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Abstract

Event studies play a central role in class action securities fraud litigation.
Event studies are used to assess market efficiency, price impact, loss causation,
and damages, all of which are essential elements of a securities fraud claim.
However, a substantial increase in market-wide volatility, such as what happened
in 2020 with the Covid-19 pandemic, can render the standard event study
methodology unreliable. In these periods, the usual distributional assumptions
for t-tests of significance produce too many false positives. In this paper, we
examine the extent of the problem and propose a solution that employs the
empirical distribution of the t-statistic during the Covid period to adjust the
critical test statistic value. We demonstrate this methodology with an application
using the 19 constituents of the consumer durables index S5CODU in PreCovid
and Covid period samples, and with an evaluation of earnings announcement
effects on stock prices. We show the methodology restores correct test size,
eliminating excess spurious significance, while preserving substantial test power
to correctly identify significant events in the Covid period.

I. Introduction

Event studies play a central role in class action securities fraud litigation as

discussed by Alon Brav and J. B. Heaton (2015), Bradford Cornell and John Haut

(2019), and Kevin L. Gold, Eric Kirman, and Ahmer Nabi (2017). In these cases,

event studies are used to assess market efficiency, price impact, loss causation,

and damages, all of which are essential elements of a securities fraud claim.

In Rule 10b-51 securities fraud cases, experts use event studies to assess

whether the market in which the subject security trades is an informationally
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1The Securities and Exchange Act (1934) regulates transactions of securities in the secondary

markets. Section 10(b) of the 1934 Act is the primary anti-fraud statutory provision enforced by

the Securities and Exchange Commission (SEC) under Rule 10b-5. This rule prohibits the use of

any ‘‘device, scheme or artifice to defraud’’ and imposes liability for any misstatement or

omission of a material fact.
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efficient market, meaning market prices promptly reflect available information.

Plaintiffs typically need to prove market efficiency because market efficiency links

alleged misrepresentations to stock price inflation and subsequent declines. Proof

of market efficiency also satisfies the requirement of class-wide reliance necessary

for class certification. The Supreme Court in Basic, Inc. v. Levinson (1988) ruled

that because security prices in an efficient market reflect all available

information, including misrepresentations, and because all investors rely on

market prices, then if a market is proved efficient it follows that all investors have

relied on the alleged misrepresentations. This relationship between market

efficiency and reliance is known as the fraud-on-the-market principle.

A wide variety of factors can be cited as evidence of market efficiency. The

U.S. District Court in Cammer v. Bloom (1989) opined that empirical evidence

illustrating a ‘‘cause and effect relationship between company disclosures and

resulting movements in stock price’’ is ‘‘one of the most convincing ways to

demonstrate efficiency.’’ Consequently, experts run event studies to test

whether observed price data support informational efficiency.

Event studies are also used to assess price impact. In Halliburton II:
Hallliburton Co. v. Erica P. John Fund (2014), the Supreme Court ruled that

even when plaintiffs have established market efficiency, defendants can defeat

class certification by proving that the alleged misrepresentations and omissions

had no impact on the market price of the subject security. As a result, litigants

conduct event studies, among other analyses, to assess whether or not the

alleged misrepresentations and omissions impacted the security price. The

event study can focus on when the misrepresentations and omissions were made

or when they were later corrected by disclosures.

Event studies are also an important tool used by forensic economists to

assess loss causation in securities fraud cases. Loss causation means that the

alleged misrepresentations and omissions did not merely impact the price of the

subject security, but they actually caused investors to suffer losses. While

misrepresentations and omissions may artificially inflate a security price, such

that investors overpay for that security, the Supreme Court in Dura
Pharmaceuticals, Inc. v. Broudo (2005) established that in order to have suffered

a compensable loss caused by the alleged fraud, there must be a corrective

disclosure during an investor’s holding period that dissipated the inflation and

thereby caused a loss. Forensic experts therefore conduct event studies

examining corrective disclosures to determine whether revelatory information

was a substantial cause of a stock price decline. Michael J. Kaufman and John

M. Wunderlich (2010, p. 198) explain that event studies are used ‘‘to demonstrate

both that the economic loss occurred, and that this loss was proximately caused

by the defendant’s misrepresentation.’’

Finally, event studies are also conducted to quantify the damages caused by

securities fraud. If a corrective disclosure elicits a statistically significant stock

price decline, as determined by an event study, one can conclude that the

decline was caused by the disclosure rather than random volatility. The event

study measures the residual stock return, which is the stock return attributable

to company-specific information after controlling for market and sector effects.

