0.22) (-1.89)
MAX 0.204 -0.196 0.106
(1.88) (-1.27) (0.93)
PRC -0.144 -0.028 0.026
(-2.10) (-0.37) (0.41)
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Table 8. Subsample analysis

This table presents excess returns and alphasidotterm overreaction (STO) decile portfolios acrodtedént subsamples. In Panel A, we divide the sa
into High- and Low- sentiment states based onrikiestor sentiment index from Baker and Wurgler @08ligh- (Low-) sentiment monttere defined as tho
with an investor sentiment index above (below)ghmple median for the same month in which STO iasmezdIn Panel B, stocks are sorted into quatrtile
their level of Institutional Ownership (I0). Low @migh indicate the lowest and highest IO quarti&smilarly, in Panel€ and D, stocks are sorted into quar
by Size and llliquidity, respectively. Low and HighPanel C and D, indicate the lowest and higBe&st and llliquidity quartile, respeéetly. For each subsamp
at the end of each month, stocks are sorted intidbedgortfolios based on their STO value. We reploet equal-weighted and valweighted average returns
each STO decile portfolio. The columns labeled “10%, “1 — 10 FF4 alpha”, and “1 — 10 FF5 alphapoet the average returns, folactor alphas (Carha
1997), and five-factor alphas (Fama and French5p6flthe long-short portfolios that are long thighest STO decile and short theviest STO deciles. The ro
labeled “H-L” reports the difference between thghdgroup and Low group of subsamples, for each 8a@€le. Parentheses indicate Neweg &viest (1987
corrected-statistics with 12 lags. The sample period is fiday 1993 to December 2022.

STO decile
1 10 1-10 1-10
(Low) 2 3 4 S 6 ! 8 o (High) 1-10 ppy alpha FF5 alpha
Panel A: Investor Sentiment
Equal-weighted portfolio
High 1.17 0.82 0.63 0.59 0.35 0.36 0.37 0.28 0.27 0.20 0.97 1.06 0.94
(3.04) (2.20) (1.72) (1.61) (0.97) (0.94) (1.00) (0.72) (0.67) (0.50) (4.27) (3.09) (2.84)
Low 1.66 1.40 1.28 1.21 1.35 1.08 1.05 1.13 1.07 1.08 0.58 0.50 0.51
(3.80) (3.02) (2.91) (2.60) (2.98) (2.41) (2.29) (2.58) (2.18) (2.40) (3.33) (2.64) (3.03)
H-L -0.49 -0.58 -0.66 -0.62 -1.00 -0.72 -0.68 -0.84 -0.80 -0.88 0.39 0.56 0.43

(-0.81) (-0.91) (-1.04) (-0.98) (-1.62) (-1.18) (-1.10) (-1.39) (-1.33) (-1.57) (1.28) (1.94) (1.48)
Value-weighted portfolio

High 071 072 075 0.81 0.52 0.39 0.35 0.18  -0.09  -0.36 1.07 1.16 1.48
(1.85) (2.03) (2.28) (2.48) (1.42) (1.03) (0.88) (0.55) (-0.25) (-0.75) (2.49)  (2.52)  (3.12)
Low 147 114 1.31 1.05 1.14 1.03 0.91 087 088  0.73 0.73 0.59 0.60
(4.58) (3.47) (4.70) (3.30) (3.38) (3.30) (2.86) (2.70) (2.80) (2.31) (3.09)  (2.50)  (2.51)
H-L -0.76 -0.42 -056 -024 -061 -0.64 -056 -0.69 -0.97 -1.09 0.33 0.56 0.87

(-1.36) (-0.76) (-1.10) (-0.48) (-1.24) (-1.27) (-1.12) (-1.39) (-1.87) (-2.15) (0.75)  (1.30)  (2.04)
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Panel B: Institutional Ownership

