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1. Introduction

A common empirical strategy in corporate finance is to test whether
short-term stock returns around a quasi-exogenous event, such as a
surprise election outcome, are correlated with a firm characteristic that
proxies for exposure, such as a firm’s effective tax rate.! One threat
to causal inference in such tests is that contemporaneous events may
affect firm values in ways that vary with the same characteristic. If
unaccounted for, such confounding events may lead a researcher to
conclude that the focal event causes a relationship between returns
and the characteristic when, in reality, it does not. However, while
the threat to causal inference from confounding events is clear in
theory, its importance in real-world applications is unclear. Moreover,
while approaches to addressing the problem have been proposed in the
literature (e.g., Sefcik and Thompson, 1986), they have been largely
ignored, and their effectiveness in practice remains unclear.

To fix ideas, consider three events from 2019: a tentative agreement
on Phase 1 of a trade deal between the U.S. and China reached on
October 11; a U.K. House vote against a no-deal Brexit on March 13;
and a “Blood Moon” lunar eclipse, which many cultures regard as a bad
omen, on January 21. The first two events plausibly portended a more

* Corresponding author.

favorable environment for investment and the third a less favorable
environment. Supporting these hypotheses, the relationships between
a firm’s event-day return and its investment rate are positive for the
first two events and negative for the third, all statistically significant at
the 5% level based on standard ¢ tests. This evidence would be more
persuasive if not for the fact that the relationship between one-day
returns and investment rate is significant at the 5% level on 48.4% of
all trading days in 2019, and larger in magnitude than on any of the
three event days more than 40% of the time (Fig. 1).

This example is not unique. Across a range of firm characteristics,
including several studied in published work, we find that relation-
ships between one-day returns and these characteristics are statistically
significant at even the 1% level on an average of 33.4% of trading
days between 1991 and 2021. The prevalence of statistically significant
relationships on otherwise “ordinary” days implies that a statistically
significant relationship on the day of a given event is too low a bar for
concluding that the event itself caused differences in returns. Matching
the frequency of statistically significant relationships on ordinary days
to nominal significance levels would require increasing standard errors
by a factor of up to 4. Statistically significant relationships occur
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Fig. 1. Daily relationship between returns and investment in 2019.

This figure presents daily estimates of the cross-sectional relationship between firm-level returns and Investment, where Investment is capital expenditures divided
by total assets. For each trading day in 2019, we regress one-day returns on Investment and compute the absolute value of the difference between the estimated
daily coefficient and the average coefficient over the year. We then rescale this difference to basis points per standard deviation of Investment. A blue diamond
indicates that the raw coefficient is statistically significant at the 5% level based on a ¢ test using White (1980) robust standard errors, while a red circle indicates
insignificance at the 5% level. The estimates for January 22 (the day after the Blood Moon, which occurred after trading hours), March 13, and October 11 are

enclosed in larger diamonds for emphasis.

more frequently for defining characteristics such as size and book-to-
market ratio and for five-day event return windows than for one-day
windows — an important finding given the widespread use of multi-day
event windows in the literature. Including controls, clustering standard
errors by cross-sectional groups such as industries, and factor-adjusting
returns all reduce statistical significance rates, though they still exceed
10% of days, on average, at the 1% significance level.

To shed further light on the nature of the confounding events
problem, we build a simple conceptual framework in which both a
focal event and “routine news” can affect the returns of firms that
differ on a given characteristic differently on a given day. We show
that the problem can be thought of as one of testing the wrong null
hypothesis — that there is no relationship between event-day returns
and a given characteristic. Because of differential exposure to routine
news, there may be genuine return-characteristic relationships on the
event day, even absent the focal event. We also show that clustering
standard errors does not address the problem, though it may help
with error correlations unrelated to the effects of confounding events.
In contrast, an alternative approach that conducts statistical testing
by comparing a relationship in the event period to the distribution
of the same relationship in a time series of non-event periods does
address the problem. Despite its intuitive appeal, we find that only
6% of papers conducting short-term event studies of returns around a
quasi-experimental event use such a “time-series” approach.?

Further investigating this time-series approach empirically, we show
that a ¢ test comparing an event-day OLS regression coefficient to a
series of non-event day OLS coefficients, as in the “portfolio OLS”
approach of Sefcik and Thompson (1986), still produces statistical
significance rates that are slightly too high due to fat tails in the
distributions of relationships between returns and firm characteristics.

2 See Appendix A for a survey of 81 relevant papers published in
2014-2023.

In contrast, testing significance using a p value based on the empirical
CDF corrects this problem, producing rates of significance at the 1%
level on approximately 1% of days. A potentially greater concern with
this OLS-based time-series approach is that it may have weak statistical
power because it does not exploit information about return correlations
that could allow more efficient estimates of both event- and non-event
period relationships (Chandra and Balachandran, 1992). Power may
be an especially important consideration in this setting since realistic
effect sizes are often small relative to the overall noise in returns. We
test for power by introducing relationships between short-term returns
and a characteristic to create artificial event windows and determining
how frequently this approach can detect these relationships. We find
that detection rates are indeed low in many cases — for example, only
35.1% on average at the 5% significance level for a 50 bp increase in
five-day returns per one-standard deviation change in a characteristic.

We next introduce a novel approach designed to address the power
concern. Our approach continues to compare the event-period relation-
ship to the distribution of non-event period relationships. However, it
uses GLS rather than OLS to estimate relationships. Our key innovation
is to borrow from the asset pricing literature (Giglio and Xiu, 2021;
Lopez-Lira and Roussanov, 2023) and use principal component analysis
(PCA) to encode the most important dimensions of return correlations
based on recent past returns into a covariance matrix for each day, the
inverse of which serves as the GLS weighting matrix for that day. We
find that our “time-series GLS” approach typically detects artificial re-
lationships two to three times as often as a “time-series OLS” approach,
implying large gains in power. For example, it achieves detection
rates of 61.2% on average at the 5% significance level for a 50 bp
artificial increase in five-day returns per one-standard deviation change
in a characteristic. To facilitate adoption of time-series approaches, we
provide new Stata and Python modules that implement both OLS- and
GLS-based procedures.®

3 https://github.com/MalcolmWardlaw/csestudy.
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To shed light on the economic drivers of the relationships between
short-term returns and firm characteristics and the source of the GLS
efficiency gains, we analyze the principal components (PCs) of returns.
Each PC encodes an orthogonal factor explaining a portion of cross-
sectional differences in realized returns. Like Lopez-Lira and Roussanov
(2023), we find highly complex, multi-dimensional correlation patterns
that are difficult to map to traditional factors related to expected
returns. We additionally find that the nature of these correlations
varies considerably over time and is often period-specific. For exam-
ple, sensitivity to finance industry returns is important for explaining
return differences in 2008, while sensitivity to meme stock returns is
important in 2021. The complexity and instability of return correlations
explain the limited effectiveness of both clustering and factor-adjusting
returns in addressing the inference problem that confounding events
cause.

Our paper contributes to the literature on event study analysis of
returns. The literature has primarily explored the challenges that return
correlations due to overlapping exposures create for inference in studies
of abnormal mean event returns (Collins and Dent, 1984; Bernard,
1987; Lyon et al., 1999; Brav et al., 2000; Mitchell and Stafford, 2000;
Jegadeesh and Karceski, 2009). Kolari and Pynnonen (2010) estimates
Type I and II error rates for mean returns based on different approaches
and recommends correcting standard errors for mean event-window
returns using average cross-firm correlations. An approach like this is
ineffective in our setting because it does not account for the depen-
dence of return correlations on specific firm characteristics. We are not
aware of any prior analysis of the practical challenge caused by return
correlations for cross-sectional analysis of returns around an event — a
more common methodology in modern corporate finance.* Sefcik and
Thompson (1986) describes this challenge conceptually but does not
assess its importance in real-world applications, which we find to be
significant. The approach they propose using pre-event relationships
to conduct statistical testing has largely been ignored. Our novel GLS
variant of this approach offers substantial improvements in statistical
power in real-world applications.

Our paper also contributes to the general literature on practical
challenges in statistical inference based on regression analysis. Much
of this work focuses on addressing correlation in regression errors —
often via clustered standard errors — which, if ignored, can lead to
misleading conclusions about statistical significance (Moulton, 1986,
1987; Bertrand et al., 2004; Petersen, 2009; Thompson, 2011; Cameron
and Miller, 2015; Abadie et al., 2023). In the event-study setting
we examine, however, over-rejection can occur even when regression
errors are uncorrelated, because confounding events generate genuine
cross-sectional return—characteristic relationships unrelated to the focal
event. Standard clustering adjustments do not address this problem,
since it arises from common shocks that shift the entire cross-sectional
slope in a given period rather than from residual correlation conditional
on the regressors. The time-series approaches we describe are conceptu-
ally similar to the Fama and MacBeth (1973) two-step procedure in that
they base inference on the time-series variation in cross-sectional slope
estimates to account for such shocks. The key difference is that our
methods compare event-period relationships specifically to the distri-
bution of non-event-period relationships, following the spirit of Sefcik
and Thompson (1986), rather than averaging across all periods, and we
introduce a GLS variant to improve efficiency.

2. Testing differences in returns around a quasi-experimental
event

In this section, we present a framework for understanding the
consequences of confounding events when testing hypotheses about

4 See Kothari and Warner (2007) for a survey of the literature on the
econometrics of event study analysis.
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the differential effect of a quasi-experimental event on the valuations
of firms with different characteristics. We then explain why statisti-
cal tests based on standard errors from cross-sectional event-period
return regressions are likely to produce frequent false positives. Fi-
nally, we describe different approaches that use the distribution of
relationships in non-event periods to test for event-period significance,
including a novel GLS-based approach, and explain why they sidestep
the confounding events problem.

2.1. Conceptual framework

We begin by presenting a simple framework that models a discrete
quasi-experimental event, where both the event itself and stochastic
“routine news” can cause a dependence of event-period returns on a
firm characteristic. We focus on a one-day event period and a single
characteristic here for simplicity but extend the framework to multi-day
events and multiple firm characteristics in Appendix B.

Let r;, denote firm i’s stock return on day r. Suppose that a re-
searcher wishes to study differences in the effect of a quasi-
experimental event occurring on day ¢+ = 7, the event day, on firm
value, as measured by stock return r;,, across firms that differ on
characteristic x;,_;. In addition, suppose that firm i’s return on day
t depends on routine news events, n,, which affects the returns of firms
with different values of x;,_; differently. n, represents a composite
of all background news events on day ¢ with value implications that
depend on x. It is observable to market participants on day 7, but a
researcher cannot measure it except through its effect on returns. It is
drawn independently on each day ¢ from a distribution with mean 0
and variance 2. Routine news arrives on the event day, ¢ = , just like
it does on other days. So, on the event day, there are potentially two
pieces of news that affect the returns of firms with different values of
x; ,_ differently — the event that the researcher wishes to study and
routine news.