Negative residual stock returns determined to have been caused by the
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correction of fraudulent misrepresentations and omissions are the basis for
quantifying damages. Consequently, event studies play a crucial role in the
computation of securities fraud damages.

To accomplish the objective of assessing whether a residual stock return
was driven by company information or alternatively could have been merely a
random fluctuation, an event study involves running a t-test. The t-test measures
how many standard deviations (a volatility measure) the residual return is away
from zero. A residual return that is too extreme to have been reasonably caused
by random volatility is deemed statistically significant. For example, if a
residual return is statistically significant at the 5% significance level, it means
that given the residual return distribution and the magnitude of the observed
residual return, there is only a 5% chance (or less) that random volatility could
have solely produced that residual return.

To produce reliable results and valid inferences, however, the t-test requires
that the volatility of the residual returns estimated by the linear regression in
the pre-event estimation period, equals the volatility of the residual returns in
the subsequent out-of-sample event period. A spike in volatility at the outset of
the period in which the important case events reside can render the standard
event study methodology unreliable.

A test that reliably detects price movements caused by information,
differentiating them from random volatility, is needed, especially in times of
systemic market dislocation. Steep market or economic declines often reveal
corporate fraud. Accounting improprieties, channel stuffing, and other misdeeds
may elude detection when the economy is growing robustly. Such fraud is often
exposed only when the economy contracts, as it can no longer be concealed
among growing revenue and profit. Warren Buffet famously remarked, ‘‘You
only learn who has been swimming naked when the tide goes out.’’2 However,
while an economic downturn may expose fraud, the very volatility it creates
may stymie the forensic analysis necessary for investors to pursue a fraud claim.
If event studies are rendered unreliable, plaintiffs may be far less able to prove
the connection between fraud and loss.

A substantial increase in market-wide volatility at the onset of the Covid-19
pandemic, accompanied by numerous related security case filings, recently bore
out the practical necessity for a methodology to address these issues. For our
analysis, we define the ‘‘Covid period’’ as beginning on January 30, 2020 and
extending to December 31, 2020. On January 30, 2020, the World Health
Organization (WHO) declared that the novel coronavirus outbreak (Covid-19)
was a Public Health Emergency of International Concern (PHEIC).3 On

2Letter to Shareholders, Berkshire Hathaway Annual Meeting, February 2008.
3https://www.who.int/news/item/29-06-2020-covidtimeline. The WHO International Health Regu-

lations (IHR) Emergency Committee met on January 22-23, 2020 and did not reach a conclusion

about PHEIC status for Covid-19. On January 27-28, 2020, the Director-General led a senior WHO

delegation that arrived in Beijing to meet Chinese leaders, study the response in China and offer

technical assistance. Upon his return, the Director-General presented an update to Member

States at the 30th Meeting of the Budget Committee (PBAC) of the Executive Board and

reconvened the IHR Emergency Committee to meet on January 30, 2020. After this second

meeting, the Emergency Committee advised the Director-General that Covid-19 now met the

criteria for a PHEIC.
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December 11, 2020, the United States Food and Drug Administration (FDA)

issued Emergency Use Authorization (EUA) for the Pfizer-BioNTech Covid

vaccine. On December 18, 2020, the FDA granted EUA for the Moderna vaccine.

By the end of 2020, most developed economies in the world had restarted growth

and financial markets stabilized.

Stock market volatility was substantially greater in the Covid period than

during the prior year, which we label the ‘‘PreCovid period’’ (January 30, 2019,

to January 29, 2020). During the PreCovid period, the volatility of the CRSP

market index daily logarithmic return was 0.75%.4 In the Covid period (January

30, 2020, to December 31, 2020), the daily market volatility was 2.29%, three

times larger than in the PreCovid period.

With the higher volatility in the Covid period, the usual distributional

assumptions for t-tests of significance are violated such that the test produces

too many false positives. Driven by the much higher volatility of returns, many

random stock price movements during the Covid period may seem spuriously

significant when compared to stock price movements in the prior period. Many

more than 5% of Covid period returns have significant t-statistics when the

return regression is estimated on PreCovid data, and the standard normal two-

tail 5% critical cutoff of 1.96 is used to delineate statistical significance.

Without a proper correction, forensic analysts and courts could mistake

spuriously significant random stock price movements for market reactions to

information disclosures.