Equal-weighted portfolio

High 1.22 1.02 1.03 1.04 0.75 0.87 0.77 0.81 0.63 0.49 0.73 0.59 0.64
(3.83) (3.38) (3.47) (3.25) (2.63) (2.98) (2.54) (2.66) (2.16) (1.67) (4.03) (2.88) (3.28)
Low 1.16 1.00 0.48 0.44 0.30 0.17 0.08 0.17 0.24 0.36 0.80 0.86 0.74
(4.15) (2.91) (2.35) (1.22) (0.78) (0.44) (0.21) (0.46) (0.63) (0.97) (3.15) (3.00) (2.64)
H-L 0.06 0.02 0.54 0.60 0.46 0.70 0.68 0.64 0.39 0.12 -0.06 -0.27 -0.10
(0.33) (0.10) (2.55) (2.98) (2.91) (2.68) (3.44) (2.99) (1.64) (0.53) (-0.22) (-0.94) (-0.36)
Value-weighted portfolio
High 1.07 0.94 1.09 0.87 0.94 0.77 0.58 0.64 0.40 0.18 0.88 0.69 0.85
(3.54) (3.16) (4.10) (2.96) (3.28) (2.66) (1.84) (2.03) (1.32) (0.60) (3.74) (3.04) (3.28)
Low 0.83 0.83 0.66 0.04 0.75 0.19 0.36 0.21 0.46 0.33 0.50 0.55 0.32
(2.75)  (2.17) (2.23) (0.13) (2.18) (0.59) (0.95) (0.56) (1.44) (0.76) (2.23) (1.11) (0.76)
H-L 0.23 0.11 0.43 0.83 0.19 0.58 0.22 0.43 -0.06 -0.14 0.38 0.14 0.53
(0.76)  (0.38) (1.53) (3.57) (0.65) (2.56) (0.86) (2.32) (-0.21) (-0.50) (0.87) (0.29) (1.25)
Panel C: Size
Equal-weighted portfolio
High 0.94 0.99 0.90 0.92 0.89 0.78 0.73 0.65 0.63 0.55 0.39 0.24 0.39
(3.59) (3.65) (3.55) (3.61) (3.38) (3.02) (2.86) (2.18) (2.36) (2.14) (2.77) (1.57) (2.32)
Low 1.59 1.37 1.08 0.94 0.74 0.64 0.60 0.65 0.69 0.77 0.81 0.82 0.72
(4.59) (3.20) (2.65) (2.30) (1.74) (1.39) (1.38) (1.36) (1.58) (1.80) (2.97) (2.77) (2.44)
H-L -0.64 -0.38 -0.18 -0.02 0.14 0.14 0.13 0.00 -0.06 -0.22 -0.42 -0.59 -0.34
(-2.90) (-1.33) (-0.72) (-0.10) (0.50) (0.47) (0.47) (0.00) (-0.22) (-0.77) (-1.54) (-2.15) (-1.18)
Value-weighted portfolio
High 0.96 1.07 1.02 0.85 0.80 0.72 0.63 0.58 0.44 0.28 0.69 0.57 0.69
(3.65) (4.07) (4.26) (3.31) (2.62) (2.73) (2.52) (1.99) (1.58) (0.89) (2.95) (2.41) (2.72)
Low 1.44 1.18 1.05 0.72 0.58 0.54 0.53 0.58 0.57 0.66 0.79 0.80 0.72
(4.56) (3.06) (2.72) (1.82) (1.48) (1.26) (1.21) (1.32) (1.41) (1.55) (3.04) (2.84) (2.57)
H-L -0.48 -0.11 -0.02 0.14 0.22 0.18 0.10 0.00 -0.12 -0.38 -0.10 -0.23 -0.03
(-1.99) (-0.37) (-0.09) (0.47) (0.69) (0.58) (0.32) (0.01) (-0.39) (-1.04) (-0.35) (-0.84) (-0.10)
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Panel D: llliquidity

Equal-weighted portfolio

High 1.47 1.30 0.94
(4.60) (3.27) (2.51)
Low 0.99 0.97 0.95
(3.59) (3.30) (3.71)
H-L 0.48 033  -0.01

(2.37) (1.45) (-0.07)
Value-weighted portfolio

High 129 092 071
(4.67) (271)  (2.09)
Low 1.00  1.04 1.05
(3.73) (4.01)  (4.38)
H-L 029 -012 -0.33

(1.32) (-0.47) (-1.32)

0.98
(2.49)
0.94
(3.44)
0.04
(0.18)

0.59
(1.69)
0.88
(3.36)
-0.29
(-1.13)

0.72
(1.82)
0.87
(3.20)
-0.14
(-0.57)

0.47
(1.37)
0.76
(2.60)
-0.29
(-1.08)

0.53
(1.23)
0.83
(3.08)
-0.30
(-1.11)

0.37
(0.95)
0.77
(2.84)
-0.40
(-1.34)

0.53
(1.33)
0.82
(2.77)
-0.29
(-1.36)

0.27
(0.75)
0.62
(2.43)
-0.35
(-1.39)

0.58
(1.36)
0.73
(2.43)
-0.15
(~0.60)

0.33
(0.97)
0.64
(2.14)
-0.31
(-1.24)

