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Abstract
We study the out-of-sample and post-publication return-predictability of 95 characteristics that
are shown in published academic studies to predict cross-sectional stock returns. We estimate an
out-of-sample decline in predictability due to statistical bias of 13%, which is not statistically
significant. The average post-publication decline, which we attribute to both statistical bias and
informed trading, is about 44%, and statistically different from both 0% and 100%. Our findings
point to mispricing as the source of predictability. Predictors with larger in-sample returns and
predictors that potentially violate weak-form market efficiency decline more post-publication.
Predictor portfolios that are easier to arbitrage, i.e., consisting more of stocks with low
idiosyncratic risk and high liquidity, also decline more post-publication. Post-publication,
predictor portfolios have increases in short interest on the short side, and increases in correlations
with other portfolios that are based on published predictors.
Keywords: Return predictability, limits of arbitrage, publication impact, market efficiency,
comovement, statistical bias.
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Finance research has uncovered many cross-sectional relations between predetermined
variables and future stock returns. Beyond historical curiosity, these relations are relevant to the
extent they provide insight into the future. Whether or not the typical relation continues outside
of a study’s original sample is an open question, the answer to which can shed light on why
cross-sectional return predictability is observed in the first place.1 Although several papers note
whether a specific cross-sectional relation continues, no study compares in-sample returns, postsample returns, and post-publication returns among a large sample of predictors. Moreover,
previous studies produce contradictory messages. As examples, Jegadeesh and Titman (2001)
show that the relative returns to high-momentum stocks increased after the publication of their
1993 paper, while Schwert (2003) argues that since the publication of the value and size effects,
index funds based on these variables fail to generate alpha.2
In this paper, we synthesize information from 95 predictors that have been shown to
explain cross-sectional stock returns in peer-reviewed finance, accounting, and economics
journals. Our goal is to better understand what happens to return-predictability outside of a
study’s sample period. We compare each predictor’s returns over three distinct periods: (i) the
original study’s sample; (ii) after the original sample but before publication; and (iii) postpublication. Previous studies contend that return-predictability is either the outcome of a rational
asset pricing model, statistical biases, or mispricing. By comparing return-predictability across
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We focus on cross-sectional variables. For an analysis of the performance of time-series variables, see
LeBaron (2000) and Goyal and Welch (2008). For an analysis of calendar effects, see Sullivan, Timmermann, and
White (2011).
2
! Lewellen (2011) uses 15 variables to produce a singular rolling cross-sectional return proxy and shows
that it predicts, with decay, next period’s cross section of returns. Haugen and Baker (1996) and Chordia,
Subrahmanyan, and Tong (2013) compare characteristics in two separate subperiods. Haugen and Baker show that
each of their characteristics produces statistically significant returns in the second-subperiod, whereas Chordia,
Subrahmanyan, and Tong show that none of their characteristics is statistically significant in their second-subperiod.
Green, Hand, Zhang (2012) identify 300 published and unpublished characteristics but they do not estimate
characteristic decay parameters as a function of publication or sample-end dates.
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these three distinct periods, we are able to give insight into what best explains the typical
predictor’s returns.
Pre-publication, out-of-sample predictability. If return-predictability in published studies
is the result of statistical biases, then predictability should disappear out of sample. We use the
term “statistical biases” to describe a broad array of biases that are inherent to research.
At least three statistical biases could affect observed stock return-predictability: sample
selection biases, method selection biases, and multiple testing bias. Leamer (1978) shows the
impact of “specification search” biases, which occur if the choice of method is influenced by the
methodology’s result. Lo and MacKinlay (1990) examine a specific type of specification search
bias found in finance, which they refer to as the “data snooping bias.” A second type of bias is
sample selection bias, studied in Heckman (1979), where the sample construction is influenced
by the result of the test. 3 A third type of bias arises when researchers conduct multiple tests of
the same hypothesis. This bias goes back to Bonferroni (1935) and is applied to finance by Fama
(1991) when he notes that, “With clever researchers on both sides of the efficiency fence,
rummaging for forecasting variables, we are sure to find instances of ‘reliable’ return
predictability that are in fact spurious.” Harvey, Liu, and Zhu (2013) argue that this bias has
worsened over time; as researchers test an increasing number of predictor’s, an increasing
number of studies will be published with spurious predictability. To the extent that the results of
the studies in our sample are caused by such biases, we should observe a decline in returnpredictability out-of-sample.
Post-publication predictability. We assume that more market participants know about a
predictor after a paper documenting the predictor has been published, as compared to before the
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Along these lines, a strategy’s spuriously high returns can attract academic attention to the strategy,
making the publication date endogenous. We thank Allan Timmermann for pointing out this possibility.
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paper’s publication date. However, we do not assume that the publication date is a precise
transition date. Papers are often presented at conferences and distributed before publication,
causing information to be released before the publication date. On the other hand, market
participants may be slow to respond to academic studies, so information may begin to work its
way into prices long after the publication date. Most of our tests therefore examine whether
return-predictability is different after the publication date as compared to before the publication
date. 4
Whether return predictability should change post-publication or not depends on what
causes the predictability. Cochrane (1999) explains that if predictability reflects risk, then it is
likely to persist regardless of how many people know about it: “Even if the opportunity is widely
publicized, investors will not change their portfolio decisions, and the relatively high average
return will remain.” Cochrane’s logic follows Muth’s (1961) rational expectations hypothesis,
and thus can be broadened to non-risk models such as Amihud and Mendelson’s (1986)
transaction-based model and Brennan’s (1970) tax-based model. If return-predictability reflects
rational expectations, then pre- and post-publication (and out-of-sample but pre-publication)
return-predictability should be similar.
Alternatively, if return-predictability is the result of mispricing and if publication draws
the attention of sophisticated investors who trade against the mispricing, then we would expect
the effects to disappear after the paper is published or at least continue at a reduced level if costs
prevent arbitrage from fully eliminating mispricing (see Delong, Shleifer, Summers, and
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To the best of our knowledge, the first empirical examination of the effects of academic research on
capital markets is Mittoo and Thompson’s (1990) study of the size effect. They use a regime switching model to
illustrate a post-1983 difference in returns to size portfolios.
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Waldman (1990), Pontiff (1996, 2006), and Shleifer and Vishny (1997)).5 We can differentiate
this effect from that of statistical biases by finding a greater decline post-publication as compared
to any decline out of-sample but pre-publication.
Findings. We conduct our analysis using 95 different characteristics from 68 different
studies. Using long-short portfolio strategies that buy and sell extreme quintiles that are based on
each predictor, we confirm significant returns for 78 of the characteristics in-sample; for 16 of
the characteristics we could not, using our portfolio method, find statistically significant return
predictability in the original sample. We focus our analyses on the 78 characteristics with
significant in-sample returns. As we mention above, the post-sample but pre-publication period
is useful for estimating statistical bias. We find that on average, return-predictability declines by
13% during this period, implying that a 1% in sample return reflects a bias-free in sample return
of 0.87%. This finding is statistically insignificant—we cannot reject the hypothesis that there
are no statistical biases. Our 13% estimate is probably too high, since some traders could learn
about the predictor before publication and their actions will cause some decay that is captured in
the 13%.
We estimate that the average predictor’s return decays 44% post-publication. Thus, an insample return of 1% is expected to decay to 0.56% post-publication. Combining this finding with
an estimated statistical bias of 13% implies a lower bound on the publication effect of about
31%. We can reject the hypothesis that post-publication return-predictability does not change
and we can also reject the hypothesis that return-predictability disappears entirely. The postpublication decline is robust to time indicators used by other authors and time fixed effects.
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For evidence of limited arbitrage in short sellers and mutual funds, see Duan, Hu, and McLean (2009 and