In this paper, we propose using the empirical distribution of daily stock

return t-statistics during the Covid period to identify the critical values for the

statistical significance test. For any stock during the Covid period, one can

precisely find from the empirical distribution the 5% frequency t-statistic values

and use those values as the critical values to test for return significance. Event

returns with t-statistics in the top 2.5% or bottom 2.5% of the observed t-
statistics are sufficiently unusual that one can reasonably deem them to be

significant, unlikely to have been merely random fluctuations.5 Observed

frequencies from the sampling distribution approximate the underlying

probabilities, asymptotically more precisely for large samples, thus validating

inferences of statistical significance for residual return t-statistic observations

that land in the empirical distribution’s extreme tails.6

We demonstrate this methodology with an application using the 19 stock

constituents of the S&P 500 Consumers Durables & Apparels Industry Index

(S5CODU). While this methodology eliminates the unacceptably high frequency

of false positives plaguing the traditional event study methodology when

applied in a significantly increased volatility regime, it is not clear that the

4See Table 1.
5When testing a decline for loss causation purposes, it makes sense to use a one-tail test, to

determine whether the decline is unusual among declines. For testing market efficiency,

however, the selected events may be positive or negative announcements. Often earnings

announcements are examined for this purpose. Consequently, for testing market efficiency, a

two-tail test is generally most appropriate. We thank the referees for this clarification.
6See, for example, Jonah B. Gelbach, Eric Helland, and Jonathan Klick (2013) and A. M. Walker

(1968).
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resulting test will have adequate power to detect true information events. We

assess power by applying the methodology to evaluate earnings announcement

effects on stock prices in both PreCovid and Covid samples. We find that the

methodology restores correct test size, i.e., eliminates spurious significance,

while preserving substantial test power to identify the significant impact on

stock prices of earnings announcements in the Covid period.

II. Data and Methodology

A. Data

We studied the 19 stock constituents of the S5CODU consumer durables

index. This index comprises durable goods companies, which are companies that

sell products that tend to last more than three years and that consumers may

delay purchasing during weaker economies.7 We used the constituents of this

index as it is a manageable and reasonably representative collection of stocks

that are generally ‘‘considered a good indicator of the strength of the economy.’’

(Investopedia, 2019).

As event studies in securities litigation often use regression estimation

periods that are approximately one year in length, our PreCovid estimation period

runs from January 30, 2019, through January 29, 2020, which is one year and

comprises 252 trading days. This estimation period was selected to end the day

before our defined start of the Covid period on January 30, 2020. The Covid period

comprises 234 trading days, running from January 30, 2020, through December 31,

2020. For both periods, we analyzed the 19 stocks that were originally in the

S5CODU consumer durables index as of January 30, 2019. We maintained focus on

the original constituents in order to prevent survivorship bias.8

We used the Center for Research in Security Prices (CRSP) market index as

the measure of the overall stock market in our market model regressions. The

CRSP market index comprises all stocks traded on the NYSE, AMEX,

NASDAQ, and ARCA. To focus on company-specific information events, we

also controlled for sector effects by including the S5CODU consumer durables

index returns in the market model regression for each stock. To preclude

simultaneity, for each respective stock’s market model, we reconfigured the

sector index to exclude the respective subject stock.

B. Methodology

For each stock, we computed an ordinary least squares (OLS) regression of

logarithmic stock returns against an intercept, logarithmic returns of the CRSP

7The 19 constituent stocks are Capri Holdings, D.R. Horton, Garmin, Hasbro, Hanesbrands,

Leggett & Platt, Lennar, Mattel, Mohawk Industries, Nike, Newell Brands, PulteGroup, PVH

Corp., Ralph Lauren, Tapestry, Inc., Under Armour Class A, Under Armour Class C, VF Corp.,

and Whirlpool.
8Two stocks, MAT and CPRI, dropped out of the index on 6/7/19 and 5/12/20, respectively, but

remained in the study through the end of the study period as they were in the index at the start of

the study period.
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Index, and logarithmic returns of the sector index.9 The regressions were each
estimated over the PreCovid period, i.e., the 252 observations between January
30, 2019, and January 29, 2020. The regression model determines how much of
each day’s actual return is explained by the market and the sector. The

regression residuals, or residual returns, are the portion of the stock’s total
return that is unexplained by market and sector effects, and therefore reflect the
effects of firm-specific information.