Formally, the data generating process is:

rig=m+ (4 el =1)) (x; 0 — %) + 6,40 @

where e is the differential effect of the quasi-experimental event that the
researcher is studying and is the object of interest, 1() is the indicator
function, %,_, is the cross-sectional mean of x;,_;, m, is a mean-m
random variable capturing the mean effect of news on day ¢ on all
firms and is independent of n,, and §;, is a mean-zero i.i.d. error term.
We specify the demeaned value of x,_; to ensure that the interaction
term captures only cross-sectional differences in return responses and
not any aggregate response.”

2.2. Testing for differences using cross-sectional regression standard errors

Because the researcher cannot observe routine news, and the re-
turns on day 7 reflect the effects of both routine news and the quasi-
experimental event, the researcher cannot separately identify n, and e.
The best the researcher can do is to estimate n, + e. We rewrite Eq. (1)
for day 7 = 7 in its estimable form as:

Fig =a; + brxi,r—l + 6[,1-’ (2)

where a, = m, —(n, +e)%,_; and b, = n, +e. This is the simplest version
of the standard regression equation that researchers typically estimate
to test for differences in short-term returns around a quasi-experimental
event.

The possibility of routine news does not bias the event-period return
relationship as an estimate of the differential event effect because
routine news causes no differences in average returns as a function

5 The general framework in Appendix B permits correlations among §,,. It
also allows x;,_, to affect expected returns E[r,,] outside of the event window,
which we rule out here by assuming E(n,) = 0.
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of x. Formally, let b, denote a regression estimate of b.. Since &, is
independent of x;,_; and n, is mean-zero, b, is an unbiased estimate
of e.

While the standard error of b, is valid for testing the null hypothesis
that 5, = 0, routine news renders it invalid for testing the null
hypothesis that e = 0. To see why, consider the effect of n, on the
standard error of b, as an estimate of e:

Var(h,—e) = Var(h,—b,+b,—e) = Var(h,—b,+n,) = Var(h,—b,)+c2, (3)

where the last step follows from the fact that the sampling error b, — b,
is independent of the news n,. This is the key result from the analysis
in this section.

Result 1.  The variance of estimation errors for b, as an estimate of e is
Var(l;T —e)= Var(lAJ, —-b)+ 0'3.

Note that the sampling error Var(h, — b,) would be present even
absent routine news that affects firms with different values of x;_,
differently. While sampling error tends towards 0 as the sample size
grows, a larger sample does not reduce the additional variance from
the impact of routine news, which drives a wedge between the true b,

and e that would remain even in an infinite sample. Since the standard

error of the estimate b, \/Var(h, — b,), overstates the precision of b,

as an estimate of e, a statistical test based on this standard error too
frequently rejects the null hypothesis that the event has no differential
value effects across firms differing on characteristic x. The severity of
this problem scales with 52, which one can think of as the average
volume of routine news arriving daily that affects the valuations of
firms differing on x differently.

Intuitively, using the standard error of b, obtained from estimating
the regression Eq. (2) tests the wrong null hypothesis. This standard
error would be appropriate for testing the null that there is no re-
lationship between returns and characteristic x on day = - i.e., that
b, = 0. However, the researcher’s objective when estimating Eq. (2) is
to test the null that there is no relationship between event-day returns
associated with the focal event and x - i.e., that e = 0. These are
different nulls since there may well be a genuine relationship between
returns and x on the event day due to routine news, even if the focal
event itself does not cause any differences in returns.

Another useful interpretation of this result is that routine news
causes returns to have a rich cross-sectional correlation structure. To
see this, rewrite Eq. (1) for ¢ # 7 as:

Fig=m+ Vg, (€))
where v;, = n,(x;,_| — %,_|) + 6;,, and observe that:
Covvyv;) = Elviv; ] = (N = %) 1 = %2)0y )

which follows from the fact that E[6;,] = E[s;,] = E[5;,6;,] = 0.
Thus, the returns of firms with high values of x will tend to comove
positively with each other, as will the returns of firms with low values
of x. We can therefore use the covariance matrix of returns on days
t # 7, demeaned within each time period, to measure how routine news
differentially affects firms.

2.3. Clustering standard errors

The correlation structure in Eq. (5) might suggest that clustering
standard errors by groups such as industry or geographic location
would help address the confounding events inference problem. How-
ever, while event-day routine news », induces cross-sectional correla-
tions in returns, it does not cause correlations in the return errors in
regression Eq. (2). Rather, the correlations stem from variation in b,
due to the unobservable realization of n,. While clustering may still
be useful in correcting standard errors if the errors §; , are correlated,
doing so does not help address the confounding events problem at all
since the residuals 5['7 contain no information about n,.
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2.4. Using pre-event relationships to test significance

We next consider an alternative methodology to test for a characte-
ristic-return relationship on the event day that involves comparing this
relationship to the time-series distribution of the same relationship
estimated on non-event days. We focus specifically on pre-event days.
In principle, one could also use post-event days as well as or instead of
pre-event days. However, post-announcement drift or follow-on events
might muddy interpretation. Comparing an event-period relationship to
a distribution of pre-event relationships effectively uses the pre-event
distribution to bootstrap the distribution of the event-period relation-
ship under the null hypothesis that the event itself has no differential
effect. More precisely, this testing strategy uses the distribution of pre-
event relationships to approximate the distribution of 5 under the null
that e = 0. This approach sidesteps the problem caused by routine news,
as well as any cross-correlations in §;,, since routine news also causes
volatility in the benchmark pre-event relationship.

The procedure involves three steps.® The first two are:

Step 1: Estimate single-day cross-sectional regressions:
Fig =@ + by €y (6)

for the event day, ¢t = 7, and for a series of L pre-event days,
t=1_,,7 7
=T Tgs s T

Step 2: Estimate the event-specific effect as:
é=b, — ub), ™

where b, , is the estimated coefficient for pre-event day 7_,
and u(b) = %Zézl b, , is the mean coefficient on pre-event
days.®

The third and final step involves testing the statistical significance
of é. We describe two specific approaches to this step. Before doing so,
we derive some useful properties of é (see Appendix B for the proof):

Result 2. Assuming stationary distributions for sampling error BLK -b.,
and news n,, é has the following relations to the true event-specific effect e:
E@é-e= 0 , ®

——

No bias
Var(é - e) = Var(b,_,), ©)

——
Time-series sample variance

D@ —e)=d(b,_,). (10)

——

Time-series sample CDF

where @(x) is the cumulative distribution function evaluated at x.

First, é is an unbiased estimator of e, which is the object of interest.
Second, the distribution of sampling error in é is simply the time-series
distribution of the coefficients from the pre-event day regressions,
which is useful for statistical testing. The first specific approach to
testing the statistical significance of é leverages Eq. (9) and computes
a t-statistic, using the standard deviation of the pre-event window
coefficients as the standard error.

6 We show how to extend this approach to a multi-day event period in
Appendix B.

7 A natural choice of pre-event days is the L days immediately preceding
the event, t = 7 — L,z — (L — 1),...,7 — 1. However, one could build in a lag
d>0and usedayst=7r—-L—-d,t=7—-(L-1)—d,...t — 1 —d if the risk of
information leakage prior to the event is high.

8 Subtracting u(b) is only necessary when the characteristic-return relation-
ship is non-zero unconditionally. In practice, subtracting u(b) has little effect
on the results that follow because the mean relationship between daily returns
and characteristics is generally close to zero.
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Step 3(t): Compute the t-statistic
é — IST - H(B)
Var(e = ~
y/Var(é — e) \/Var(bu)

i

, (1)

and compare 7 to critical values from the standard normal,
Student’s T, or other cumulative distribution function.’

The second approach to testing the statistical significance of é is
to compute a p-value based on the empirical cumulative distribution
function (CDF) of the pre-event day coefficients - i.e., the empirical,
model-free counterpart to Eq. (10).

Step 3(CDF): Compute the p-value

L
1
p= —— IL(
p L+1[;

and compare it to the significance threshold percentile
e

pr.

b, , - /4(13)| >

b~ u(B)\)] . a2

Note that this is a two-tailed test since it compares the absolute
value of the (de-meaned) event-day coefficient to the distribution of
absolute values on pre-event days. The advantage of this approach over
the first is that it imposes no distributional assumptions on the time
series of pre-event relationships that are used as a benchmark. As we
show later, the distributions of relationships between short-term returns
and firm characteristics tend to exhibit fat tails, which can cause excess
false positives when using a ¢ statistic for testing.!°

The statistical significance threshold level p* imposes a mild techni-
cal constraint on the number of pre-event periods L that the researcher
can use with the CDF approach. Specifically, it requires that L + 1 be
divisible by 1/p*. Otherwise, no pre-event day absolute coefficient de-
viation falls exactly at the p*th percentile of the distribution.!' Because
the critical values researchers care about in practice often include 1%,
it is natural to choose L to be one less than a multiple of 100.

We consider two specific implementations of this overall approach
— an OLS-based approach, which is akin to the Sefcik and Thompson
(1986) portfolio OLS approach, and a novel GLS-based approach. The
only difference between the two approaches is in Step 1 of the proce-
dure - estimation of cross-sectional regressions for event and pre-event
days. The OLS-based approach estimates the regressions in Step 1 using
OLS. We refer to this approach as time-series OLS (TS-OLS for short).'?
The GLS approach, in contrast, estimates both the event-day and pre-
event day regressions in Step 1 using GLS instead. We refer to the
GLS-based approach as time-series GLS (TS-GLS for short).

9 This approach is identical to estimating a second-stage regression of the
time-series of coefficients b b, ,b, on a constant and an indicator equal

(VAR R R4

to 1 on day 7 and 0 otherwise. The coefficient on the indicator equals IA)T —u(b),

while the standard error equals \/Var(h) when a small-sample correction is
applied to the variance. {; is therefore the standard r-statistic for this second-
stage regression. Note the similarity of this approach to the Fama and MacBeth
(1973) methodology in asset pricing.

10 While the p-value approach does not produce standard errors directly,
standard errors can easily be inferred with the addition of a distributional
assumption.

11 Suppose L = 252. In this case, < 1% only when b, is in the top three of
the 253 estimated coefficients. This implies P(p < 1%) = 3/253 > 1%, and thus
an event-day observation that is a random draw from the empirical pre-event
distribution will be significant at the 1% level slightly more than 1% of the
time.