2010).!
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The decay in predictability is larger for predictors with higher in sample returns and
higher in sample t-statistics. We also find evidence that decay is larger for predictors that can be
constructed with only price and trading data, and therefore represent violations of weak form
market efficiency. The post-publication decline is greater for predictors that are less costly to
arbitrage; i.e., predictors that require more trading in stocks with high liquidity and low
idiosyncratic risk. Our findings are consistent with mispricing explanations for returnpredictability, as post-publication returns decline the most for portfolios that have the highest insample returns and lowest arbitrage costs.
We further investigate the effects of publication by studying traits that reflect trading
activity. We find that stocks within the predictor portfolios have post-publication increases in
variance, turnover, and dollar volume. The difference in the relative amount of short interest
between stocks in the short and long sides of each portfolio also increases after publication.
These findings are consistent with the idea that academic research draws attention to predictors.7
The correlation across predictors is quite low, averaging only 4.9%. We find that
correlations between predictors are affected by publication. We find that yet-to-be-published
predictor portfolios are correlated. However, after a predictor is published its correlation with
other yet-to-be-published predictor portfolios decreases, while its correlation with other alreadypublished predictor portfolios increases. One interpretation of this finding is that predictors are
the result of mispricing and mispricing has a common source; this is why in-sample predictor
portfolios are correlated. This interpretation is consistent with the irrational comovement models
proposed in Lee, Shleifer, and Thaler (1991) and Barberis and Shleifer (2003). Publication then
causes more arbitrageurs to trade on the predictor, which causes predictor portfolios to become
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
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! Drake, Rees and Swanson (2011) demonstrate that short interest is more pronounced in the low-return
segment of several characteristic sorted portfolios. Their study does not account for the difference between in- and
out-of-sample short interest. !
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more correlated with already-published predictor portfolios that are also pursued by arbitrageurs,
and less correlated with yet-to-be-published predictor portfolios.

1. Research Method
We identify studies that find cross-sectional relations between variables that are known in a
given month and stock returns in the following month(s). We do not study time series
predictability. We limit ourselves to studies in academic peer-reviewed finance, accounting, and
economics journals, where the null of no cross-sectional predictability is rejected at the 5% level,
and to studies that can be constructed with publicly available data. Most often, these studies are
identified with search engines such as Econlit by searching for articles in finance and accounting
journals with words such as “cross-section.” Some studies are located from reference lists in
books or other papers. Lastly, in the process of writing this paper, we contacted other finance
professors and inquired about cross-sectional relations that we may have missed.
Most studies that we identify either demonstrate cross-sectional predictability with FamaMacBeth (1973) slope coefficients or with long-short portfolio returns. Some of the studies that
we identify demonstrate a univariate relation between the characteristic and subsequent returns,
while other studies include additional control variables. Some studies that we identify are not
truly cross-sectional, but instead present event-study evidence that seems to imply a crosssectional relation. Since we expect the results from these studies to provide useful information to
investors, we also include them in our analyses.
We use 95 cross-sectional relations from 78 different studies. We include all variables that
relate to cross-sectional returns, including those with strong theoretical motivation such as Fama
and MacBeth’s landmark 1973 study of market beta in the Journal of Political Economy and
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Amihud’s 2002 study of a liquidity measure in the Journal of Financial Markets. The study with
the most number of original cross-sectional relations that we utilize (4) is Haugen and Baker’s
1996 study in the Journal of Financial Economics. Haugen and Baker (1996) investigate more
than four predictors, but some of their predictors were documented by other authors earlier and
are therefore associated with other publications in our study.
We are unable to exactly construct all of the characteristics. In such cases, we calculate a
characteristic that captures the intent of the study. As examples, Franzoni and Marin (2006) show
that a pension funding variable predicts future stock returns. This variable is no longer covered
by Compustat, so we use available data from Compustat to construct a variable that we expect to
contain much of the same information. Dichev and Piotroski (2001) show that firms that are
downgraded by Moody’s experience negative future abnormal returns. Compustat does not cover
Moody’s ratings. It does cover S&P ratings, so we use S&P rating downgrades instead.
Characteristics that use accounting data are winsorized, such that values that are below the 1st
percentile are assigned the value of the 1st percentile, and values that are above the 99th
percentile are assigned the value of the 99th percentile. Returns are equally weighted unless the
primary study presents value-weighted portfolio results (e.g., Ang, Hodrick, Xing, and Zhang,
2006).
We estimate each predictors’ return-predictability by computing the return of a portfolio
that each month invests in stocks in the top 20th percentile of the characteristic (the strategy’s
long-side) minus the return of a portfolio that invests in stocks in the bottom 20th percentile of
the characteristic. In an earlier version of the paper we also calculated monthly Fama-MacBeth
(1973) slope coefficient estimates using a continuous measure of the characteristic (e.g. firm size
or past returns). As Fama (1976) shows, Fama-MacBeth slope coefficients are returns from long-
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short portfolios with unit net exposure to the characteristic. We obtained similar findings using
both methods, so for the sake of brevity we only report quintile returns.
We segment periods based on the end of the sample and the publication date because they
are clear, agreeable dates that may be associated with changes in predictability. The end of the
original sample provides a clear point to estimation statistical bias. The publication date
however, is not a clear point for examining the impact of market participants learning about a
predictor (assuming the predictor is the result of mispricing). As we mention above, we assume
that more investors know about a predictor during the sample period after the publication date as
compared to the sample period before the publication date. Some market participants will read a
working paper version before publication, while some will read the paper years after publication.
Hence, post-publication decay in return-predictability may be a slow process and we are unaware
of theories of how long the decay should take and the functional form of the decay. Despite the
simplicity of our approach, the publication date generates robust estimates of return decay.

2. Creating the Data and In-Sample Replicability
Summary statistics for the characteristics that we study are provided in Table 1. Our goal is
not to perfectly replicate a paper. This is impossible since CRSP data changes over time and
papers often omit details about precise calculations. Seventeen of our predictors produce insample t-statistics that are between -1.50 and 1.50.8 We do not include these characteristics in the
paper’s main tests. Thus, a total of 78 (95 – 17) or 82% of the predictor’s produce significant insample returns and are used in the paper’s primary tests.
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If a characteristic is not associated with a t-statistic outside of the -1.50 to 1.50 range, both co-authors
independently wrote code to estimate the effect.
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As we mention above, in an earlier version of the paper we also estimated predictor returns
using continuous variables in Fama-MacBeth regressions. We are able to find significant insample returns for three additional predictors using this method. One might therefore claim that
of the 95 predictors, we are able to replicate in-sample predictability for 81 or 85% of them.
Admittedly, the decision to use a t-statistic cut-off of 1.50 is arbitrary. The decision was
motivated by a desire to utilize as many characteristics as possible, while still measuring the
same essential characteristic as the original paper. Given that some papers feature characteristics
with t-statistics that are close to 2.0 and that we are not perfectly replicating the original authors’
methodology, a cut-off of 1.50 seemed reasonable to us. That stated, only two of the 78
characteristics that we include in the paper’s analyses only four have t-statistics that are less than
1.80.
We define the publication date as the date based on the journal’s year and issue. For this
date convention, the average length of time between the end of the sample and publication is 55
months. For comparison, the average original in-sample span is 329 months, and the average outof-sample span is 141 months. In an earlier version of the paper we also consider the publication
date to be the earlier of the actual publication date and the first time that paper appeared on the
SSRN. The average number of months between the end of the sample and SSRN date is 44
months, and we get the same findings using this method. Table 1 shows that the generous
number of cross-sectional characteristics yields a total number of 4,361 out-of-sample but prepublication observations, and 11,145 post-publication observations.
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3. Main Results
3.1. Characteristic Dynamics Relative to End of Sample and Publication Dates
We now formally study the returns of each predictor relative to its sample-end and
publication dates. The baseline regression model is described in equation (1):

!!" = !!, + !! !!"#$!!"#$%&!!"##$!,! ! + ! !! !!"#$!!"#$%&'(%)*!!"##$!,! ! + ! !!"