For each stock, regression coefficients from the PreCovid period are used to
forecast the daily expected returns in the Covid period, out-of-sample. We then

subtracted the forecasted daily returns (also known as predicted or explained
returns) from the actual daily returns to construct the daily residual returns of
each stock during the Covid period.

This out-of-sample approach is widely used because soon after a regime
change there is not enough new regime data to reliably estimate a regression, and

a significant structural break may prohibit combining data from before and after
the change. Combining the data would introduce heteroskedasticity. An OLS
regression requires a constant or stable volatility of the error term, the
unexplained part of the regression. If residual volatility varied, OLS estimates

would still be unbiased, but the estimated standard error of regression would be
mismeasured, and statistical inferences using that statistic would be invalid.
Furthermore, the OLS estimator becomes inefficient when there is heteroskedas-
ticity, so it would no longer be the best linear unbiased estimator (BLUE).10

Moreover, ending the regression estimation period before the events to be

tested is a widely used methodology because it avoids the problem that the
events of interest themselves may cause volatility or the model parameters to
change. This issue is well known and discussed in the event study literature. For
example, John Y. Campbell, Andrew W. Lo, and A. Craig MacKinlay (1997, p.

152) state: ‘‘The most common choice, when feasible, is to use the period prior to
the event window for the estimation window. . . . Generally, the event period
itself is not included in the estimation period to prevent the event from

influencing the normal performance model parameter estimates.’’
To test for the significance of an out-of-sample residual return, we construct

its t-statistic, which is the residual return divided by the standard error of the
regression. Both the regression coefficients (used to compute the residual
return) and the standard error of the regression are estimated with PreCovid

9Logarithmic returns (‘‘log returns’’) are widely used in financial economics. OLS regression is

valid when log returns are or are not normally distributed. What matters is that the residuals

(errors) from the OLS regression be normally distributed. If so, the t-statistics used for inference

about the coefficients and other variables follow the usual t-distribution in small samples and the

normal distribution in large samples. If residuals are not normally distributed, OLS is still

unbiased, but for inference one would need to obtain bootstrapped standard errors, or as we do

later, rely on the empirical distribution of the t-statistics for inference rather than on the

ubiquitous 61.96 standard normal critical value for 5% significance in large samples. We credit

the referees for suggesting this discussion, as some applied researchers may incorrectly believe

that the dependent and independent variables must be normal for a regression to be valid or that

there is no fix for the t-statistic distribution if the regression residuals are found to be non-

normal.
10For a discussion of these problems see Peter Kennedy (2008, p. 113-114).
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observations. Under perfect conditions for the use of OLS, this statistic will
have a Student’s t-distribution, and this distribution asymptotically converges
to the standard normal distribution as sample size grows. The standard normal
critical value at the 5% significance level (for a two-tail test) is 1.96. That is, if a

residual return has a t-statistic larger than 1.96, or more negative than�1.96, the
residual return is deemed statistically significant at the 5% significance level.

However, during times of increased volatility the t-distributions may no
longer approach a standard normal distribution, or the same distribution as in

the estimation period. The shape, location, and dispersion of the distribution
may all change. With greater volatility, the 5% two-tail critical value of 1.96
will generate too many false positives. For the Covid period, far more than 5% of
the 234 out-of-sample t-statistics would appear to be statistically significant at

the 5% significance level. To be a valid test, that observed frequency should be
in the neighborhood of 5%.

To correct for the effects of the heightened volatility in the Covid regime,
we can examine the empirical distribution of the t-statistics and use the 5% two-

tail critical value from that empirical distribution rather than from the assumed
standard normal distribution. For any particular stock, we sort all observed 234
Covid period t-statistics in descending order. We then identify observation
number 6, which is the empirical high (positive) critical value, and observation

number 229, which is the empirical low (negative) critical value, as these values
define the boundaries of the 5% most extreme values, which define the empirical
two-tail 5% significance region (2.5% in each tail) when there are 234
observations.11 Only those observations with a t-statistic greater than or equal

to the empirical positive critical value or less than or equal to the empirical
negative critical value would truly stand out as unusual and unlikely, given the
empirical distribution. Consequently, those observations, but only those

observations, should be deemed statistically significant at the 5% significance
level. By construction, 5% of residual returns will be designated statistically
significant, and the empirical critical values will generally be larger (in
absolute value) than 1.96 in an elevated volatility regime.12