12 Sefcik and Thompson (1986) shows that this implementation is tanta-
mount to forming portfolios with weights determined by the distribution of the
explanatory characteristics and then comparing event and pre-event portfolio
returns. Their approach maps into the r-statistic approach to implementing
TS-OLS but is not amenable to computing a p value based on the empirical
CDF of the coefficient distribution.
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2.4.1. Time-series GLS

The GLS approach requires estimating a covariance weighting ma-
trix of returns on each day. The potential advantage of this approach
relative to time-series OLS is that it increases the efficiency of both
event-day and non-event day estimates, which should increase statis-
tical power, making differential effects of an event easier to detect.
Our approach borrows from the asset pricing literature (Giglio and
Xiu, 2021; Lopez-Lira and Roussanov, 2023) and uses PCA to capture
the most important information about return comovement in the es-
timated covariance matrix. It demeans returns on each day prior to
conducting PCA so the resulting covariance estimates better represent
the covariance of residuals in cross-sectional regressions that include
a period-specific intercept. Our approach uses PCA to construct the
covariance matrix rather than specifying factors ex ante because the
objective is to estimate covariances as accurately as possible and not to
explain the cross section of returns using factors with simple economic
interpretations.

Writing f,, as the realization of the kth PC of returns on day ¢,
our approach specifies the covariance matrix of returns by assuming
an arbitrage pricing theory (APT) structure:

K
rig=¢i+ z AigeS s+ €igs (13)
k=1
6> wheni=j
Covtan i) = {Ol when i #; a9

Given this structure, the elements of the estimated covariance matrix
of returns are:

K
‘Qr,ij =Cov(ryprj,) = 2 A A Var(fi ) + 13 = j)G,-Z. (15)

k=1

Note that our approach compares event-day and pre-event day GLS

coefficients and does not simply estimate a single cross-sectional event-
day regression using GLS. While a purely cross-sectional GLS event-day
regression may have less sampling error and therefore be more efficient
than a cross-sectional OLS event-day regression, Section 2.2 shows that
cross-sectional standard errors underestimate the true estimation error
for e even without sampling variation. Furthermore, implementations
of purely cross-sectional GLS that are feasible in practice have esti-
mation error in their covariance matrices. While GLS should make
our time-series approach more efficient than an OLS-based time-series
approach, it is the reliance on the time series of pre-event day relation-
ships rather than the use of GLS that allows our approach to estimate
a valid variance of the return-characteristic relationship under the null
that e = 0.

2.4.2. Time-varying news arrival

One potential concern with both the TS-OLS and TS-GLS approaches
is that the distribution of routine news may be time-varying and, in
particular, may differ between the event period and pre-event periods.
If the distribution in the event period is more variable than in pre-
event periods, then both TS-OLS and TS-GLS could produce excess
false positives.'® This difference in variability could occur because the
focal event is part of a set of connected events that affect different
firms in ways similar to the focal event. One example is that of an
unexpected change in corporate tax rates that is part of a broader
package of tax reforms announced all at once, which would make it
conceptually difficult to determine whether differences in event-period
returns are attributable to the change in corporate tax rates or another
part of the overall tax reform. Another example is that of a change
to financial regulations that arrives during a time of broader market

13 Time variation in the distribution of n, could also add noise to the
estimated covariance matrix used in the TS-GLS approach, which would
weaken the power of this approach.
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turmoil, which would make it difficult to distinguish the impact of the
specific regulation from contemporaneous shocks to the economy.

Although no calculation can fully address a potential shift in the
distribution of routine news, we suggest some potential diagnostics for
researchers concerned about this possibility. One is to examine the
volatility of cross-sectional regression coefficients, b,, in rolling one-
month windows. A large change in this volatility just prior to the event
window may suggest a structural break not related to the event in
question. More broadly, researchers should investigate the context in
which an event occurs. If there are other atypical concurrent events or
market conditions during the event period but not the pre-period, then
the event is probably not a good candidate to use as a quasi-natural
experiment.

2.5. Panel approaches

Finally, one might imagine employing approaches that treat stacked
firm-day data for the event day and a series of pre-event days as a single
panel. For example, a researcher could estimate:

ry=a+tbix; ) +byx;, 11 =1)+¢,, ae)

where b, captures the average characteristic-return relationship in the
panel and b, captures the differential event relationship. While b, is
an unbiased estimator of e, it captures both the event effect e and
the realization of event-day routine news n,. As a result, like the
cross-sectional regression in Eq. (2), its standard error is too small.
Another possible panel regression approach would be to use day
fixed effects and allow the relation between x;,_; and r;, to vary across
days, as in:
L
= a4 Y bex M= 1)+ byx, Ut =17) + €. a7)
¢=1
However, this regression is algebraically equivalent to the cross-
sectional OLS approach, as neither the coefficient estimate b, nor the
corresponding standard error uses any information from prior days.

3. Data and sample

Our analysis involves regressing firm-level stock returns over peri-
ods of one and five days on various firm characteristics. Our sample
period is 1991-2021, which contains 7,811 trading days. This period
is long enough to allow us to estimate the distributions of relationships
between returns and characteristics accurately and to explore variation
in these distributions over time. Our analysis uses daily firm-level stock
return data from CRSP and annual financial statement data from Com-
pustat. Applying standard data filters, we only include stocks traded
on the NYSE, AMEX, and NASDAQ with share codes 10 or 11 and a
share price greater than 3, and exclude financial and utility firms with
a one-digit SIC code of 4 or 6.

We analyze eight firm characteristics. The first four are some of the
most commonly studied characteristics in corporate finance and repre-
sent important dimensions of a firm’s fundamental nature. These are
Size, computed daily as the natural logarithm of market equity, which
is the product of daily closing stock price and number of shares out-
standing from CRSP; M /B (market-to-book ratio), computed monthly
as the natural logarithm of the ratio of the market value of equity at the
end of the prior month to book value (Compustat C EQ) measured at
the end of the prior fiscal year (we exclude the small number of obser-
vations where C EQ is zero or negative); Profit, computed annually as
gross profit (Compustat G P) divided by total assets (Compustat AT);
and Tnvest, computed annually as capital expenditures (Compustat
CAPX) divided by total assets. We winsorize each characteristic at the
1st and 99th percentiles to deal with possible outliers.

The other four characteristics we analyze are from recently pub-
lished papers that focus on analyzing differences in stock returns
around quasi-experimental events. We choose these specific character-
istics because they are simple to replicate, ensuring that we should
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be able to match the variable values in the published papers. The
characteristics, all measured annually, are Cash/AT, which is cash
and short-term investments (Compustat C H E) divided by total assets;
Debt /AT, which is the sum of long-term debt (Compustat DLTT) and
debt in current liabilities (Compustat DLC), divided by total assets;
TaxRate, which is 100 times income taxes paid (Compustat TX DP),
divided by the difference between pre-tax income (Compustat P/) and
special items (Compustat SPI), set to 0 if PI <0; and NY HQ, which
is an indicator variable equal to 1 if a firm is headquartered in New
York (Compustat STATE equal to “NY”) and O otherwise.'*

The primary unit of observation is a firm-day, though we also
analyze returns over periods of five days. We associate with each
observation the value of each characteristic as of the most recent
available date prior to the date of the observation. The resulting sample
consists of 21,071,829 firm-days belonging to 11,556 unique firms, as
summarized in Table 1.

4. Cross-sectional approaches

As we formalize in Section 2, the possibility of other news dif-
ferentially affecting firms with different characteristics can generate
excess false positives when testing for return-characteristic relation-
ships around a specific event. However, the practical importance of this
problem is unknown. In this section, we assess the practical risk of false
positives when using cross-sectional standard errors to test significance
in real-world applications.

4.1. Frequency of statistically significant relationships

To quantify the frequency of false positives, we estimate long se-
quences of short-term return regressions. Specifically, for each of the
eight characteristics we describe in Section 3 and each of the 7,811
trading days in our 1991-2021 sample period, we estimate OLS regres-
sions of returns on the characteristic. We then compute the fraction of
regressions in which the coefficient on the characteristic is statistically
significant at the 1% and 5% levels based on its regression standard
error.'® The fraction of these coefficients that are statistically significant
represents an estimate of the probability of a false positive — the more
frequently the coefficient is statistically significant, the more likely the
coefficient on the day of a specific event would appear statistically
different from zero even absent the event. If this fraction is larger than
the nominal significance level of the test, then the test is likely to
produce excess false positives.

In practice, researchers sometimes compute White (1980) robust
standard errors to account for heteroskedasticity or cluster standard
errors to account for correlated regression errors when testing differ-
ences in event returns. The most common clustering dimension in event
studies of returns is industry (see Appendix A). We therefore com-
pute statistical significance rates using default standard errors, White
(1980) robust standard errors, and standard errors clustered at the
Fama-French 49-category industry level. In addition, we compute these
rates based on industry-clustered standard errors where the regression
includes Fama-French 49-category industry fixed effects, since the com-
bination of industry fixed effects and industry clustering is sometimes
used in practice. Fig. 2 presents the results from this analysis.

14 Fahlenbrach, Rageth, and Stulz (2021) studies how Cash/AT and
Debt /AT relate to returns around the arrival of the COVID-19 pandemic
to test the effects of financial structure on resilience; Wagner, Zeckhauser,
and Ziegler (2018) studies how TaxRate relates to returns around the 2016
U.S. Presidential election to measure how much lower corporate tax rates
benefit high-tax firms; and Acemoglu, Johnson, Kermani, Kwak, and Mitton
(2016) studies how NY HQ relates to returns around the nomination of
Timothy Geithner as Treasury Secretary to test whether better-connected firms
benefited from this appointment.

15 We focus on 2-sided tests throughout the paper since these are the
convention in finance research.
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Table 1

Summary statistics.
Variable Firm-Days Firms Firms/Day Mean Median c Within-day o
Return (%) 21,071,829 11,556 2698 0.12 0.00 4.00 3.82
Size 21,064,678 11,631 2697 6.14 6.00 1.96 1.81
M/B 20,487,758 11,487 2623 1.01 0.92 0.98 0.96
Profit. 21,084,670 11,650 2699 0.36 0.34 0.32 0.32
Invest. 20,911,833 11,613 2677 0.06 0.04 0.07 0.07
CASH/AT 21,084,729 11,651 2699 0.21 0.12 0.24 0.24
Debt/AT 21,010,836 11,645 2690 0.21 0.16 0.22 0.22
Tax Rate 14,393,605 8110 1843 23.96 23.64 16.65 16.36
NY HQ 20,170,658 11,000 2582 0.07 0.00 0.25 0.25

This table presents summary statistics for the sample of firm-day observations used in our analysis. Return is the one-day
stock return. Size is the natural log of market equity, which is the product of the closing stock price on the previous
day and the number of shares outstanding from CRSP. M /B is the log of market value of equity at the end of the prior
month to book value (Compustat C EQ) measured at the end of the prior fiscal year (observations for which book value is
zero or negative are excluded). Profit. is gross profit (Compustat GP) divided by total assets (Compustat AT). Invest. is
capital expenditures (Compustat CAPX) divided by total assets. Cash/AT is cash and short-term investments (Compustat
CHE) divided by total assets. Debt/AT is the sum of long-term debt (Compustat DLTT) and debt in current liabilities
(Compustat DLC), divided by total assets. Tax Rate is 100 times income taxes paid (Compustat TX DP), divided by the
difference between pre-tax income (Compustat PI) and special items (Compustat SPI), set to 0 if PI—SPI <0. NY HQ
is an indicator variable equal to 1 if a firm is headquartered in New York (Compustat STATE equal to “NY”) and 0
otherwise. Our sample is the 7,811 trading days in 1991 through 2021.
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Fig. 2. Significance rates based on cross-sectional standard errors.

| FF49 Cluster

FF49 Cluster & FE

This figure depicts statistical significance rates from univariate cross-sectional OLS regressions of 1-day returns on each of eight characteristics. The bars show
the percentage of days for which the coefficient from the regression is statistically significant based on default standard errors, White (1980) robust standard
errors, Fama-French 49-category industry clustered standard errors, and industry clustered standard errors where we also include industry fixed effects. The top
panel shows rates of significance at the 1% significance level, while the bottom panel shows rates of significance at the 5% significance level. Our sample is the

7,811 trading days in 1991 through 2021.