(1)

In equation 1 the dependent variable is the monthly return for predictor i in month t. the
post-sample dummy is equal to one if month t is after the end of the original sample but still prepublication and zero otherwise, while the post-publication dummy is equal to 1 if the month is
post-publication and zero otherwise. The variable αi is the predictor’s fixed effect. We report the
average value of αi as the intercept in the tables.
As we mention previously, correlations across predictors are low, averaging only 4.9%.
Nonetheless, to be conservative we estimate equation (1) using generalized least squares, which
accounts for correlations across predictors when estimating the coefficients. That stated, using
simpler ordinary least squares regressions produces the same findings. In addition, we also also
cluster our standard errors on time to control for any common shocks across predictors. In
unreported results we cluster on anomaly, and produce larger t-statistics.
The post-sample coefficient estimates the total impact of statistical biases on predictor in
sample performance (under the assumption that sophisticated traders are unaware of the working
paper before publication). The post-publication coefficient estimates both the impact of statistical
biases and the impact of publication. If statistical biases are the cause of in-sample predictability,
then the coefficients for both the post-sample and the post-publication dummy should be equal
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to -1. Such a finding would be consistent with Fama’s (1991) conjecture that return-predictability
in academic studies is the outcome of data-mining.
Instead, if predictors’ returns are the result of mispricing and arbitrage resulting from
publication corrects all mispricing, then the post-publication coefficient will be equal to -1 and
the post-sample dummy will be close to zero. In the other extreme, if there are no statistical
biases and academic papers have no influence on investors’ actions, then both of the coefficients
should equal zero.

3.2. Predictor Return Dynamics Relative to End of Sample and Publication Dates
Table 2 presents regression estimates of how predictability varies through the life cycle of a
publication. Column 1 reports the results for our baseline specification, which is an estimate of
Equation 1 within the sample of the 79 predictors for which we found significant in sample
predictability. The post-sample coefficient in this regression is -0.104, and statistically
insignificant. This means that our best estimate of the post-sample decline 10.4 basis points,
although the standard errors are too large to claim significance at standard levels. The postpublication coefficient is -0.351, and it is significant at the 1% level. This means that on average
predictor portfolios are 35.1 basis points lower post-publication compared to before publication.
The intercept in this regression is 0.795, and it is also significant at the 1% level. The reported
intercept here is the average of the predictor dummies. The intercept therefore shows that the
average predictor has an in-sample mean return of 79.5 basis points per month. Hence, the postsample and post-publication declines relative to the in-sample mean are 44% and 13%
respectively.
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The regression in the second column includes all 95 predictors, and therefore includes the
16 predictors for which we did not find significant in-sample predictability. The inclusion of
these additional predictors does not change the basic inference reported in column 1. The postsample and post-publication coefficients are -0.091 and -0.300 respectively in column 2, similar
to the results in column 1 and with the same levels of statistical significance as in column 1. The
intercept in column 2 is 0.683, similar to but slightly smaller than the intercept reported in
column 1. The intercept and coefficients are expected to be smaller in column 2, as we are
including 16 predictors that do not have significant in-sample predictability.
In the regression reported in third column we exclude the predictor dummies and in their
place include the in-sample mean of each predictor as an independent variable. With respect to
the post-sample and post-publication coefficients, they are both similar to the coefficients in the
first column, and show that there is an insignificant decline of about 10 basis points out-ofsample, and then a significant decline of 32 basis points post-publication. The coefficient for the
in-sample mean is 0.912, and it is highly significant. This means that average predictor’s returns
is about 9% lower post-publication as compared to its in-sample mean. This also shows that
predictors with higher in-sample means have larger declines post-publication in absolute terms.
At the bottom of Table 3, we report tests of whether the coefficient for post-publication is
greater than the coefficient for out-of-sample but pre-publication. In all three regressions that we
describe above the difference is significant. Hence, the decline in return-predictability that is
observed post-publication is significantly higher than the decline in return-predictability that is
observed out-of-sample, but pre-publication. This difference tells us that there is an effect
associated with publication that cannot be explained by statistical biases, which should be fully
reflected in the out-of-sample but pre-publication coefficients.
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The fourth column returns to the regressions that include predictor dummy variables. In
these regressions we include interactions between the in-sample mean return of each predictor
and the out-of-sample and post-publication dummy variables. The interactions test whether
predictors with higher in-sample means decline more post-publication. We do not include the insample mean in the regression by itself because it does not vary over time and we include
predictor dummies. If predictor dummies are included, then only variables that vary within the
predictor over time can have effects on the regression’s dependent variable.
In column 4 the coefficient for post-sample is 0.088 and insignificant, while the coefficient
for the post-sample interaction with the in-sample mean is -0.247. The mean predictor has an insample mean return of 0.785 (see Table 1), so the overall post-sample effect is 0.088 + (-0.247 x
0.785) = -0.106, similar to the post-sample coefficient in column 1. The in-sample mean has a
standard deviation of 0.562. (see Table 1) Hence, a one standard deviation increase in the insample mean leads to an additional -0.247 x 0.562 =13.9 basis point decline in predictor returns
post-sample. This could reflect the fact that predictors with larger in-sample returns are likely to
have a higher degree of statistical bias. Alternatively, it could reflect the fact that arbitrageurs or
more likely to learn about and trade on predictors with higher returns before publication.
The post-publication coefficient in column 4 is -0.070 and insignificant, while the postpublication interaction is -0.342 and highly significant. The average predictor therefore has a
post-publication decline of -0.070 + (-0.342 x 0.785) = -0.268, which is similar to the effect
estimated in column 1. A one standard deviation increase in the in-sample mean leads to an
additional -0.342 x 0.562 =19.4 basis point decline in post-publication returns. This relation is
also displayed in Figure 1.A, which plots the average in-sample mean for each predictor against
its post-publication decline, and shows that predictors with larger in-sample returns have greater
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post-publication declines. This finding is consistent with the idea that arbitrageurs are more
likely to trade on predictors that offer higher returns, and that publication advertises predictors to
investors.
The final regression in Table 2 interacts the post-sample and post-publication dummies
with the predictor’s in-sample t-statistic. The post-sample coefficient in this regression 0.027,
while the post-sample-t-statistic interaction coefficient is -0.029. Both coefficients are
insignificant. The in-sample t-statistics have a mean of 4.46 and a standard deviation of 2.96 (not
reported in tables). Hence, the regression estimates an average decline of 10.2 basis points postsample, similar to what is reported in in column 1. A one standard deviation increase in the insample t-statistic leads to an additional decline of 8.60 basis points.
The post-publication coefficient in column 5 is -0.160 and insignificant, while the postpublication interaction coefficient is -0.044. Hence, for the mean predictor its post-publication
decline is about 36 basis points. A one standard deviation increase in the in-sample t-statistic
leads to an additional 13 basis points in decline. This relation is plotted in Figure 1.B, which
displays the relation between the in-sample t-statistic and the post-publication decline in returns,
and shows that predictors with larger in-sample t-statistics have larger post-publication declines.
The results here are consistent with the idea that arbitrageurs target predictors with more reliable
returns.