Walker (1968) provides the theoretical and analytical justification for using

the empirical distribution for statistical inferences. Gelbach, Helland, and
Klick, (2013, p. 498), citing Walker (1968), advocates adopting the approach in
event studies, stating, ‘‘sample quantiles are consistent estimators of population

11As 5% of a set of 234 sorted observations is 11.7 observations, we round up to the next integer 12

for the boundary of the 5% tail. For a two-tail test, there are thus six observations in each tail

(positive and negative). Observation number 229 is the sixth observation from the last.
12A valid question, posed by one of the referees, is why not estimate a different regression in the

second period when volatility has increased? This may be feasible if enough time has passed and

there are then enough observations in the second period to estimate a new regression. However,

we want to present the empirical distribution methodology as a tool to be used when the second

period consists of only a few months. As the same market dislocation that increases volatility

might reveal potential securities fraud, and lawsuits may follow in short order, forensic analysts

need a methodology that can be applied before a full year of data becomes available to assess

these claims. In the first submitted version of this paper, our Covid period was perforce short,

ending on July 15, 2020, as we wrote that draft in August 2020. The qualitative results in that

study were identical to what we obtained and present in this version.
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quantiles (see, e.g., Walker, 1968).’’ Gelbach, Helland, and Glick (2013) focus on

the empirical distribution of the residual returns rather than the constructed t-

statistics. As the t-statistic is a normalized variable, focusing on the t-statistics

rather than the residual returns allows one to observe the extent to which

increased volatility distorts the test for statistical significance. Additionally,

our contribution includes assessing the impact of Covid volatility on securities

fraud event studies and applying the methodology to draw correct inferences in

the Covid period.

III. Findings and Evaluation of the Methodology

A. Volatility PreCovid versus Covid Period

Table 1 shows the volatilities of each stock’s actual returns and residual

returns in both the PreCovid and Covid periods. Return volatility is measured

as the standard deviation of daily returns. Residual return volatility is the same

measure computed using residual returns rather than actual returns. Focusing

on actual returns, the CRSP market index has a Covid/PreCovid volatility ratio

of 3.06 and the S5CODU consumer durables index has a Covid/PreCovid ratio of

2.69. Thus, for the market as a whole and for the consumer durables sector,

volatility was observably higher during the Covid period than before. Market

volatility in the Covid period was three times what it was in the PreCovid

period.

Among the individual stocks, Lennar Corp (LEN), a home construction

company, has the largest Covid/PreCovid volatility ratio, at 2.93. That is, LEN’s

stock volatility almost tripled. Mattel (MAT) has the smallest ratio at just under

1.00, meaning that its volatility declined very slightly.13

For the two indices and all 18 of the 19 stocks whose volatilities increased,

the volatility increases were statistically significant according to an F-Test.

MAT’s slight decrease in volatility was not statistically significant. The non-

parametric Ansari-Bradley test, which compares dispersion across two samples,

finds that daily return dispersion was significantly greater in the Covid period

as compared to the PreCovid period for both the market and sector indices, and

for 18 of the 19 individual stocks.14 These findings indicate that market, sector,

and most individual stocks did become more volatile in the Covid period,

substantially and significantly.

The volatility increases were generally not confined to market and sector

effects, but rather permeated the company-specific residual price dynamics. As

13The volatility ratio for MAT is 0.997, which rounded to two decimal places is 1.00.
14The dispersion metric examined by the Ansari-Bradley test is not the same thing as the

standard deviation statistic. The Ansari-Bradley test orders the two sets of observations (Covid

and PreCovid) in a joint array and assigns ranks from each end towards the middle. It then

compares the ranks of the two sets. To focus the test on dispersion rather than location of the

distributions, and because median equality is not guaranteed due to our testing of out-of-sample

returns versus in-sample returns, we adjust for potential median differences as suggested in the

original Abdur R. Ansari and R. A. Bradley (1960) article. In practice, in this application, it does

not make a difference for inference whether or not we adjust for median differences.
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presented in Table 1, the residual return volatilities for most stocks (17 of 19)

increased. For two stocks, residual return volatility decreased. LEN’s residual

return volatility ratio was the largest at 2.44, indicating a more than two-fold

increase. MAT’s ratio was the smallest at 0.91, indicating a decrease in residual

return volatility in the Covid period as compared to PreCovid. According to the

F-test, 16 of the 19 stocks had significantly greater residual return volatilities in

the Covid period.