Statistical significance rates at the 1% and 5% significance levels
based on default standard errors average 33.4% and 44.3%, respec-
tively. These rates are greatest for Size, M /B, and Cash/AT, suggest-
ing that these attributes capture important variation in exposure to
day-to-day news. This pattern arises because day-to-day news is more
likely to cause substantial valuation effects for firms of similar size or
expected growth rates than for those headquartered in the same state,
for example.'®

16 In the framework of Section 2, Size, M /B, and Cash/AT have higher o2
than NYHQ.

Significance rates based on White (1980) robust standard errors are
generally smaller than those based on default standard errors, and those
based on industry-clustered standard errors smaller still. However, even
significance rates based on industry-clustered standard errors average
18.5% and 30.5% at the 1% and 5% significance levels, respectively.
Note that the lower frequency of statistically significant relationships
when clustering standard errors does not perforce represent an “im-
provement”, as clustering may also reduce the power of a test, making
it difficult to detect a true effect (Abadie et al., 2023). Including
industry fixed effects in addition to clustering at the industry level
reduces significance rates further in most but not all cases.

The stark takeaway from Fig. 2 is that statistically significant re-
lationships between returns on the day of a specific event and a
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Table 2
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Significance rates based on cross-sectional standard errors.
Panel A: Different Standard Errors

1% Significance Level

5% Significance Level

Univariate Multivariate Univariate Multivariate
Return Specification 1d 5d 1d 5d 1d 5d 1d 5d
Unadj. Default SE 33.4% 40.8% 26.1% 33.5% 44.3% 51.3% 37.4% 44.4%
Unadj. Robust SE 29.6% 37.1% 22.5% 29.7% 40.7% 47.9% 33.8% 41.0%
Unadj. FF49 Cluster 18.5% 22.9% 16.3% 21.6% 30.5% 35.2% 28.0% 33.7%
Unadj. FF49 Cl & FE 14.5% 19.6% 13.2% 20.0% 25.4% 30.9% 23.7% 31.6%

Panel B: Alternative Returns

1% Significance Level 5% Significance Level

Univariate Multivariate Univariate Multivariate
Return Specification 1d 5d 1d 5d 1d 5d 1d 5d
CAPM FF49 Cl & FE 17.7% 21.4% 12.2% 17.1% 29.8% 33.7% 22.4% 28.1%
FF3 FF49 Cl & FE 14.0% 16.6% 10.1% 14.7% 25.2% 28.3% 20.0% 25.4%
FF4 FF49 Cl & FE 13.2% 16.0% 9.5% 13.9% 24.2% 27.5% 19.2% 24.5%
LogRet FF49 Cl & FE 18.5% 22.9% 13.2% 18.1% 30.5% 35.0% 23.7% 29.5%

This table presents statistical significance rates for coefficients from cross-sectional OLS regressions of short-term stock

returns on each of eight firm characteristics based on cross-sectional standard errors. Each cell reports the percentage
of all one- or five-day periods in which the regression coefficient is statistically significant, averaged across the eight
characteristics. Each row reports the percentages for different combinations of 1% and 5% significance, univariate and
multivariate regressions (where all eight characteristics are included as explanatory variables), and one-day and five-day
return periods. Panel A presents rates of significance based on default standard errors, White (1980) robust standard
errors, and standard errors clustered by Fama-French 49-category industry, with the fourth row based on regressions
that also include Fama-French 49-category industry fixed effects. Panel B presents rates of significance for alternative
return measures, including CAPM, Fama-French 3-factor, and Fama-French 4-factor adjusted returns and logged returns
(log(1 + return)). Our sample is the 7,811 trading days in 1991 through 2021.

firm characteristic are likely to be common, even if the event itself
does not differentially affect the returns of firms that differ on that
characteristic. Thus, tests of the significance of these relationships are
likely to produce frequent false positives.

4.2. Alternative specifications

In the baseline analysis presented in Fig. 2, we estimate separate
univariate regressions for each characteristic without controls, using
daily raw returns. In practice, researchers often include control vari-
ables and/or analyze multiple characteristics of interest. We therefore
extend our analysis to the cases of multivariate regressions. In addition,
researchers sometimes measure returns over event periods longer than
one day, because either the event spans multiple days or it is unclear
when the market learns about the event and incorporates its impli-
cations into prices. We therefore also extend our analysis to returns
measured over five days instead of one to understand the implications
of using longer event periods. Finally, we extend our analysis to other
measures of returns that are sometimes used in practice, including
factor-adjusted and log returns.

Table 2 reports average statistical significance rates across the eight
characteristics we study for all four combinations of univariate and
multivariate regressions and one-day and five-day event periods. In the
multivariate regressions, the other seven characteristics serve as control
variables for the characteristic of interest. Panel A reports results
using raw returns based on the different ways of computing standard
errors shown in Fig. 2, while Panel B reports results where we use
alternative return measures and compute standard errors clustered at
the Fama-French 49-industry level, with industry fixed effects included.

Statistical significance rates are even higher for five-day event
periods than for one-day event periods. While we assume that », is
mean-zero and i.i.d. in our conceptual framework in Section 2, in prac-
tice there is a small amount of autocorrelation in return-characteristic
relationships.'” Thus, aggregate routine news over a five-day period

17 This autocorrelation manifests in a small positive autocorrelation in
returns of characteristic-sorted portfolios, a phenomenon referred to as “factor
momentum” (Gupta and Kelly, 2019; Arnott et al., 2023).

will have greater variance, o2

=, resulting in more statistically significant
relationships with five-day returns than with one-day returns.

Significance rates are generally lower for multivariate regressions
than for univariate regressions. Intuitively, control variables account
for common exposure to day-to-day news that overlaps to some degree
with common exposure based on the characteristic of interest. This
result suggests an unappreciated benefit of including control variables
when analyzing differences in an outcome variable around a quasi-
experimental event: doing so can reduce the risk of false positives
due to contemporaneous events. Note that this rationale for including
control variables is different than the standard rationales of either
reducing bias by absorbing variation in regression errors that might
otherwise be correlated with the characteristic of interest, or increasing
efficiency by absorbing variation in the outcome variable unrelated to
the characteristic of interest.

Panel B of Table 2 shows that factor-adjusting returns decreases
significance rates. Intuitively, when factor loadings are correlated with
firm characteristics, factor-adjusted returns will be less correlated with
firm characteristics than unadjusted returns. However, the changes in
statistical significance frequencies are small. As we show in Section 6,
the factor structure of returns is complex and therefore difficult to
summarize with a small number of pre-specified factors.

Ultimately, Table 2 shows that average significance rates remain
stubbornly high, regardless of how returns are measured, how standard
errors are computed, or whether control variables are included. Table
3 reports results for additional clustering approaches and shows that
significance rates remain elevated for alternative clustering choices
as well. The prevalence of statistically significant relationships would
make it hard to conclude with confidence from a statistically significant
relationship in the period around a specific event that the event causes
differences in returns.

Another way to quantify the inference threat posed by false positives
due to routine news in this setting is to determine by how much
standard errors would need to be inflated to match the probability
of statistical significance to its nominal level. We refrain from tabu-
lating the required rates of inflation since the information is largely
redundant with that in Table 2, with higher significance rates in that
table translating into greater need to inflate standard errors. However,
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Table 3
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Significance rates for alternative cross-sectional standard errors.
Panel A: Alternative Clustering

1% Significance Level

5% Significance Level

Univariate Multivariate Univariate Multivariate
Return Specification 1d 5d 1d 5d 1d 5d 1d 5d
Unadj. SIC4 Cluster 22.2% 27.8% 18.7% 24.6% 33.9% 39.6% 30.0% 36.4%
Unadj. FF49 Cluster 18.5% 22.9% 16.3% 21.6% 30.5% 35.2% 28.0% 33.7%
Unadj. FF30 Cluster 21.3% 25.7% 18.5% 23.7% 30.7% 34.9% 28.3% 33.6%
Unadj. State Cluster 30.2% 36.2% 25.7% 31.9% 42.3% 48.5% 37.6% 44.4%
Unadj. 5 Size x 5 MB 20.6% 25.7% 17.0% 23.0% 32.7% 38.6% 29.0% 35.5%
Unadj. ... X 5GP 24.2% 30.4% 19.7% 26.4% 35.9% 42.1% 31.1% 38.0%

Panel B: Two-way clustering

1% Significance Level 5% Significance Level

Univariate Multivariate Univariate Multivariate
Return Specification 1d 5d 1d 5d 1d 5d 1d 5d
Unadj. FF49 & State 20.7% 24.6% 18.8% 23.5% 32.2% 36.2% 30.0% 35.4%
Unadj. FF30 & State 20.1% 23.7% 16.7% 21.0% 31.7% 35.5% 27.6% 32.6%

This table presents mean statistical significance rates for coefficients from cross-sectional OLS regressions of short-term
stock returns on each of eight firm characteristics based on alternative cross-sectional standard errors. Each cell reports
the percentage of all 1- or 5-day periods from 1991 through 2021 in which the regression coefficient is statistically
significant. Each row reports the percentages for different combinations of 1% and 5% significance, univariate and
multivariate regressions (where all eight characteristics are included as explanatory variables), and one-day and five-day
return periods. Panel A presents rates of significance based on standard errors clustered at different industry levels, at the
state level, at the level of size quintile by book-to-market quintile bin, and at the level of size quintile by book-to-market
quintile by gross profitability quintile bin. Panel B presents rates of significance based on standard errors clustered by

both industry and size.

to provide some context, the average default standard error across all
eight characteristics in a univariate regression with a one-day event
window would need to be multiplied by 3.4 (4.0) to achieve the
intended rate of false positives at the 5% (1%) level, while the average
Fama-French 49 industry-clustered standard error would need to be
multiplied by 2.2 (2.5).