0.58
(1.35)
0.66
(2.36)
-0.08
(-0.31)

0.33
(0.87)
0.41
(1.47)
-0.08
(-0.29)

0.61
(1.51)
0.63
(2.34)
-0.01
(~0.04)

0.38
(1.03)
0.28
(0.92)
0.10
(0.32)

0.86
(3.20)
0.36
(2.49)
0.49
(1.74)

0.91
(3.69)
0.72
(3.01)
0.19
(0.66)

0.92
(3.20)
0.23
(1.39)
0.69
(2.44)

1.00
(3.67)
0.58
(2.49)
0.42
(1.54)

0.78
(2.66)
0.37
(2.09)
0.42
(1.34)

0.82
(2.98)
0.75
(2.90)
0.07
(0.24)
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Table 9. Short and long side returns of STO portfolios

This table reports the average monthly excessmet@arhart (1997) fouactor alphas, and Fama and French (2
five-factor alphas for portfolios sorted by STCHanel A and portfolios double-sorted by 10 and $T®anel B We
first sort stocks into quintiles based on STO agtdysiintile 3 as the neutral portfolio. The diffece betweerquintile
3 and 5 (i.e., 3 - 5) represents the short side tlaa difference between quintile 1 and 3 (i.e-, 3) represents tt
long side of the portfolio. equal-weighted and ealweighted stand for equal-weighted and valséghted portfolios
respectively. Panel A shows the average excessisstind alphas for STO 1 - 5 long-short portfoditurns the shol
side (3 — 5), and the long side (1 — 3) of STO lshgrt portfolio returns. Panel B1 shows the STOHreturns fo
each 10 quintile. Panel B2 and B3 report the skidet (3 — 5) and the long side (1 - 3) of the S@@tshorportfolio
returns for each IO quintile, respectively. The ihns in parentheses indicate Newey and West (1887¢cted 4
statistics with 12 lags. The sample period is fiday 1993 to December 2022.

Pane A: STO portfolio returns

STO
1 (Low) 2 3 4 5 (High) 1-5 3-5 1-3
Equalweighted portfolio
Excess return 1.26 0.93 0.78 0.71 0.66 0.61 0.13 0.48
(4.00) (2.98) (2.45) (2.15) (1.92) (4.76) (1.50) 4.96)
FF4 alpha 0.53 0.14 0.02 -0.06 -0.03 0.56 0.04 0.51
(3.85) (1.71) (0.24) (-0.80) (-0.26) (3.42) (0.47) (4.63)
FF5 alpha 0.48 0.12 -0.02 -0.12 -0.12 0.60 0.10 00.5

(3.66) (1.30) (-0.22) (-1.50) (-1.03) (3.77) 011 (4.79)
Value-weighted portfolio

Excess return  0.99 0.98 0.77 0.59 0.34 0.65 0.43 0.22
(3.81) (3.99) (2.89) (2.14) (1.17) (3.79) (2.80) 1.90)
FF4 alpha 0.23 0.21 0.05 -0.16 -0.34 0.57 0.39 0.18
(2.54) (2.96) (0.99)  (-3.01) (-2.89)  (3.27) (2.59) (1.50)
FF5 alpha 0.22 0.27 0.02 -0.18 -0.46 0.68 0.47 0.20

(2.12) (3.58) (0.38)  (-3.48) (-3.12)  (3.49) (2.83) (1.58)

Pane B: STO portfolio returns by institutional ownerghi
Pane B1: STO 1 - 5 for 10 subsamples

10
All 1 (Low) 2 3 4 5 (High) 1-5
Equalweighted portfolio (STO 1 - 5)
Excess return  0.61 0.80 0.67 0.60 0.59 0.51 0.30
(4.76) (3.65) (3.85) (3.45) (4.48) (3.59) (1.19)
FF4 alpha 0.56 0.83 0.64 0.55 0.48 0.39 0.44
(3.42) (3.37) (2.92) (2.61) (3.18) (2.43) (1.79)
FF5 alpha 0.60 0.74 0.61 0.59 0.62 0.38 0.36
(3.77) (2.74) (2.82) (3.19) (4.03) (2.50) (1.29)
Value-weighted portfolio (STO 1 - 5)
Excess return  0.65 0.46 0.67 1.09 0.67 0.66 -0.21
(3.79) (1.62) (3.40) (3.90) (3.68) (3.56) (-0.72)
FF4 alpha 0.57 0.40 0.63 1.06 0.56 0.52 -0.12
(3.27) (1.31) (3.00) (3.37) (2.83) (2.68) (-0.44)
FF5 alpha 0.68 0.33 0.62 1.01 0.67 0.61 -0.28
(3.49) (1.14) (3.16) (3.44) (3.20) (2.73) (-0.87)
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Pane B2: STO 3 - 5 (short side) for IO subsamples