The Ansari-Bradley dispersion metric differs from the standard deviation

volatility measure. According to the Ansari-Bradley test, all 19 stocks had

significantly greater residual return dispersion in the Covid period as compared

to PreCovid.15

B. False Positives in the Covid Period Using Normal Distribution Critical Value

of 1.96

Table 2 displays for each stock the percent of daily residual returns during

the PreCovid period that appear to be statistically significant when using the 5%

significance level standard normal critical value of 61.96. These percentages are

based on 252 observations. Table 2 also presents the percent of daily residual

returns during the Covid period that appear to be statistically significant at the

same standard normal cutoff of 61.96. Those percentages are based on 234

observations. Whereas in the PreCovid period, the frequency of significant stock

returns ranged between 1.19% and 5.95% across the 19 stocks, during the Covid

period (out of sample) the same stocks exhibited apparently significant returns at

frequencies ranging between 3.42% and 29.06%, when tested with the standard

normal 5% significance level critical value of 61.96. The greater volatility in the

Covid period skews the significance frequencies upward.

Combining the data from all 19 stocks, 16.85% of all daily residual returns in

the Covid period appear to be statistically significant when using the standard

normal 5% critical value. The combined data for the PreCovid period shows that

only 3.01% of all daily returns were significant at the 5% significance level. For

the stocks during the Covid period, the t-test rejection rate of the zero-return null

at a 5% significance level, out-of-sample, is obviously incorrect. An alternative

testing methodology or adjustment to the usual test is necessary.

C. No Heteroskedasticity of In Sample Regression

Table 3 shows that the in-sample regressions do not exhibit heteroskedas-

ticity per a Breusch-Pagan test that uses fitted values as explanatory variables

for the squared residuals. That is, while volatilities generally increased with the

onset of the Covid period, all of the stocks had stable residual return volatilities

previously. This finding suggests that the excessive false positive rate for

statistically significant returns in the Covid period is a result of the increase in

15Interestingly, while the standard deviation of the residual returns of GRMN and MAT fell from

the PreCovid to Covid period, the dispersion of these stocks’ residual returns increased, as

measured by the Ansari-Bradley test.
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volatility in the Covid period rather than structural non-stationarity of

volatility predating the Covid period.

D. Critical Values Constructed from Empirical Distribution Restores Correct

Test Size

Table 4 lists each stock’s critical values found using the respective stock’s

empirical distribution. We conduct this analysis both in-sample (PreCovid

period) and out-of-sample (Covid period). In-sample, we find that the critical

values are generally in the neighborhood of the theoretical 61.96 commonly

applied, but on average and more often than not, the empirical critical values

were smaller in absolute terms than the theoretical 1.96 cutoff. Across the 19

stocks, the average in-sample upper-tail critical value from the empirical

distributions is 1.75, while the lower-tail critical values averaged -1.68. 12 stocks

show empirical upper-tail critical values below 1.96, and 14 stocks had lower-tail

critical values less than 1.96 in absolute value (that is, less negative than -1.96).

This means that in-sample, in the PreCovid period, the theoretical critical

Table 2

Percent of Daily Residual Returns that are Significant

Using Standard Normal 5% Critical Values

Stock Company In-Sample PreCovid Period Out-of-Sample Covid Period

CPRI Capri Holdings 3.17% 29.06%

DHI D.R. Horton 5.56% 23.50%

GRMN Garmin 1.59% 5.13%

HAS Hasbro 1.98% 10.26%

HBI Hanesbrands 4.37% 13.68%

LEG Leggett & Platt 2.78% 23.50%

LEN Lennar 5.95% 27.78%

MAT Mattel 1.98% 3.42%

MHK Mohawk Industries 1.59% 18.38%

NKE Nike 3.57% 21.37%

NWL Newell Brands 1.59% 5.56%

PHM PulteGroup 3.97% 25.64%

PVH PVH Corp 3.57% 23.93%

RL Ralph Lauren 1.98% 20.51%

TPR Tapestry Inc 1.19% 14.10%

UA Under Armour 2.78% 8.97%

UAA Under Armour 2.38% 9.83%

VFC VF Corp 1.59% 22.22%

WHR Whirlpool 5.56% 13.25%

Max 5.95% 29.06%

Min 1.19% 3.42%

Median 2.78% 18.38%

Average 3.01% 16.85%

Notes: The natural log of Stock Returns is regressed on Intercept, natural log of Market Return

(CRSP Market), and natural log of Sector Return (S5CODU).

Sector index adjusted to exclude subject stock in respective regression.