3.3. A Closer Look at Predictor Return Dynamics around the Sample-End and Publication Dates
Figure 2 further considers changes in predictability by examining finer post-sample and
post-publication partitions. The figure plots the coefficients from a regression of predictor
returns on dummy variables that signify the last 12 months of the original sample; the first 12
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months out-of sample; and the other out-of-sample months. In addition, the publication dummy
is split up into six different variables; one dummy variable for each of the first five years postpublication, and a dummy variable for all of the months that are at least five years after
publication.
The publication process often takes years. This gives researchers the opportunity to
choose where to end their samples with the purpose of reporting stronger results. Figure 2 shows
that the coefficient for the last 12 months of the sample period is positive. This shows that the
last 12 months of the sample has higher returns than the other in-sample months, which could be
consistent with choosing to end samples opportunistically. However, the coefficient for the first
12 months post-sample is also positive, showing that the first 12 months post-sample has on
average higher returns than the average returns in-sample; if authors where selectively choosing
their sample periods, then this coefficient should be negative.
Figure 2 shows that after the first 12 months out-of-sample, returns are lower as
compared to in-sample, and stay that way throughout the life of the predictor. After the first year
post-sample and during the remaining months out-of-sample but before publication, returns are
lower by 18 basis points. Returns remain at this level throughout the first two years postpublication, and then begin to decay further. In the third year we estimate a decay of 26 basis
points; in the fourth year it is 50.5 basis points; and in the fifth year it is 27 basis points. After the
fifth year predictors’ returns are on average 39 basis points lower as compared to in-sample.
Taken together what the results in Figure 3 show is that this study is not an event study;
nothing magical happens on the day a paper is published. What is shown is that the decline in
returns is not in full effect until a few years after the publication data. This suggests it takes time

15
!

!

for investors to learn about and effectively implement the strategies described in academic
studies.

3.4. Do Predictor Returns Exhibit Time Trends and Persistence?
It could be the case that the dissemination of academic research has no effect on returnpredictability, and that our end-of-sample and publication coefficients reflect a time trend or a
trend that proxies for lower costs of corrective trading. For example, anomalies might reflect
mispricing and declining trading costs have made arbitrage less costly, which is why we observe
the drop post-publication. Goldstein, Irvine, Kandel, and Wiener (2009) present evidence that
brokerage commissions dropped dramatically from 1977 to 2004, while Anand, Irvine, Puckett
and Venkataraman (2012) show that, over the last decade, execution costs have fallen. Chordia,
Subrahmanyam, and Tong (2013) show that the returns of the different predictors decline after
1993, and effect they attribute to more hedge funds and lower trading costs. Hence, it could be
the case that characteristics are diminishing because the costs of trading on these characteristics
have declined over time.
We study these effects in Table 3. We construct a time variable that is equal to 1/100 in
January 1926 and increases by 1/100 during each consecutive month in our sample. In column 1
we estimate a regression of monthly portfolio returns on the time variable and a predictor fixed
effect. The time variable produces a negative slope coefficient that is significant at the 1% level,
which is consistent with the idea that portfolio returns have declined over time. In Column 2, we
replace the time variable with three different time variables, each constructed specifically for
each predictor. I-Time is a time variable that begins during the first month of the in-sample
period, and is equal to zero after predictor’s in-sample period ends. S-Time begins when the
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predictor ‘s sample period ends, and ends on the predictor’s publication date. Finally, P-Time
begins on the predictor’s publication date and goes through the end of our sample period (2012).
The regression reported in column 2, which use the three predictor-specific time variables,
shows that there is not a general time decline in returns throughout the life of a predictor.
Instead, there is only a downward trend in returns after the predictor has been featured in a
published study. The coefficients for the in-sample and out-of-sample trends are both
insignificant, whereas there is a negative and significant trend in returns during the postpublication period.
In column 3 we use a dummy variable that is equal to 1 if the year is after 1993 and zero
otherwise. We use this specification because, as we mention above, Chordia, Subrahmanyam,
and Tong (2013) show that 12 predictors have lower returns post-1993, which is the second half
of their study’s sample period. The post-1993 coefficient is insignificant in our sample.
Given the results in the first three columns, we estimate a specification in column 4 that
includes the dummy variables for post-publication and post-sample along with the three time
variables used in column 2. The regressors are correlated so there is a good deal of
multicollinearity, which inflates the standard errors. The regression still estimates a sizeable and
significant post-publication decline of 25 basis points. The coefficient for the post-publication
trend is negative but insignificant. The post-sample dummy is positive but insignificant, while
the post-sample trend is negative and significant, suggesting that predictor returns are lower
towards the end of the post-sample period, consistent with the results displayed in Figure 3.
Perhaps a cleaner way to control for time effects while studying the effect of publication is
to include time fixed effects, as we avoid the collinearity between the post-sample and postpublication dummies and the time variables. We estimate this specification in column 5. This
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regression estimate an insignificant decline of 11.6 basis points out-of-sample, and a significant
22.4 basis points post-publication. These results therefore show that the post-publication decay is
robust to controlling for decay over time.
In the final two regressions in Table 3 we test whether predictor returns are persistent, and
whether controlling for persistence changes the publication effect. Recent work by Moskowitz,
Ooi, and Pedersen (2010) and Asness, Moskowitz and Pedersen (2009) finds broad momentum
across asset classes and correlation of momentum returns across classes. The pervasiveness of
the results in these papers suggests that momentum, or perhaps shorter-term persistence, might
exist among our larger sample of characteristics.
We include the predictor’s last month’s return and the sum of its last 12 months’ returns in
regressions 6 and 7 respectively. Both of the lagged return coefficients are positive and
significant, which is broadly consistent with the findings of Moskowitz, et al. The publication
coefficient remains significant in each of these regressions, suggesting a post-publication decline
of about 30 basis points once past returns are considered.