Equalweighted portfolio (STO 3 - 5)

Excess return  0.13 -0.12 0.05 0.12 0.12 0.26 -0.38
(1.50) (-0.74) (0.38) (1.08) (1.20) (3.22) (-2.04)
FF4 alpha 0.04 -0.15 0.03 0.05 0.07 0.17 -0.32
(0.47) (-0.91) (0.18) (0.42) (0.68) (1.92) (-1.80)
FF5 alpha 0.10 -0.14 0.03 0.12 0.18 0.14 -0.27
(1.12) (-0.75) (0.20) (1.24) a.77) (1.57) (-1.40)
Value-weighted portfolio (STO 3 - 5)
Excess return  0.43 0.08 -0.05 0.65 0.51 0.51 -0.43
(2.80) (0.36) (-0.212) (2.84) (3.66) (4.26) (-1.67)
FF4 alpha 0.39 -0.04 -0.09 0.51 0.49 0.43 -0.47
(2.59) (-0.18) (-0.36) (2.08) (3.09) (3.21) (-2.86
FF5 alpha 0.47 -0.01 -0.02 0.65 0.53 0.45 -0.46
(2.83) (-0.04) (=0.07) (2.47) (3.41) (3.06) (-2.58
Pane B3: STO 1— 3 (long side) for IO subsamples
Equalweighted portfolio (STO 1 - 3)
Excess return  0.48 0.93 0.63 0.47 0.46 0.25 -0.67
(4.96) (5.04) 4.77) (3.47) (5.06) (2.18) (-3.39)
FF4 alpha 0.51 0.98 0.67 0.50 0.41 0.22 -0.76
(4.63) (5.48) (4.96) (3.13) (4.42) (1.78) (-3.68)
FF5 alpha 0.50 0.88 0.58 0.47 0.44 0.25 -0.63
(4.79) (4.79) (4.88) (3.13) (4.47) (2.12) (-3.05)
Value-weighted portfolio (STO 1 - 3)
Excess return  0.22 0.37 0.72 0.44 0.16 0.15 -0.22
(1.92) (1.38) (2.56) (2.16) (1.25) (1.06) (-0.79)
FF4 alpha 0.18 0.44 0.72 0.54 0.07 0.09 -0.35
(1.50) (1.61) (2.60) (2.83) (0.58) (0.65) (-1.28)
FF5 alpha 0.20 0.34 0.64 0.36 0.14 0.16 -0.18
(1.58) (1.18) (2.29) (1.65) (1.09) (1.19) (-0.60)

47-



Table 10. Alter native measureof STO

This table reports the average monthly excessnet@arhart (1997) four-factor alphas, and Famaraedch (2015) five-factor alphas of each decilafplio
sorted by the alternative short-term overreact®nhd) measure, constructed by daily equal weighsigmed volume within month At the end of each month
t, we group stocks into decile portfolios based lua $TO over the month. We report the average retand alphas of the decile portfolios in motitf.
Results are presented in both equal-weighted alugweeighted schemes. The columns labeled “1 - ‘10 10 FF4 alpha”, and “1 — 10 FF5 alpha” report
the average returns, four-factor alphas (Carh@@y}, and five-factor alphas (Fama and French, poithe long-short portfolios that are long thehest
STO decile and short the lowest STO deciles. Pheses indicate Newey and West (1987) correteidtistics with 12 lags. The sample period is fidiay

1993 to December 2022.

STO decile
1 10 1-10 1-10
(Low) 3 4 5 6 ! 8 (High) - FF4 alpha FF5 alpha
STO, based on equal-weighted daily signed volurtténithe month
Equal- 1.13 1.06 0.83 0.94 0.92 0.87 0.71 0.89 0.71 0.62 0.51 0.42 0.40
weighted  (3.53) (3.25) (2.65) (3.04) (2.86) (2.72) (2.22) (2.63) (2.14) (1.80) (4.28) (2.74) (2.56)
Value- 1.00 0.94 0.86 0.93 0.78 0.81 0.60 0.66 0.47 0.32 0.68 0.57 0.67
weighted  (3.33) (3.41) (3.35) (3.64) (3.12) (2.92) (2.25) (2.43) (1.62) (1.04) (2.61) (2.14) (2.68)
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