Estimation period (in-sample) is PreCovid period, 1/30/19 to 1/29/20 (252 observations).

Out-of-sample period is Covid period, 1/30/20 to 12/31/20 (234 observations).

Feinstein & Villanueva 15

D
ow

nloaded from
 http://m

eridian.allenpress.com
/jfe/article-pdf/31/1/5/3358027/i2374-8753-31-1-5.pdf by N

ational Association of Forensic Econom
ics, Jam

es Janos on 29 August 2024



values were generally greater (in absolute terms) than the empirical

distribution critical values. Fewer than 5% of the residual returns resided in

the theoretical 5% tails. This phenomenon is likely due to deviations from

normality in the residual return distributions, which is another reason why

basing significance tests on the empirical distribution rather than the

theoretical distribution may be advisable.

Out-of-sample, in the Covid period data, only MAT has both empirical

critical values below 1.96 in absolute value. Every other stock has at least one

empirical critical value larger than 1.96 in absolute value. LEN stock has the

largest empirical critical values (�5.47, 5.43), which indicates that a residual

return with a t-statistic of 5.0 or -5.0 should not be deemed statistically

significant at the 5% significance level. Adjusting the test statistic critical

values so that no more than 5% of Covid period returns appear to be

statistically significant requires adjustments of the typical standard normal

cutoff of 61.96 by as little as 1.25%, from 1.96 to 1.985 for NWL, to as much as

178.86%, from �1.96 to �5.47, for LEN. The adjustment of the critical values

depends on the particular empirical distribution of the respective stock.

E. Empirical Distribution Method Preserves Test Power to Identify Significance

of High Information Events

The methodology of adjusting the critical test statistic value according to

the empirical distribution fixes the problem of excessive false positives, but is

Table 3

Breusch-Pagan Tests for Heteroskedasticity in PreCovid Period Regressions

Stock BP-Test Statistic p-Value

CPRI 0.0486 0.8255

DHI 0.7016 0.4022

GRMN 0.0266 0.8704

HAS 0.0167 0.8971

HBI 1.3801 0.2401

LEG 0.0666 0.7964

LEN 0.9173 0.3382

MAT 0.2856 0.5931

MHK 0.2028 0.6525

NKE 1.7842 0.1816

NWL 0.1258 0.7228

PHM 0.5832 0.4451

PVH 0.0539 0.8164

RL 0.3208 0.5712

TPR 2.5951 0.1072

UA 0.0000 0.9979

UAA 0.0027 0.9587

VFC 0.0323 0.8575

WHR 1.9095 0.1670

Notes: A p-value , 0.05 indicates the presence of heteroskedasticity.

No heteroskedasticity present in any regression.
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this methodology capable of detecting as significant those observations when
information flow is impactful in a high volatility regime? To answer this
question, we study the earnings announcements of the 19 stocks during the
PreCovid and Covid periods and assess whether the modified methodology finds
earnings announcements to be significant in the Covid period just as the
standard methodology finds them to be significant in the PreCovid period.

Earnings announcements are a reasonable choice of high information events
that can be selected objectively in order to test whether information flow impacts
stock price. Ray Ball and Philip Brown (1968), William H. Beaver (1968), James M.
Patell andMark A. Wolfson (1984), Ray Ball and Steven P. Kothari (1991), William
H. Beaver (1997), andWayne R, Landsman andEdwardL.Maydew (2002) show that
the flow of company-specific information is generally elevated on earnings
announcement dates. Choosing earnings announcements as the news events is
not the only possible screening criterion to construct a group of high information
days, but they appear in both the PreCovid and Covid samples, are known to be
high information flow days generally, and we have no priors about the importance
and theoretical valuation impact of other information events during these periods
for the stocks under study.

An increase in uncertainty may be one of the reasons, if not the primary
reason that stock volatility increased during the Covid period. Forward guidance