3.5. Does the Post-Publication Decline Vary Across Predictor Types?
In this section of the paper we ask whether in-sample predictability and post-publication
declines vary across predictors, based on the information that is needed to construct the
predictor. To conduct this exercise we split our predictors into four groups: (i) Event; (ii) Market;
(iii) Valuation; and (iv) Fundamentals.
Event predictors are based on events within the firm, external events that affect the firm,
and changes in firm-performance. Examples of event predictors include share issues, changes in
financial analyst recommendations, and unexpected increases in R&D spending. Market
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predictors are predictors that can be constructed using only financial data, such as volume,
prices, returns and shares outstanding. Momentum, long-term reversal, and market value of
equity are included in our sample of market predictors.
Valuation predictors are ratios, where one of the numbers reflects a market value and the
other reflects fundamentals. Examples of valuation predictors include sales-to-price and marketto-book. Finally, fundamental predictors are those that are constructed with financial statement
data and nothing else. Leverage, taxes, and accruals are fundamental predictors.
We summarize the in-sample and post-publication returns for the four groups of
predictors in Figure 3. The figure shows that all four groups of predictors have post-publication
declines in predictability. The post-publication decline is therefore robust; the effect is not driven
by a certain type of predictor. The figure shows that market predictors have the largest in-sample
mean, averaging 97.5 basis points per month, and the biggest decline post-publication, falling
46.7 basis points to 50.8 basis points per month. Market predictors are constructed using only
price and trading data, so they potentially represent violations of the weakest form of market
efficiency. The results are consistent with the idea that such predictors are arbitraged more
aggressively post-publication.
We more formally test for differences between the four-predictor groups in the
regressions reported in Table 4. In each regression monthly returns are regressed on a dummy
variable representing one of the four-predictor types. The intercepts in these regressions
therefore represent the average returns from the three-predictor types not represented by the
dummy variable.
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In the first four regressions we limit the sample to in-sample observations. In the regression
in column 1 we include a dummy variable for the Event predictors. The coefficient in this
regression is -0.037 and not significant, while the intercept is 0.780 and highly significant. What
this shows is that the average monthly return in-sample for the non-Event predictors is 78 basis
points per month, and for Event predictors we estimate that the average is 3.7 basis points lower,
although the standard error of this estimate is too high for standard statistical significance.
What the effects in the first four regressions of Table 4 show is that, consistent with Figure
3, Market predictors have higher in-sample means. In the second regression the coefficient for
the Market predictor dummy is 0.282, although the standard error is too high for the effect to be
statistically significant. What we learn from these four regressions is that although Event
predictors have higher in-sample means (as shown in Figure 3), the standard error associated
with this difference is very large.
Regressions 4-8 in Table 4 test for differences in post-publication declines across the four
groups, while controlling for the in-sample mean of each predictor. Table 2 shows that predictors
with larger in-sample mean returns have greater post-publication declines, so in these regressions
we control for each predictor’s in-sample mean return.
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The only significant effect in regressions 5-8 is found in regression 6, which has a dummy
variable that signifies whether the predictor is a Market predictor. The coefficient is -0.270.
What this shows is that after controlling for the in-sample mean of each predictor, Market
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predictors have post-publication returns that are on average 27 basis points lower than other
predictors. It could be the case that because Market predictors require the least amount of
information to construct, informed trades are more likely to be attracted to these predictors than
the other predictors that require either financial statement information or analyst forecast
information to construct.

3.6. Does Costly Arbitrage Play a Role?
Some of the results in the previous tables are consistent with the idea that publication
attracts arbitrageurs, which results in lower returns post-publication. As we explain in the
Introduction, Pontiff (1996, 2006) and Shleifer and Vishny (1997) point out that costs associated
with arbitrage can prevent arbitrageurs from fully eliminating mispricing. By this logic, predictor
portfolios consisting more of stocks that are costlier to arbitrage (e.g., smaller stocks, less liquid
stocks, stocks with more idiosyncratic risk) should decline less post-publication. If predictor
returns are the outcome of rational asset pricing, then we would not expect the post-publication
decline to be related to arbitrage costs.
Previous papers in the costly arbitrage literature relate arbitrage costs to differences in
returns across stocks within a predictor portfolio (see Pontiff, 2006; Duan, Hu, and McLean,
2010; and McLean, 2010). In contrast, we estimate differences across predictor portfolios.
Another difference between our test and the previous literature is that previous studies assume
informed traders throughout the entire sample. In this framework, the informed trader had
knowledge of the predictor before (and after) the publication date. In contrast, our tests assume
that publication provides information to some sophisticated traders which, in turn, causes decay
in return-predictability post-publication.
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To create the costly arbitrage variables, we perform monthly ranks of all of the stocks in
CRSP based on three transaction cost measures: size, bid-ask spreads, dollar volume, and two
holding costs measures: idiosyncratic risk and a dividend-payer dummy.
Firm size is measured as the market value of equity. Average monthly spreads are
estimated from daily high and low prices using the method of Corwin and Schultz (2012). Dollar
volume is the number of shares traded during the past month multiplied by the month-end stock
price. Stocks with high dollar volume and low spreads are more liquid, and should therefore be
less costly to arbitrage, as should larger stocks.
Idiosyncratic risk limits the amount that an investor will invest in a mispriced stock
(Treynor and Black, 1973, and Pontiff, 1996 and 2006). We compute monthly idiosyncratic risk
by regressing daily returns on the twelve value-weighted industry portfolios from Ken French's
website. For each day, we square that day's residuals and, to correct for autocorrelation, add two
times the product of that day's and the previous day's residual. The monthly measure is created
by adding up the daily data from a given month.!!
Pontiff (1996 and 2006) explains that dividends mitigate holding costs since they
decrease the effective duration of the position. The intuition is that dividends reduce the future
amount of capital devoted to the arbitrage, thus reducing the cumulative holding costs.10 We use
a dummy variable equal to one if a firm paid a dividend and zero otherwise.
Our procedure to estimate the arbitrage cost of each predictor portfolio is a follows. First,
for each month, we compute the average cross-sectional ranking for a trait (e.g. size or
idiosyncratic risk) among all of the stocks CRSP. Each stock-month observation is therefore
assigned a ranking value between 0 and 1. Next, each month, we estimate the average rank for
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
10