5. Time-series approaches

In this section, we evaluate the time-series approaches described in
Section 2.4, where statistical testing compares the event-day return—
characteristic relationship to its distribution on pre-event days.

5.1. Practical considerations

Implementing either TS-OLS or TS-GLS requires two practical
choices. The first is the number of pre-event days to use, L. A longer
series of pre-event days affords a larger sample of pre-event coefficient
observations to use in statistical testing. However, using pre-event days
farther back in time from the event increases the likelihood that the
distribution of routine news affecting firms has changed. In addition,
as discussed in Section 2.4, using the CDF approach requires that L
equal one less than a multiple of 100 (i.e., 99, 199, 299, etc.). In our
analysis, we use L = 199 trading days, which seems like a reasonable
compromise in terms of period length and satisfies the restriction for
using the p-value approach.

The second practical choice is when to measure firm characteristics
if these characteristics are time-varying. To avoid look-ahead bias, the
characteristics should always be measured prior to a given day on
which returns are measured. One option is to use the characteristics
measured on the most recent available date prior to the earliest pre-
event day in the comparison set. While this approach is simple, it may
be inefficient if characteristics change over time. Another option is to
measure a characteristic for each day as of the most recent prior date
for which it is available. For example, if a characteristic is an annual
financial variable, then x;,_; would be the value of x for firm i as of the
most recent fiscal year-end prior to day 7. Given the potential efficiency
gain, we adopt this latter approach in our analysis.

Implementing the TS-GLS approach requires two additional choices
- K, the number of PCs to use in constructing the covariance matrix,
and Ty, the number of days to use in computing the PCs. A larger
number of days Ty allows for estimating more PCs and therefore
a richer covariance matrix, but using data from farther in the past
increases the likelihood that changes in covariances over time make
estimates less comparable. We choose Ty = 200, a round number
comparable to our choice of L that seems like a reasonable compromise
relative to the tradeoff.

The number of PCs must be a whole number satisfying 0 < K < Tk.
Using more PCs allows for more precise estimates of the return covari-
ances. This increased precision should initially increase the efficiency
of cross-sectional estimates and hence of the statistical power of the TS-
GLS approach. However, beyond a certain point, adding more PCs may
result in overfitting, which reduces efficiency. We provide evidence in
Appendix C that explanatory power continues to increase meaningfully
with the number of PCs through at least K = 50 and that overfitting
does not become a significant issue until above K = 195 PCs. Based on
this analysis, we use K = 100 in the remainder of the analysis, though
we also explore the sensitivity of results to using different numbers of
PCs.

5.2. Frequency of statistically significant relationships on ordinary days

Mirroring our analysis of cross-sectional tests, we begin our analysis
of the TS-OLS and TS-GLS approaches by applying these approaches for
each characteristic to each one-day and five-day period in our sample
period and computing the fraction of periods in which the estimated
relationship is statistically significant at the 1% and 5% levels. We
compute these fractions for both the r-statistic and CDF approaches to
statistical testing described in Section 2.4. Fig. 3 presents the results.

As anticipated, statistical significance rates for a given nominal
significance level using both time-series approaches are much closer
to the nominal significance level than those based on cross-sectional
regression standard errors. However, these rates are still slightly higher
than the nominal significance level when we use the r-statistic ap-
proach, especially at the 1% significance level. These excess rates arise
from fat tails in the distribution of coefficients that a 7 test fails to take
into account. In contrast, statistical significance rates based on p values
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Fig. 3. Significance rates based on TS-OLS and TS-GLS.

TS-OLS(CDF) TS-GLS(CDF)

This figure depicts statistical significance rates for the relationship between one-day returns and each of eight characteristics using the time-series OLS (TS-OLS)
and time-series GLS (TS-GLS) approaches described in Section 2.4. We use 199 pre-event periods and, for each covariance matrix used in TS-GLS, 100 principal
components extracted from the 200 preceding trading days. The bars show the percentage of days for which the coefficient from the regression is statistically
significant based on r-statistics using the time-series of coefficients as standard errors (‘T-Test’) or based on a p value from comparison to the empirical time-series
cumulative distribution function of coefficients (‘CDF’). The top panel shows rates of significance at the 1% significance level, while the bottom panel shows rates
of significance at the 5% significance level. Our sample is the 7,811 trading days in 1991 through 2021.

using the empirical CDF of coefficients are approximately equal to the
nominal significance level. We therefore focus on the CDF approach for
the remainder of our analysis.

The empirical success of TS-OLS and TS-GLS in rejecting at or near
the nominal significance level is not mechanical or guaranteed by the-
ory. As detailed in Section 2, it requires that the distribution of routine
news, n,, be stable over time. Significant changes in the volatility of
n, over time could make the pre-event distribution of the estimated
relationship a poor proxy for the event-day distribution under the
null, and we would again find frequent false positives. The empirical
performance of TS-OLS and TS-GLS suggests that the distribution of n,
is generally relatively stable over the windows of around 200 trading
days we use in our analysis.

5.3. Frequency of statistically significant relationships on artificial event
days

We next assess the statistical power of the TS-OLS and TS-GLS
approaches. One at a time, for each day in the period 1991-2021 and
each characteristic, we create an artificial event effect by introducing
a relationship between returns and the characteristic of 25 basis points
(bp) per one-standard deviation increase in the characteristic. We do
not add this effect on pre-event days relative to the artificial event day.
We then use the TS-OLS and TS-GLS approaches to estimate and test
the significance of differences in the return-characteristic relationship
on the artificial event day at the 1% and 5% significance levels. Finally,
for each characteristic, we compute the fraction of artificial event
days on which the test detects the artificial event effect at each of
the two significance levels. We repeat this process using an artificial
event effect of 50 bp return per one-standard deviation increase in the
characteristic. Fig. 4 presents detection rates based on these tests.

Using either time-series approach, detection rates vary widely across
characteristics and are generally smaller for size, market-to-book ratio,
and cash holdings. Note that these are the same characteristics for
which tests based on standard errors from cross-sectional regressions
produce the highest rates of statistically significant relationships absent
an artificial event (Fig. 2). This is not a coincidence. As the variance
in routine news, 0'5, increases, false positives in the cross-sectional
regressions become more frequent, and detecting the differential effect
of the artificial events becomes more difficult.

The main takeaway from Fig. 4 is that the TS-GLS approach detects
artificial effects much more frequently than the TS-OLS approach. For
example, TS-GLS detects 25 bp of additional return per one stan-
dard deviation change in a characteristic at the 5% significance level
1.2-2.7 times as often as TS-OLS, depending on the characteristic. The
greatest detection rate gains occur for characteristics where TS-OLS
detection rates are relatively low. To allow for a more comprehensive
comparison, Table 4 reports average detection rates across all eight
characteristics for TS-OLS and TS-GLS for the 25 and 50 bp artificial
effects separately for one-day and five-day event periods.

Average detection rates across the eight characteristics are 1.3-1.9
times and 1.6-2.8 times as high for TS-GLS as for TS-OLS at the 5% and
1% significance levels, respectively. For both TS-GLS and TS-OLS, de-
tection rates are naturally substantially lower for five-day event periods
than for one-day event periods because five-day returns are noisier than
one-day returns. The degree to which detection rates deteriorate with
the length of the event period is a serious concern, since papers often
analyze multi-day event periods. While not the focus of this paper, the
results suggest there is a large benefit to precisely identifying when the
market responds to an event, thereby allowing the use of a short event
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Fig. 4. Detection rates in artificial event periods: TS-OLS vs TS-GLS.

This figure depicts statistical significance rates for the relationship between one-day returns and each of eight characteristics using the time-series OLS (TS-OLS)
and time-series GLS (TS-GLS) approaches described in Section 2.4. For each day, we create an artificial event by adding either 25 or 50 bp to a firm’s return for
each one standard deviation increase in the corresponding characteristic on the x axis. We use 199 pre-event days (with no added relationship) and, for each
covariance matrix used in TS-GLS, 100 principal components extracted from the 200 preceding trading days. The bars show the percentage of days for which the
coefficient from the regression is statistically significant at the 5% level based on a comparison to the empirical time-series cumulative distribution function of
coefficients (‘CDF’). The top panel shows results for a 25 bp added relationship, while the bottom panel shows results for a 50 bp added relationship. Our sample
is the 7,811 trading days in 1991 through 2021.

Table 4

Detection rates in artificial event periods: TS-OLS vs TS-GLS.
Panel A: 1% Significance Level

Period Effect (bp) TS-OLS TS-GLS Difference Ratio
1 day 25 20.76% 49.05% 28.29% 2.36
1 day 50 53.20% 85.94% 32.74% 1.62
5 day 25 5.20% 14.89% 9.69% 2.86
5 day 50 19.03% 42.34% 23.31% 2.22

Panel B: 5% Significance Level

Period Effect (bp) TS-OLS TS-GLS Difference Ratio
1 day 25 40.93% 71.82% 30.89% 1.75
1 day 50 72.90% 95.46% 22.56% 1.31
5 day 25 15.29% 30.08% 14.79% 1.97
5 day 50 35.19% 61.24% 26.05% 1.74

This table presents statistical significance rates for the relationship between short-term
(one- or five-day) returns and each of eight characteristics using the time-series OLS
(TS-OLS) and time-series GLS (TS-GLS) approaches described in Section 2.4. For each
one- or five-day period, we create an artificial event by adding either 25 or 50 bp to a
firm’s return for each one standard deviation increase in the characteristic in question,
spreading the effect equally across days in the case of five-day periods. We use 199
pre-event periods (with no added relationship) and, for each covariance matrix used
in TS-GLS, 100 principal components extracted from the 200 preceding trading days.
Each row reports the percentage of all artificial event periods in which the estimated
event-period relationship is statistically significant using TS-OLS and TS-GLS based on
a p value from comparison to the empirical time-series cumulative distribution function
of coefficients as well as the difference and ratio of these percentages. Different rows
report these percentages for different combinations of event-period length (one- or five-
day) and size of added return per one standard deviation increase in a characteristic
(25 or 50 bp). The top panel shows significance rates at the 1% level, while the bottom
panel shows significance rates at the 5% level. Our sample is the 7,811 trading days
in 1991 through 2021.