This result assumes that the level of the mispricing is unaffected by the dividend payout. The result also
holds for the case where the level of mispricing is influenced by mispricing, but the relative mispricing is not. For
proof, see the appendix in Pontiff (2006).
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the stocks that are in either the long or the short sides of each predictor portfolio. This creates a
time-series of monthly rank-averages for each trait. We then take the average of each time-series
to estimate a single costly arbitrage variable for each predictor. We only use in-sample months to
create the costly arbitrage variables, as it could be the case that trading caused by publication has
an effect on the costly arbitrage variables.
We report the results from these tests in Table 5. The dependent variable in the
regressions reported in Table 5 is a predictor’s monthly return. We limit the sample to postpublication observations. The independent variables include the predictor’s in-sample mean
return, and one of the costly arbitrage variables.
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The results show that there are significantly larger post-publication declines for predictors
with lower arbitrage costs. Consistent with costly arbitrage, the coefficients for size, dollar
volume, and dividends are all negative, but of these three only the dollar volume coefficient is
significant. The dividends coefficient is positive, which is consistent with costly arbitraged,
although the coefficient is insignificant. The idiosyncratic coefficient is positive and significant,
showing that predictor portfolios consisting of stocks with high idiosyncratic risk decline more
post-publication. This result is consistent with Pontiff (2006), who reviews a literature that
relates arbitrage costs to alpha across stocks within predictor portfolios. This literature finds that
return-predictability is stronger in stocks with high idiosyncratic risk, even more so than stocks
with high transaction costs.
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3.7. Post-Publication Trading Activity in Predictor Portfolios
If academic publication provides market participants with information that they trade on,
then this trading activity is likely to affect not only prices, but also other indicators of trading
activity. We therefore ask whether turnover, dollar volume, variance, and short interest increase
in predictor portfolios during the months after publication. To perform these tests we estimate
the regression describe in Equation 1, but replace monthly stock returns with a monthly measure
of one of the monthly traits. These traits can time vary for all stocks over the sample period, so
we focus on changes in cross-sectional ranks, e.g., we ask whether the variance of stocks in
predictor portfolios increase relative to other stocks after the predictor has been published.
Similar to the last section, we compute monthly ranks based on turnover, the dollar value of
trading volume, and stock return variance. Turnover is measured as shares traded scaled by
shares outstanding, while dollar volume is measured as shares traded multiplied by price.
Variance is calculated from monthly stock returns over the preceding thirty-six months. For each
predictor portfolio, we compute the average cross-sectional ranking (ranges from 0 to 1) among
the stocks that enter either the long or the short side of the characteristic portfolio each month,
and test whether the average ranking increases post-publication.
With respect to short interest, we do not compute it’s ranking, but instead we subtract the
average short interest (shares shorted scaled by shares outstanding) of the long side of each
predictor portfolio from the average short interest of the short side of each predictor portfolio. If
publication draws short sellers to predictors, then this relative shorting measure should increase
post-publication.
We report the results from these tests in Tables 6. The results show that variance and dollar
volume are significantly higher during the period that is post-sample but pre-publication, while
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turnover is not. Hence, there appears to be an increase in trading among predictor portfolio
stocks even before a paper is published, suggesting that information from papers may get to
some investors before the paper is published. The effects are greatest with dollar volume;
comparing the post-sample coeffiicent to the regression intercept shows that the average dollar
volume rank of a firm in a predictor portfolio is 2.6% higher out-of-sample but pre-publication as
compared to in-sample.
The post-publication coefficients show that variance, turnover, and dollar volume are all
significantly higher in predictor portfolios after publication. Comparing the coefificents to the
intercept that reflects the average within-sample mean, we see that post-publication the average
rank within the characteristic portfolios increases by 1%, 2.2%, and 3% for variance, turnover,
and dollar volume respectively.
The final column reports the results from the short interest regression. Recall that the short
interest variable is the short interest on the short side minus the short interest on the long side.
The coefficients in this regression are reported in percent. If investors recognize that predictor
portfolio stocks are mispriced, then there should be more shorting on the short side than on the
long side. The intercept is 0.117 (and significant) so the average difference in short interest
between the short and long side of the characteristic portfolios is 0.117% before publication. The
mean and median levels of short interest in our sample (1976-2012) are 3.45% and 0.77%
respectively, so this difference is economically meaningful. This result suggests that some
practitioners knew that stocks in the predictor portfolios were mispriced and traded accordingly.
This could be because practitioners were trading on the predictor, or it could reflect practitioners
trading on other strategies, which happen to be correlated with the predictor. As an example,
short sellers might evaluate firms individually with fundamental analyses. The resulting positions
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might be stocks with low book-to-market ratios, high accruals, high stock returns over the last
few years, etc., even though short sellers were not directly choosing stocks based on these traits.
Post-sample, relative shorting increases by 0.187%, and post-publication, relative shorting
increases by 0.342%. Economically, the effect represents an increase in relative shorting of
three-fold post-publication relative to in-sample (the intercept is 0.117%, which reflects the insample mean). So although some practitioners may have known about these strategies before
publication, the results here suggest that publication made the effects more widely known.

3.7. The Effects of Publication on Correlations Access Characteristic Portfolios
In this section, we study the effects that publication has on correlations across
characteristic portfolios. Simple correlations between predictor portfolios are lower than we
expected. The mean pairwise correlation in our study is 0.050 and the median is 0.047. These
2

levels of correlation imply even lower covariance than Green, et al. (2012), who show that R

between predictors ranges from 6% to 20%. Our results, and those in Green et al., suggest that
multi-characteristic investing is likely to enjoy substantial diversification benefits.
If predictor returns reflect mispricing and if mispricing has common causes (e.g., investor
sentiment), then we might expect in-sample predictor portfolios to be correlated with other insample predictor portfolios. This effect is suggested in Lee, Shleifer, and Thaler (1991), Barberis
and Shleifer (2003), and Barberis, Shleifer and Wurgler (2005). If publication causes
arbitrageurs to trade in a predictor, then it could cause a predictor portfolio to become more
highly correlated with other published predictors and less correlated with unpublished
characteristics.
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In Table 7, predictor portfolio returns are regressed on an equal-weighted portfolio of all
other predictors that are pre-publication and a second equal-weighted portfolio of all of the other
predictors that are post-publication. We include a dummy variable that indicates whether the
predictor is post-publication, and interactions between this dummy variable and the prepublication and post-publication predictor portfolios returns.
The results show that while a predictor is pre-publication, its returns are significantly
related to the returns of other pre-publication predictor portfolios. The coefficient or beta for the
pre-publication predictor portfolio is 0.704 and and it is statistically significant. In contrast, the
beta for a pre-publication portfolio with portfolios that are post-publication is 0.013. These
findings are consistent with Lee, Shleifer, and Thaler (1991) and Barberis and Shleifer (2003).
The interactions show that once a predictor is published, its returns are less correlated
with the returns of other pre-publication predictor portfolios and more correlated with the returns
of other post-publication predictor portfolios. The coefficient for the interaction between the
post-publication dummy and the return of the portfolio consisting of in-sample predictors is 0.562 (p-value = 0.047). Hence, once a predictor is published, the beta of its returns with the
returns of other yet-to-be-published predictors returns virtually disappears, as the overall
coefficient reduces to 0.704 – 0.562 = 0.140. The coefficient for the interaction of the postpublication dummy with the returns of the other post-publication predictors is 0.562 (p-value =
0.063), suggesting that there is a significant relation between the portfolio returns of published
predictors and other published predictors.
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4. Conclusions
This paper studies 95 predictors that have been shown to explain cross-sectional stock
returns in peer reviewed finance, accounting, and economics journals. We compare each
predictor’s return-predictability over three distinct periods: (i) within the original study’s sample
period; (ii) outside of the original sample period but before publication; and (iii) postpublication.
We use the period during which a predictor is outside of its original sample but still prepublication to estimate an upper bound on the effect of statistical biases. We estimate the effect
of statistical bias to be about 13%. This is an upper bound, because some investors could learn
about a predictor while the study is still a working paper. The average predictor’s return declines
by 44% post-publication. We attribute this post-publication effect both to statistical biases and to
arbitrageurs who observe the finding. Combining this finding with an estimated statistical bias of
13% implies a publication effect of about 31%.
Several of our findings support the idea that cross-sectional predictability is the result of
mispricing. First, predictor portfolios with larger in-sample returns and that consist more of
stocks that are less costly to arbitrage decline more post-publication. Arbitrageurs should pursue
trading strategies with highest after-cost returns, so these results are consistent with the idea that
publication attracts sophisticated investors. We further find that variance, turnover, dollar
volume, and short interest all increase significantly in predictor portfolios post-publication. This
is also consistent with the idea that academic research draws attention to the predictors. Finally,
we find that before a predictor is featured in an academic publication, its returns are correlated
with the returns of other yet-to-be-published predictors, but its returns are not correlated with
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those of published predictors This is consistent with behavioral finance models of comovement.
After publication, a predictor’s correlation with yet-to-be-published predictors is close to zero,
and its correlation with already-published predictors becomes significant.
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Figure 1: The relation between in-sample returns and post-publication decline in returns
Figure 1.A plots the relation between in-sample returns and the post-publication decline in returns. For each
predictor, we estimate the mean return to a long-short portfolio that contemporaneously buys and sells the extreme
quintiles of each predictor characteristic during the sample period of the original study. We then estimate the mean
returns for the period after the paper is published through 2012. To be included in the figure, a predictor’s in-sample
returns had to generate a t-statistic greater than 1.5. 78 of the 95 predictors that we examine met this criterion. The
predictor also had to have at least three years of post-publication return data. This excluded 3 of the 78 predictors,
resulting in a sample of 76 predictors. Figure 1.B repeats this exercise, only it plots the in-sample t-statistic against
the post publication decline.
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Figure 2: Predictor Return Dynamics around the Sample-End and Publication Dates
Figure 2 explores changes in predictability by examining finer post-sample and post-publication partitions. The
figure plots the coefficients from a regression containing dummy variables that signify the last 12 months of the
original sample; the first 12 months out-of sample; and the other out-of-sample months. In addition, the publication
dummy is split up into six different variables; one dummy for each of the first five years post-publication, and one
dummy for all of the months that are at least five years after publication.
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Figure 3: In-sample returns and post-publication declines by predictor type.
This figure graphs the average in-sample returns, post-publication returns, and post-publication decline for four
different predictor groups. To conduct this exercise we split our predictors into four groups: (i) Event; (ii) Market
(iii) Valuation; and (iv) Fundamentals. Event predictors are those based on corporate events or changes in
performance. Examples of event predictors are share issues, changes in financial analyst recommendations, and
unexpected increases in R&D spending. Market predictors are predictors that can be constructed using only financial
data, such as volume, prices, returns and shares outstanding. Momentum, long-term reversal, and market value of
equity (size) are included in our sample of market predictors. Valuation predictors are ratios, where one of the
numbers reflects a market value and the other reflects fundamentals. Examples of valuation predictors include salesto-price and market-to-book. Fundamental predictors are those that are constructed with financial statement data and
nothing else. Leverage, taxes, and accruals are fundamental predictors.
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Table 1. Summary Statistics
This table reports summary statistics for the 95 predictors studied in this paper. The mean returns and standard
deviations are equal-weighted by predictor. We first estimate the statistic for each predictor, and then taking an
equal-weighted average across predictors. Our sample period ends in 2012.

Number of Predictors

95

Predictors with significant returns in-sample:

78 (82%)

Mean Publication Year

2000

Median Publication Year

2001

Predictors from Finance journals

66 (70%)

Predictors from Accounting journals

27 (28%)

Predictors from Economics journals

2 (2%)

Mean Return In-Sample

0.785

Standard Deviation In-Sample

0.562

Mean Observations In-Sample

329

Mean Portfolio Return Out-of Sample

0.685

Portfolio Standard Deviation Out-of-Sample

0.881

Mean Observations Out-of-Sample

55

Mean Return Post-Publication

0.475

Standard Deviation Post-Publication

0.649

Mean Observations Post-Publication

141
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Table 2. Regression of predictor portfolio returns on post-sample and post-publication indicators.
The regressions test for changes in returns relative to the predictor’s sample-end and publication dates. The dependent variable is the monthly return to a longshort portfolio that is based on the extreme quintiles of each predictor. Post-Sample (S) is equal to 1 if the month is after the sample period used in the original
study and zero otherwise. Post-Publication (P) is equal to 1 if the month is after the official publication date and zero otherwise. In-Sample Mean is the mean
return of predictor portfolio during the original sample period. t-statistic is the in-sample t-statistic of each predictor portfolio. The regressions are generalized
least squares (GLS) regressions that account for covariances across predictors when estimating the regression coefficients. Standard errors are reported in
parentheses and clustered on time. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels. The bottom row reports p-values from tests of
whether any declines are 100% of the in-sample mean (the effects disappears entirely), and whether post-sample and post-publication changes in returns are
statistically different from one another.

Post-Sample (S)
Post-Publication (P)

(1)
-0.104
(0.083)
-0.351***
(0.092)

(2)
-0.091
(0.067)
-0.300***
(0.079)

(3)
-0.086
(0.080)
-0.320***
(0.073)
0.912***
(0.044)

In-Sample Mean
S x Mean

(4)
0.088
(0.097)
-0.070
(0.111)

(5)
0.027
(0.139)
-0.160
(0.137)

-0.247*
(0.137)
-0.342***
(0.131)

P x Mean
S x t-statistic

0.795***
(0.050)

0.683***
(0.045)

0.067
(0.041)

0.797***
(0.051)

-0.029
(0.018)
-0.044***
(0.016)
0.794***
(0.051)

Predictor FE?
Observations
R-squared (Within)
Predictors (N)

Yes
41,507
0.001
78

Yes
49,536
0.001
95

No
41,507
0.001
78

Yes
41,507
0.001
78

Yes
41,507
0.001
78

Null Hypothesis: S=-1
Null Hypothesis: P=-1
Null Hypothesis: S=P

0.000
0.000
0.004

0.000
0.000
0.004

0.000
0.000
0.005

0.000
0.000
NA

0.000
0.000
NA

P x t-statistic
Constant
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Table 3: Time Trend and Persistence in Predictor Returns
The regressions reported in this table test for time trends and persistence in predictor returns. Post-Sample (S) is
equal to 1 if the month is after the sample period used in the original study and zero otherwise. Post-Publication (P)
is equal to 1 if the month is after the official publication date and zero otherwise. Time is the number of months
divided by 100 post-Jan. 1926. Post-1993 is equal to1 if the year is greater than 1993 and 0 otherwise. All indicator
variables are equal to 0 if they are not equal to 1. I-Time is the number of months (in hundreds) after the beginning
of the original sample. If the observation falls outside the original sample, I-Time is set to 0. S-Time is the number
of months (in hundreds) after the end of the original sample, but before publication. If the observation falls outside
this range, S-Time is set to 0. P-Time is the number of months (in hundreds) after the publication date. If the
observation is before the publication date, P-Time is set to 0. 1-Month Return and 12-Month Return are the
predictor’s return from the last month, and the cumulative return over the last 12 months. The regressions are
generalized least squares (GLS) regressions that account for covariances across predictors when estimating the
regression coefficients. Standard errors are reported in parentheses and clustered on time. *, **, and *** denote
statistical significance at the 10%, 5%, and 1% levels.
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Table 3: (Continued)
(1)
Time

(2)

(3)

(4)

(5)

(6)

(7)

-0.116
(0.081)
-0.224*
(0.118)

-0.097
(0.082)
-0.318***
(0.087)
10.410**
(4.178)

-0.099
(0.082)
-0.274***
(0.095)

-0.078***
(0.024)

P-Time

-0.205***
(0.062)
-0.269
(0.183)
0.009
(0.019)

S-Time
I-Time
1993

-0.112
(0.088)
-0.485*
(0.282)
-0.009
(0.028)
-0.111
(0.078)

Post-sample

0.040
(0.146)
-0.250*
(0.150)

Post Pub.
1-Month Return
12-Month Return
Constant
Observations
Within R-squared
Predictor FE?
Time FE?