11
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Table 5

TS-GLS detection rates in artificial event periods: Robustness.
Panel A: 1% Significance Level

Journal of Financial Economics 180 (2026) 104278

1 day 5 day
Effect (bp) L K =50 K =100 K =150 K =50 K =100 K =150
25 99 47.87% 48.91% 48.02% 16.12% 17.73% 17.62%
25 199 48.06% 49.05% 48.58% 13.46% 14.89% 14.71%
25 299 48.24% 49.40% 48.47% 12.54% 13.75% 13.69%
50 99 83.87% 84.74% 84.24% 43.55% 47.25% 47.77%
50 199 85.30% 85.94% 85.40% 39.04% 42.34% 42.84%
50 299 85.06% 85.64% 85.43% 37.83% 40.55% 41.12%

Panel B: 5% Significance Level

1 day 5 day
Effect (bp) L K =50 K =100 K =150 K =50 K =100 K =150
25 99 71.68% 72.49% 71.75% 30.01% 31.94% 32.37%
25 199 71.01% 71.82% 71.13% 28.31% 30.08% 30.48%
25 299 70.60% 71.34% 70.85% 27.74% 29.31% 29.54%
50 99 95.32% 95.51% 95.43% 60.05% 63.49% 64.34%
50 199 95.30% 95.46% 95.35% 57.94% 61.24% 62.23%
50 299 95.38% 95.57% 95.41% 57.34% 60.41% 61.38%

This table presents mean rates with which the time-series GLS (TS-GLS) approach to significance testing
described in Section 2.4 successfully detects relationships between one-day returns and each of eight
characteristics added to create artificial event days for different numbers of pre-event days (L) and
principal components (K) used to construct covariance matrices. We use the preceding 200 trading days
to compute principal components. Each row reports the percentage of all artificial event periods from
1991 to 2021 in which the estimated event-period relationship is statistically significant for different
numbers of principal components. Different rows report these percentages for different combinations of
number of pre-event days and size of added return per one standard deviation increase in a characteristic
(25 or 50 bp). The top panel shows significance rates at the 1% level, while the bottom panel shows
significance rates at the 5% level.
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Fig. 5. Explanatory power of principal components of daily returns.
This figure plots the average percent of the daily cross-sectional variance of returns that the first K principal components (PCs) combined explain by calendar
year, for K = 1, 5, 25, and 100. It also shows the average percent explained by Fama-French 49-category industry portfolios combined for comparison. Our

sample is the 7,811 trading days in 1991 through 2021.

period. In Table 5, we show that detection rates are similar when using
TS-GLS across various choices for L, the number of pre-event period

windows, and K, the number of principal components.

0 R TRV N -
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5 PCs 1 PC ---¢--- FF 49 Industries

We conclude from the analysis in this section that using either
time-series approach instead of a cross-sectional regression standard
error to test significance effectively addresses the threat of excessive

12



J.B. Cohn et al.

Table 6

Evolving correlations with principal components.
Panel A: 2008

Journal of Financial Economics 180 (2026) 104278

‘Mkt’ ? ‘Crisis’ ? ?
PC 1 2 3 4 5
% x-sectional var. explained 5.9% 3.6% 3.0% 2.7% 2.1%
|p(PC;, MKtRf)| 88% 4% 13% 2% 3%
|p(PC;, SM B)| 28% 12% 41% 14% 20%
(PC;,, HM L) 4% 4% 46% 0% 30%
|p(PC;
|p(PC;,UM D)| 3% 8% 45% 2% 36%
|p(PC;,Tech)| 7% 9% 5% 3% 6%
(PC;, Finance) 6% 4% 60% 4% 35%
|p(PC; |
p(PC;, Covid) 5% 9% 27% 1% 2%
| i |
|p(PC;, M emes)| 2% 4% 8% 6% 2%
RrR? 88% 5% 55% 3% 19%
Panel B: 2010
? ‘Mkt’ ? ? ?
PC 1 2 3 4 5
% x-sectional var. explained 5.2% 4.0% 1.6% 1.4% 1.2%
|p(PC,, MkiRf)| 1% 92% 10% 8% 5%
|p(PC;, SM B)| 1% 30% 12% 23% 31%
|p(PC;, HM L)| 3% 3% 1% 26% 13%
|p(PC;,UMD)| 3% 10% 15% 25% 22%
(PC;,Tech) 2% 0% 7% 6% 2%
|p(PC;
p(PC;, Finance) 9% 5% 7% 2% 6%
| i
|p(PC;, Covid)| 1% 0% 7% 22% 25%
|p(PC,, Memes)| 1% 1% 14% 3% 1%
R? 1% 95% 10% 21% 22%
Panel C: 2020
‘Mkt’ ‘Fin’ ? ‘Covid’ ?
PC 1 2 3 4 5
% x-sectional var. explained 6.2% 4.7% 2.8% 2.5% 2.2%
(PC;, MktRf) 54% 24% 4% 7% 7%
|p(PC; )l
|p(PC;, SM B)| 17% 43% 1% 32% 13%
|p(PC;, HM L)| 36% 53% 9% 39% 0%
(PC;,UM D) 29% 55% 1% 45% 8%
lp(PC;
p(PC;, Tech) 21% 34% 9% 19% 15%
| i
|p(PC;, Finance)| 39% 49% 8% 19% 10%
(PC;, Covid) 24% 16% 11% 39% 19%
|p(PC; |
p(PC;, Memes) 25% 32% 8% 9% 26%
I i
R? 49% 45% 6% 52% 16%
Panel D: 2021
‘Quant’ ‘Memes’ ? ‘Tech’ ?
PC 1 2 3 4 5
% x-sectional var. explained 5.4% 5.1% 3.1% 2.3% 2.2%
|p(PC;, MktRf)| 36% 11% 0% 17% 27%
|p(PC;, SM B)| 36% 44% 2% 27% 29%
(PC;,, HM L) 45% 2% 37% 45% 48%
|p(PC;
p(PC;,UM D) 35% 21% 7% 8% 2%
| i
|p(PC;,Tech)| 9% 21% 17% 36% 30%
(PC,, Finance) 14% 5% 27% 46% 34%
|p(PC; |
p(PC;, Covid) 14% 9% 14% 2% 4%
| i
|p(PC;, M emes)| 8% 93% 1% 4% 6%
RrR? 59% 89% 15% 33% 40%

This table presents the correlations between portfolios representing the first five principal components
of individual stock returns in a calendar year and a variety of other factors constructed from stock
returns. The first four are the market (MkiRf), size (SM B), value (HM L) and momentum (UM D)
factors. The second four are period-specific factors: Tech, the equal-weighted average return of Software,
Hardware, and Chips Fama-French 49 industries; Finance, the average return of Banks, Real Estate, and
Finance industries; Covid, the average return of Meals, Healthcare, and Drugs industries; and M emes,
the average return of whichever subset of GameStop (GME), AMC (AMC), Bed Bath and Beyond (BBBY),
and Blackberry (BB) stocks is available to trade on each day. We orthogonalize the non-MktRf factors
with respect to MktRf in each calendar year. Panel A presents results for 2008, Panel B for 2010,
Panel C for 2020, and Panel D for 2021.
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Fig. 6. Explanatory power of example factors for daily returns.
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This figure plots the average percent of the daily cross-sectional variance of returns that seven example factors explain by calendar year. The factors are size (SM B),
value (HM L) and momentum (U M D) factors, as collected from Ken French’s data library; Tech, the equal-weighted average return of Software, Hardware, and
Chips Fama-French 49 industries; Finance, the average return of Banks, Real Estate, and Finance industries; Covid, the average return of Meals, Healthcare, and
Drugs industries; and Memes, the average return of whichever subset of GameStop (GME), AMC (AMC), Bed Bath and Beyond (BBBY), and Blackberry (BB) stocks
is available to trade on each day. All factors are orthogonalized with respect to the excess market return (MkrRf) in each calendar year. Our sample is the 7,811

trading days in 1991 through 2021.

false positives caused by contemporaneous events. However, TS-GLS
provides a big improvement in statistical power over TS-OLS. Our
csestudy Stata and Python modules implement both approaches.

6. Analysis of return comovements

In this section, we further analyze the PCs employed in the TS-
GLS approach to shed light on the structure of return covariances. As
discussed in Section 2.2, return covariances reflect routine news that
drives cross-sectional differences in returns. PCA therefore also offers
insights into the economic drivers of the daily events that confound
cross-sectional event studies. We begin by plotting the fraction of total
variation in returns that the first one, five, 25, and 50 PCs explain by
year. Fig. 5 presents these plots. It also shows the average explanatory
power of the Fama-French 49-category industries for comparison.

Two observations are worth making. First, confirming the con-
clusions of Lopez-Lira and Roussanov (2023), it takes many PCs to
explain the variation in returns. The PCs are essentially factors chosen
sequentially to maximize incremental explanatory power. One might
imagine then that only a few such factors would be needed to explain
a large fraction of the variation in returns. Yet, the first 5 PCs explain
less than 30% of the variation in returns in most years, and even the
first 25 PCs explain less than 50% of the variation in most years.
Going from 25 to 100 PCs nearly doubles the fraction of variation
explained. It therefore appears that correlation patterns in returns are
highly complex.

Second, the Fama-French 49-category industries together explain
roughly the same fraction of cross-sectional return variation that the
first PC does. In most years, just the first five PCs explain more than
twice the variation that industry categories do. The limited ability
of industry to summarize the cross section of returns explains why
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clustering by industry has limited ability to correct standard errors
in purely cross-sectional tests. Return correlations are too complex to
summarize well with virtually any set of pre-specified variables.

We next analyze the extent to which the first five PCs in each year
map into identifiable economic factors that might plausibly drive return
correlations. For the purposes of illustration, we present this analysis
for three specific years — 2008, 2020, and 2021 - in which major
market-moving events occurred, and for 2010 to provide a relatively
quiescent year for comparison. We choose four well-known factors
from the asset pricing literature: the equity market portfolio (MktRf),
small-minus-big portfolio (SM B), high-minus-low portfolio (HM L),
and up-minus-down portfolio (U M D). We construct four other factors
as long-only equal-weighted portfolios of stocks designed to capture
period-specific conditions. The Tech factor portfolio is constructed from
the Software, Hardware, and Chips Fama-French 49 industries; the
Finance portfolio from Banks, Real Estate, and Finance industries; and
the Covid portfolio from Meals, Healthcare, and Drugs industries. The
M emes factor portfolio combines whichever subset of GameStop, AMC,
Bed Bath & Beyond, and Blackberry stocks was available to trade on
each day. We orthogonalize the non-MktRf factors with respect to
MkitRf within each calendar year.

For each of the first five PCs in each year, we compute the returns
on a portfolio where the weights are the elements of the PC. We then
compute the absolute values of the correlations between each of these
returns and each of the pre-specified factors. Table 6 presents the
results. Panels A, B, C, and D present the results for 2008, 2010, 2020,
and 2021, respectively.

The first PC-weighted portfolio return is highly correlated with
the equity market portfolio in three of the four years. Because we
de-mean returns within each stock-day prior to conducting PCA, the
first PC does not mechanically capture the simple average return on
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each day. Instead, the first PC is often, but not always, correlated
with MktRf because it captures differences in daily returns driven
by cross-sectional differences in market betas. Furthermore, because
PCA weights stocks equally, the resulting first PC is effectively equal-
weighted, while MktRf is value-weighted. For this reason, the first PC
is also moderately correlated with the .SM B factor portfolio return in
all four years.

For 2008, the third PC-weighted portfolio return is highly correlated
with the Finance, HM L, and UM D factor portfolio returns. This PC
appears to pick up common exposure to aspects of the financial crisis.
For 2020, the fourth PC-weighted portfolio return is correlated with the
Covid factor portfolio return. For 2021, the second PC-weighted port-
folio return is highly correlated with the M emes factor portfolio return,
while the fourth and fifth are correlated with the HM L, Finance, and
Tech factor portfolio returns. For 2010, a relatively quiescent year, only
the second PC-weighted portfolio return is strongly correlated with any
of the factor portfolio returns.

We broaden our analysis by calculating the fraction of all return
variances explained by the factors presented in Table 6 in each year
of the sample period. The results, presented in Fig. 6, show that each
factor is an important determinant of return variation in some years
and largely irrelevant in others.'® While this time variation is most
dramatic for the Finance and M emes factors, whose explanatory powers
peak in 2008 and 2021, respectively, even standard asset pricing factors
such as SM B vary significantly over time in their importance. Fig. 6
also shows that there are many years, particularly early in our sample
period, where none of the example factors is important in driving return
variation.'?

Overall, the analyses in Table 6 and Fig. 6 indicate that factors
driving return comovement vary substantially from year to year and
often represent factors unique to a period. Furthermore, it is often
difficult to determine the precise economic drivers of comovement in
any given period because correlation patterns are complex and time-
varying. These patterns support the use of many statistically extracted
components to power our GLS approach.

7. Conclusions

We show that traditional tests of the relationship between returns
around a quasi-experimental event and firm characteristics produce too
many false positives to allow for reliable inference about the differential
treatment effect of the event. We also show that using the distribution
of relationships on pre-event days to conduct statistical tests is an
effective solution to this problem. An event-day relationship should
stand out relative to the distribution on days when the event does
not occur before we conclude that the event causes differences in
returns. Our analysis shows that a GLS-based approach to estimating
event and pre-event day relationships offers substantial improvements
in statistical power over a more conventional OLS-based approach. It
may therefore allow for the detection of even modest differential event
effects that might otherwise be difficult to test.
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Appendix A. Survey of recent papers using cross-sectional event
studies

We survey recently published papers to assess how papers present-
ing results from cross-sectional event studies of returns around a single
event typically calculate standard errors and other research design
choices. The universe of papers we consider is those published in a
set of top finance and accounting journals (Journal of Accounting and
Economics, Journal of Accounting Research, Journal of Banking & Finance,
Journal of Corporate Finance, Journal of Finance, Journal of Financial
Economics, Journal of Financial and Quantitative Analysis, Management
Science, Review of Corporate Finance Studies, Review of Finance, and Re-
view of Financial Studies) from 2014 through 2023. We prompt version
3.5 of the large language model “Claude” to read all papers in this
initial universe and identify papers that employ cross-sectional event
studies of returns around a single event. To filter out other types of
event studies, our prompt repeatedly emphasizes the importance of
a single common event, provides an example regression specification,
and gives multiple examples of what we are not looking for. We then
manually review the papers Claude identifies to verify they actually use
the methodology. This process yields 81 papers with 16,070 citations
collectively on Google Scholar. For each paper in this set, we catalog:

1. Google Scholar citation count as of January 2025.

2. What type of returns the authors use (raw; market-adjusted;
factor-adjusted; or log).

3. How long the event window is.

4. Whether fixed effects are used and what variety (industry or
other).
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5. How the authors compute standard errors (unadjusted or White
(1980) robust; industry clustered; geography clustered; time-
series; or other).?°

Table A.1 provides details for these papers.

Panel A summarizes the frequency of methodological choices among
these papers. Only five papers (6%) use a variant of the time-series
methodology we describe in Section 2.4 to test the significance of
event-period relationships. 25% use standard errors clustered on a
cross-sectional dimension. The majority (64%) use unadjusted or White
(1980) robust standard errors. Of secondary interest, simple returns are
less common (25%) than returns adjusted for CAPM or Fama-French
factors, and there is an approximately even split between using industry
fixed effects (44%) and not (56%).

Panel B provides details for each of the 81 papers. Of the five papers
that use a time-series approach, three (Akiyoshi, 2019; Borisov et al.,
2016; Kolasinski and Yang, 2023) use the Sefcik and Thompson (1986)
portfolio OLS approach. O’Donovan et al. (2019) also use a portfolio-
based approach that appears similar to the Sefcik and Thompson (1986)
approach. Cohn et al. (2016) use the z-statistic version of the time-series
OLS approach that we describe in this paper.

Appendix B. General conceptual framework and proofs

In this appendix, we present a formal conceptual framework for
our analysis that generalizes the framework in Section 2 to allow
for J different firm characteristics; N-day event windows; non-zero
relationships between firm characteristics and average returns; and a
general covariance matrix for returns.

The general data generating process is:

!
re=a,+ [/1 +n+ 210 e T)] (Kiumt = %i1) + 81 (B.1)

Eln,] = El6;,] = Elx;,_6;,] = E[n,6;,] = 0, Var(,) = 25, (B.2)

where q, is a random variable capturing the aggregate return impli-
cations of any news on day ¢, 4 is a J x 1 vector containing each
characteristic’s relation with average returns, n, is a J X 1 vector con-
taining mean-zero random variables expressing how the news arriving
in period ¢ affects returns as a function of firm characteristics, e is a
J x 1 vector containing the differential effects of the event on per-day
stock returns, 7 is the set of days in the event period, x;, is a J x 1
vector of firm characteristics, %,_; is the mean x;,, §;, is a mean-zero
error term, and §, is an M X 1 vector containing all §,, with covariance
matrix ;.

The general framework in Eq. (B.1) simplifies to the framework
studied in the body of the paper when N = J =1, 4 =0, and £; is a di-
agonal matrix with constant variance. Proofs in this general framework
therefore apply to the corresponding results in the simplified model.

Suppose a researcher conducts a cross-sectional OLS regression of
total event-period returns on a constant and pre-event firm character-

istics x; ,_;:

2 Fie=a;+ b’Txi’T,l +é€i s (B.3)

tetr

and uses the resulting b, as an estimate of e.

Result B.1 (Variance of b as an Estimate of e). Assuming characteristics
x;, are constant for each i during the event window, cross-sectional OLS
estimates of b, in Eq. (B.3) have the following relationships to the true

event-specific effect e:
E[b, —el= Ni , (B.4)
——

bias

20 For papers that do not report how they calculate standard errors, which
is unfortunately common, we tabulate them in the unadjusted or White (1980)
robust category.
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Var(h, —e)= Var(h, —b,) +
——

OLS estimation error

No‘rzl
——

Variance of routine news

(B.5)

where the E[-] and Var(-) operators condition on x; ,_; and draw random
6;, and n, for all t € =.

Proof. Summing Eq. (B.1) across event window days yields:

!’ ’
Zri,r = 2a,—(Ni+Zn,+e> J'c,_1+(Ni+Zn,+e> x,-_T_1+25,.Y,,

ter ter ter ter ter

(B.6)
which implies that in the population (with no estimation error):
!’
a7=2a,— N1+2n,+e X (B.7)
tetr tetr
b,=Ni+ Y n +e, (B.8)
ter
€ir = 2 Bis- (B.9)

ter

From this we get:

Var(h, —e) = Var(h, — b, + b, —e) = Var (13, —b,+Ni+ Z n,> . (B.10)

ter

Because b, is an OLS estimate,

[i’f - "f] =(X'X)"'X'e,, (B.11)
br - b‘l’

where X is an M x (J + 1) matrix containing a constant and x; ,_; for
all i, and e, is an M x 1 vector containing all ¢;,. Using E[n,§;,] = 0,
Eq. (B.11) therefore implies that b, — b, is uncorrelated with n,, and Eq.
(B.10) simplifies to:

Var(h, — e) = Var (b, — b,) + No>. (B.12)

We complete the proof by noting, from Eq. (B.9) and the unbiasedness
of OLS, that E[b,] —e=b, —e=NA. []

We now turn to the time-series OLS approach articulated in Sec-
tion 2.4.

Result B.2 (Unbiasedness and Correct Variance of the Time-Series OLS
Approach). Write b, , for the vector of coefficients relating Z,er_f ri, to
X;._, in non-event window 7_s, and b, for the coefficients in the event
window. The time-series OLS estimate of e is:

| &
é=b, P b,

)

—7°

Assuming stationary distributions for estimation error IAJH, —b,_, and news
n,, &, has the following distribution across samples as L — o for a given e:

E[é—el= 0 , (®
——
No bias
Var(¢—e) = Var(h,_,) , 9)
— ——
Sampling variance  Time series sample variance
d@-e) = @b, ) (10)
~—— ——
Sampling CDF  Time series sample CDF

Proof. Because e has no effect when ¢ ¢ 7, the stationarity of IA)T_t, —-b,
and news n, imply:

-

(B.13)
(B.14)

&b, —e)= @b, )=
E[b, — e] = Elb,_,],
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Table A.1

Survey of cross-sectional event studies involving a quasi-experimental event.
Panel A: Summary Statistics