1.270***
(0.170)

0.743***
(0.120)

0.739***
(0.106)

0.808***
(0.117)

0.737***
(0.158)

0.714***
(0.054)

2.044**
(0.818)
0.607***
(0.078)

41,507
0.001
Yes
No

41,507
0.001
Yes
No

41,507
0.001
Yes
No

41,507
0.001
Yes
No

41,507
0.016
Yes
Yes

41,131
0.007
Yes
No

40,217
0.012
Yes
No
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Table 4: Predictor returns across different predictor types
This table tests whether predictor returns and changes in returns post-publication vary across different types of predictors. To conduct this exercise we split our
predictors into four groups: (i) Event; (ii) Market (iii) Valuation; and (iv) Fundamentals. Event predictors are those based on corporate events or changes in
performance. Examples of event predictors are share issues, changes in financial analyst recommendations, and unexpected increases in R&D spending. Market
predictors are predictors that can be constructed using only financial data, such as volume, prices, returns and shares outstanding. Momentum, long-term reversal,
and market value of equity (size) are included in our sample of market predictors. Valuation predictors are ratios, where one of the numbers reflects a market
value and the other reflects fundamentals. Examples of valuation predictors include sales-to-price and market-to-book. Fundamental predictors are those that are
constructed with financial statement data and nothing else. Leverage, taxes, and accruals are fundamental predictors. We regress monthly predictor returns on
dummy variables that signify each predictor group. In the regressions 1-4 we limit the sample to in-sample observations. In regressions 5-8 we limit the sample to
post-publication observations and include the in-sample mean return of each predictor portfolio as a control variable. The regressions are generalized least
squares (GLS) regressions that account for covariances across predictors when estimating the regression coefficients. Standard errors are reported in parentheses
and clustered on time. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels.

(1)
Event

(2)

(3)

(4)

-0.037
(0.134)

Market

0.282
(0.248)
-0.145
(0.167)

(8)

0.149
(0.183)
-0.144
(0.138)

In-Smpl. Mean
0.780***
(0.137)

0.693***
(0.084)

0.790***
(0.109)

0.805***
(0.115)

0.789***
(0.074)
-0.183*
(0.099)

26,013
78

26,013
78

26,013
78

26,013
78

11,133
76
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(7)

-0.270*
(0.152)

Fundamental

Observations
Predictors

(6)

0.108
(0.070)

Valuation

Constant

(5)

0.837***
(0.068)
-0.102
(0.092)

0.800***
(0.071)
-0.182**
(0.086)

0.082
(0.092)
0.799***
(0.072)
-0.173*
(0.090)

11,133
76

11,133
76

11,133
76
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Table 5: Costly arbitrage and the persistence of predictor returns
This regression tests whether arbitrage costs are associated with declines in predictability post-publication. The sample is limited to post-publication months. The
dependent variable is a predictor portfolio’s monthly long-short return. The independent variables reflect various traits of the stocks in each predictor portfolio.
To measure the strength of the traits of the stocks within a portfolio, we do the following. We first rank all of the stocks in CRSP on the trait (e.g., size or
turnover), assigning each stock a value between 0 and 1 based on its rank. We then take the average rank of all of the stocks in the portfolio for that month.
Finally, we take an average of predictor’s monthly trait averages, using all of the months that are in-sample. Hence, in the size regression reported in the first
column, the independent variable is the average market value rank of the stocks in the predictor’s portfolio during the in-sample period for the predictor. Average
monthly spreads are estimated from daily high and low prices using the method of Corwin and Schultz (2012). Dollar volume is shares traded multiplied by stock
price. Idiosyncratic risk is daily stock return variance, which is orthogonal to the market and industry portfolios. Dividends is a dummy equal to 1 if the firm paid
a dividend during the last year and zero otherwise. The regressions are generalized least squares (GLS) regressions that account for covariances across predictors
when estimating the regression coefficients. Standard errors are reported in parentheses and clustered on time. *, **, and *** denote statistical significance at the
10%, 5%, and 1% levels.

Spreads

Dollar Volume

Idio.
Risk

Dividends

0.756***

0.771***

0.731***

0.734***

0.759***

(0.069)
-0.671
(0.840)

(0.072)
-0.260
(0.905)

(0.070)
-1.638**
(0.669)

(0.066)
1.662***
(0.556)

(0.076)
-0.305
(0.282)

0.264

0.007

0.684**

-0.909***

0.068

(0.428)

(0.421)

(0.317)

(0.302)

(0.178)

0.000
9,823

0.000
9,823

0.001
9,823

0.000
9,823

0.001
9,823

Size

In-Sample Mean
Characteristic
Constant
Observations
R-squared
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Table 6: Trading activity dynamics in predictor portfolio stocks
This regression models the dynamics of the traits of stocks in predictor portfolios, relative to the predictor’s original
sample period and publication date. We perform monthly ranks based on turnover, dollar value of trading volume,
and stock return variance. Turnover is measured as shares traded scaled by shares outstanding, while dollar volume
is measured as shares traded multiplied by price. Variance is calculated from monthly stock returns over the
preceding thirty-six months. For each predictor portfolio, we compute the average cross-sectional ranking (ranges
from 0 to 1) among the stocks that enter either the long or the short side of the characteristic portfolio each month,
and test whether the average ranking increases out-of-sample and post-publication. For short interest (shares shorted
scaled by shares outstanding), we take the average short interest in the short quintile for each characteristic, and
subtract from it the average short interest in the long quintile. The short interest findings are reported in percent.
Post-sample is equal to 1 if the month is after the end of the sample, but pre-publication. Post-Sample (S) is equal to
1 if the month is after the sample period used in the original study and zero otherwise. Post-Publication (P) is equal
to 1 if the month is after the official publication date and zero otherwise. The regressions are generalized least
squares (GLS) regressions. The regressions are generalized least squares (GLS) regressions that account for
covariances across predictors when estimating the regression coefficients. Standard errors are reported in
parentheses and clustered on time. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels.

Variance Rank

Trading Volume
Rank

Dollar Volume
Rank

Difference in Short
Interest

0.007**
(0.003)
0.005*
(0.003)
0.515***
(0.001)

0.007
(0.007)
0.011*
(0.006)
0.497***
(0.002)

0.012*
(0.007)
0.014**
(0.005)
0.469***
(0.002)

0.187**
(0.085)
0.342***
(0.128)
0.117**
(0.022)

Observations
R-squared
Predictor FE?

42,423
0.006
Yes

42,400
0.005
Yes

42,328
0.009
Yes

32,298
0.024
Yes

Null: S=P

0.10

0.17

0.07

0.09

Post-Sample (S)
Post-Publication (P)
Constant
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Table 7: Regressions of predictor returns on return indices of other predictors
This regression models the returns of each predictor relative to the returns of other predictors. The dependent
variable is a predictor’s monthly long-short return. Post-Publication (P) is equal to 1 if the month is after the official
publication date and zero otherwise. Mean In-Sample is the equal-weighted return of all other unpublished predictor
portfolios. Mean Post-Publication is an equal-weighted return of all other published predictor portfolios. The
regressions are generalized least squares (GLS) regressions. Standard errors are clustered on time and reported in
parentheses. P-values are reported in brackets. *, **, and *** denote statistical significance at the 10%, 5%, and 1%
levels.

Return
Mean In-Sample

0.704***
(0.032)
0.013*
(0.007)
-0.562***
(0.047)
0.562***
(0.063)
-0.140***
(0.054)
0.229***
(0.029)

Mean Post Pub.
P x Mean In-Sample
P x Mean Post-Pub.
Post-Publication (P)
Constant
Observations
Predictors
Within R-squared

34,293
78
0.038
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