Journal of Financial Economics 180 (2026) 104278

Total Papers: 81

Total Google Cites: 16,070

Return Types Standard Errors

Simple 20 25% Simple 52 64%

CAPM Adjusted 40 49% Industry Cluster 16 20%

FF Adjusted 16 20% Geography Cluster 4 5%

Industry Adjusted 4 5% Time-Series 5 6%

Log 1 1% Other 4 5%

Fixed Effects

None 45 56%

Industry 30 37%

Geography 1 1%

Industry & Geography 5 6%

Panel B: Survey of papers
Google Return Fixed Standard

Paper Journal Cites Type Effects Errors
Abudy et al. (2020) JBF 36 Simple None Simple/Robust
Acemoglu et al. (2016) JFE 844 CAPM Adj. None Simple/Robust
Acemoglu et al. (2018) RFS 540 Simple Industry Simple/Robust
Acker et al. (2018) JBF 11 Simple Industry Simple/Robust
Akey and Appel (2021) JF 220 CAPM Adj. None Simple/Robust
Akiyoshi (2019) JFE 19 CAPM Adj. Industry Time-Series
Albuquerque et al. (2020b) JCF 14 CAPM Adj. Industry Ind. Cluster
Albuquerque et al. (2020a) RCFS 1206 CAPM Adj. Industry Simple/Robust
Amihud and Stoyanov (2017) JFE 76 FF Adj. Industry Simple/Robust
Amore et al. (2022) JBF 151 CAPM Adj. Ind. & Geog. Simple/Robust
Andrade and Chhaochharia (2018) RFS 36 FF Adj. Industry Ind. Cluster
Andries et al. (2020) JBF 20 CAPM Adj. None Simple/Robust
Aragon and Li (2019) JFE 39 Simple None Simple/Robust
Bae et al. (2021) JCF 641 Simple Industry Simple/Robust
Berkowitz et al. (2015) JFE 213 CAPM Adj. Industry Simple/Robust
Beuselinck et al. (2017) JCF 174 Simple Ind. & Geog. Geo. Cluster
Bhojraj et al. (2017) JAE 73 FF Adj. Industry Ind. Cluster
Bizjak et al. (2022) JF 38 CAPM Adj. Industry Simple/Robust
Black et al. (2015) JBF 194 CAPM Adj. None Ind. Cluster
Bongini et al. (2015) JBF 140 CAPM Adj. None Simple/Robust
Borisov et al. (2016) RFS 272 FF Adj. Industry Time-Series
Brown and Huang (2020) JFE 198 CAPM Adj. Industry Ind. Cluster
Carboni et al. (2017) JBF 71 CAPM Adj. None Simple/Robust
Chan and Kwok (2017) JBF 74 Simple Industry Simple/Robust
Chang et al. (2014) JBF 348 CAPM Adj. None Simple/Robust
Chen et al. (2018) JAE 1384 FF Adj. Industry Simple/Robust
Chen et al. (2019) JCF 63 FF Adj. None Simple/Robust
Child et al. (2021) JFE 87 CAPM Adj. Industry Ind. Cluster
Choy et al. (2017) JCF 50 CAPM Adj. None Other
Chung et al. (2020) JCF 41 CAPM Adj. None Simple/Robust
Cohn et al. (2016) JF 107 Simple None Time-Series
Cousins et al. (2020) MS 91 CAPM Adj. None Ind. Cluster
Doidge and Dyck (2015) JF 179 Simple None Ind. Cluster
Fahlenbrach et al. (2021) RFS 658 Simple Industry Simple/Robust
Fang et al. (2023) JBF 39 FF Adj. Industry Simple/Robust
Fisman et al. (2014) RFS 188 FF Adj. Industry Simple/Robust
Foley-Fisher et al. (2016) JFE 179 CAPM Adj. None Ind. Cluster
Frattaroli (2020) JFE 50 CAPM Adj. None Simple/Robust
Gao et al. (2018) JBF 71 Industry Adj. None Simple/Robust
Garel and Petit-Romec (2021) JCF 280 Simple Industry Simple/Robust
Gilje and Taillard (2017) RFS 133 Simple None Simple/Robust
Goémez-Cram and Olbert (2023) RFS 16 Simple None Simple/Robust
Greene et al. (2020) JCF 228 CAPM Adj. Industry Ind. Cluster
Grewal et al. (2019) MS 566 Simple None Geo. Cluster
Hackbarth et al. (2015) RFS 95 CAPM Adj. None Simple/Robust
Hill et al. (2019) JBF 110 Simple Industry Simple/Robust
Huang et al. (2020) JCF 19 CAPM Adj. Geography Simple/Robust
Igan et al. (2023) JBF 55 Log None Geo. Cluster
Jain et al. (2019) JBF 11 Simple None Simple/Robust
Kalcheva et al. (2020) JBF 37 FF Adj. None Simple/Robust
Kim and Kim (2022) JCF 2 CAPM Ad;j. Industry Other
Kolasinski and Yang (2023) MS 0 FF Adj. None Time-Series
Kundu (2023) JFQA 1 FF Adj. Ind. & Geog. Ind. Cluster
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(continued on next page)
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Table A.1 (continued).

Journal of Financial Economics 180 (2026) 104278

Lewis and Verwijmeren (2014) JCF 19
Licht et al. (2018) JFE 41
Lin et al. (2019) JAE 42
Lins et al. (2017) JF 2837
Liu et al. (2017) JFE 365
Liu et al. (2021) JBF 43
Liu et al. (2022) JBF 19
Loipersberger (2018) JBF 67
Marsh (2023) JBF 5
May (2014) JCF 18
Moon and Schoenherr (2022) JFE 15
Nesbitt et al. (2023) JAE 18
Neukirchen et al. (2023) JBF 20
Nguyen and Phan (2020) JCF 273
O’Donovan et al. (2019) RFS 239
Pagano et al. (2023) JFE 260
Ramelli et al. (2021b) RCFS 131
Ramelli et al. (2021a) JCF 91
Raykov and Silva-Buston (2020) JCF 9
Schoenherr (2019) JF 325
Shan and Tang (2023) RoF 139
Stahl (2023) RoF 2
van Bekkum (2016) JBF 7
Wagner et al. (2018) JFE 337
Wang and Chou (2018) JBF 120
Wilson (2020) JCF 5
Zeume (2017) RFS 217
Zhang (2015) JBF 18

CAPM Adj. Industry Simple/Robust
CAPM Adj. None Other C.S.
Industry Adj. None Simple/Robust
Simple Industry Simple/Robust
CAPM Adj. None Ind. Cluster
CAPM Adj. None Ind. Cluster
CAPM Adj. None Simple/Robust
CAPM Adj. None Other C.S.

FF Adj. None Simple/Robust
FF Adj. None Simple/Robust
Simple None Simple/Robust
CAPM Adj. None Simple/Robust
CAPM Adj. Ind. & Geog. Geo. Cluster
CAPM Adj. None Simple/Robust
CAPM Adj. None Time-Series
CAPM Adj. None Ind. Cluster
CAPM Adj. Industry Simple/Robust
CAPM Adj. Ind. & Geog. Simple/Robust
CAPM Adj. None Simple/Robust
Simple Industry Simple/Robust
FF Adj. Industry Ind. Cluster
Industry Adj. None Simple/Robust
Industry Adj. None Simple/Robust
Simple Industry Simple/Robust
FF Adj. None Simple/Robust
FF Adj. None Simple/Robust
CAPM Adj. Industry Ind. Cluster
CAPM Adj. None Simple/Robust

This table lists and summarizes 81 papers published in top finance and accounting journals (JAE, JAR, JBF, JCF, JF,
JFE, JFQA, MS, RCFS, RFS, RoF) from 2014-2023 using the cross-sectional event studies methodology around a quasi-
experimental event. Panel A shows the total Google Scholar citation count across all papers, and provides paper counts
and fractions of the total paper count for each category of return type, fixed effects, and standard errors. The five
categories of returns used are simple or raw returns (“Simple”); CAPM or market adjusted (“CAPM Adj.”); Fama French
or factor adjusted (“FF Adj.”); Industry adjusted (“Industry Adj.”); Log (“Log”). The four categories of fixed effects used
are None, Industry, Geography, and Industry & Geography; The five categories of standard error calculation are standard
OLS or White (1980) robust (“Simple/Robust”); clustered by industry (“Ind. Cluster”); clustered by Geography (“Geo.
Cluster”); time-series or portfolio-based (“Time-Series”); and bootstrapped or other cross-sectional approach (“Other
C.S.”). For each paper, Panel B reports the journal of publication, the number of Google Scholar citations as of January
2025, the return type, which fixed effects are used, and how standard errors are calculated.

Var(h, — ) = Var(b,_,), (B.15)

where all moments are across samples unless otherwise stated. We
therefore have:

L

N P T I o
E[¢~e]=E |b - - ; b, , —e| =Eb, —e] - Elb, ,]=0. (B.16)
As L — oo, time-series estimates of @ and variance converge to their
across-sample counterparts. Combined with Egs. (B.15) and (B.13), this

gives us Egs. (9) and (10). [

Appendix C. Number of principal components

We use two approaches to gain insight into the optimal number of
PCs to use. First, we analyze the relationship between the number of
PCs K and the variance of the minimum variance portfolio constructed
using an ex-ante estimate of the covariance matrix of returns £ based
on PCA, as specified in Eq. (15).%! Given an estimated covariance matrix
for returns on day f, £,, the minimum variance portfolio’s weights

Wyppy TE

Q11

- i Y =
= argmin Var,_(w'r) = I/Qt‘ll’

w st w'1=1

w, c1n

mop,t

2l Clarke et al. (2006) shows that using PCA to estimate the covariance
matrix and form a minimum-variance portfolio of US equities results in
substantial risk reduction with little or no reduction in average returns.
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where 1 is a vector of ones, and the denominator assures that the w
sum to one.

The relationship between K and the volatility of the minimum
variance portfolio is informative about the incremental information
content of each additional PC for forecasting the inverse of the next-day
covariance matrix — exactly the object we use for GLS. Fig. C.1 plots this
relationship. The variance of the minimum variance portfolio decreases
sharply with the addition of the first several PCs. The variance flattens
out around K = 30 and is largely invariant until K = 180.

Second, for different numbers of PCs, K, and different characteris-
tics, we estimate daily return regressions using both GLS and OLS and
then analyze the tightness of the GLS coefficient distribution relative
to the OLS coefficient distribution. Since the time-series approaches
involve comparing the event-day relationship to the pre-event rela-
tionship distribution, a tighter distribution implies greater ease in
detecting an event-related effect. To quantify the relative tightness, we
compute the ratio of the standard deviations of the daily GLS and OLS
coefficients. Note that the OLS coefficient standard deviation is constant
for a given characteristic in this calculation since we are only varying
the number of PCs used to estimate GLS. We compute the ratio because
it is informative about the increase in precision from using GLS instead
of OLS. For each characteristic we study, Fig. C.2 plots this ratio against
the number of PCs used.

As with the relationship between minimum variance and number
of PCs, the ratio of GLS to OLS coefficient standard deviations declines
sharply with the first twenty PCs and is essentially flat between 40 and
190 PCs. This conclusion adds to the evidence that the power gains
from TS-GLS are largely insensitive to the number of PCs beyond the
first twenty. In the spirit of choosing a round number, we use K = 100

mup,t
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Fig. C.1. Minimum variance portfolio and # of principal components.

This figure depicts the average annualized standard deviation of daily returns for a minimum-variance portfolio of US equities as a function of the number of
principal components (PCs), K, used to form an out-of-sample forecast for the covariance matrix of returns. Our covariance matrix forecasts are constructed using
the first K PCs from implementing principal component analysis on a balanced panel of daily returns over the prior 200 trading days, assuming that, other than
via these PCs, each stock’s return is uncorrelated. See Section 2.4 for more details. Our sample is the 7,811 trading days in 1991 through 2021.
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Fig. C.2. GLS/OLS coefficient volatility and # of principal components.

This figure plots the ratio of the time-series standard deviations of cross-sectional GLS and OLS coefficients from cross-sectional regressions of one-day returns on
each of eight characteristics against the number of PCs we use to estimate the covariance matrix for the GLS regressions. See Section 2.4 for more details. Our

sample is the 7,811 trading days in 1991 through 2021.

as our primary specification, though we also explore the sensitivity of
results to using different numbers of PCs.

Data availability

Past is Prologue: Inference from the Cross Section of Returns Around a
n Event replication kit (Original data) (Mendeley Data)
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