Table 4

Empirical Distribution 5% Significance Level t-Statistic Critical Values

Stock

PreCovid Period

1/30/2019 to 1/29/2020

Covid Period

1/30/2020 to 12/31/2020

CV 2.5% CV 97.5% CV 2.5% CV 97.5%

CPRI �1.649 2.013 �4.737 4.433

DHI �2.175 2.148 �5.073 4.418

GRMN �1.204 1.210 �1.840 2.162

HAS �1.357 1.317 �2.921 2.531

HBI �2.083 1.295 �2.724 3.240

LEG �1.511 2.120 �4.234 3.695

LEN �1.981 2.318 �5.466 5.433

MAT �1.645 1.785 �1.922 1.876

MHK �1.608 1.540 �3.248 4.543

NKE �1.993 1.713 �3.472 5.058

NWL �1.324 1.375 �2.074 1.985

PHM �1.872 2.095 �5.272 4.211

PVH �1.488 2.041 �3.117 4.131

RL �1.632 1.695 �3.599 3.984

TPR �1.476 1.564 �2.685 2.923

UA �1.518 1.741 �3.066 2.270

UAA �1.699 1.848 �3.046 2.222

VFC �1.529 1.417 �3.287 3.347

WHR �2.247 2.051 �4.271 3.440

Notes: Regressions estimated in-sample on PreCovid data.

The t-statistics equal residual returns divided by the standard error of the respective regression.

The natural log of Stock Returns is regressed on Intercept, natural log of Market Return (CRSP

Market), and natural log of Sector Return (S5CODU).
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withdrawal became common during the first few months of the Covid period.

Aurelius Aaron, Jian Kang, Jeffrey Ng, and Tjomme Rusticus (2021) found that

out of 1,555 publicly traded US firms, 715 (or 46%) withdrew their guidance

between March 2020 and May 2020. That this rate of guidance withdrawal was

dramatically greater than during normal times is evident when comparing the

Covid period frequency with the 1.5% guidance withdrawal rate previously found

by Joshua A. Lee and Andrew Van Buskirk (2017), and with the about 5%

withdrawal rate found by Nathan T. Marshall and A. Nicole Skinner (2021)

among firms, pre-Covid, when there was a material deviation between initial

management forecast and the ultimate earnings realization. Even though the

SEC issued a safe harbor provision on March 4, 2020, for firms providing forward-

looking information due to Covid uncertainty, many firms still withdrew forward

guidance rather than risk substantially missing it or needing to correct it later

(Aaron et al., 2021, p. 4). Withdrawal of forward guidance reflects management

uncertainty, but also spawns widespread uncertainty among investors. Earnings

announcements, however, reasonably remained informative. One reason is that

the suspension of guidance is itself informative. Moreover, with or without

guidance, earnings announcements are an opportunity for a company to

communicate with investors about a wide variety of company issues and

developments, aside from the past and future earnings metric.

There are four earnings announcements per stock in our PreCovid period,

for a total of 76 among the 19 stocks. In the Covid period, 14 of the stocks had

four earnings announcements and five stocks had three announcements, for a

total of 71 earnings announcements. For each announcement, we identify the

effective announcement event dates, considering the time of the day when the

earnings announcement takes place. If the announcement is on a holiday, a

weekend, or after 4 p.m. on a trading day, the effective event date will be the

next market day. If the announcement is before or during market hours on a

trading day, then the effective event date is the day of the announcement.

We conduct Fisher’s Exact Test to assess whether or not earnings

announcement days are more frequently significant than all other more

ordinary days. If for a given significance testing methodology the earnings

announcement days have a greater incidence of statistical significance, that

result would confirm that earnings announcement event days do convey more

information than ordinary days (consistent with findings in the finance

literature), and more importantly for our purposes, that the significance test

applied is capable of distinguishing between high information flow days and all

other more ordinary days.

The null hypothesis in Fisher’s Exact Test is that the frequency of

significant returns on earnings announcement event days is the same or less

than the frequency of significant returns on all other days. The alternative

hypothesis is that the frequency is higher on earnings event days. To conduct

Fisher’s Exact Test, we count the number of significant earnings days (A),

non-significant earnings days (B), significant other days (C), and non-

significant other days (D). The data organized this way produces a 2x2

contingency table where the two characteristics are: (1) event/non-event and

(2) significant/non-significant, and the null hypothesis states that these
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characteristics are independent. Fisher’s Exact Test calculates the exact

probability that we obtain the observed, or more extreme, contingency table.

The test is valid even in small samples. Furthermore, the test requires no

particular distributional assumption among the variables belonging to groups

A, B, C, and D.16

Table 5a shows the t-statistic for each earnings announcement in the

PreCovid period, and also shows whether each earnings announcement was

statistically significant based on the theoretical t-distribution and alternatively

on the empirical t-distribution. As exhibited in Table 5b, 55 of the 76 events, or

72.37%, are statistically significant when using the standard normal critical

value of 1.96 (two-tail 5% significance level). Among non-earnings days (all

other days) in the PreCovid period, the proportion of significant days is 1.89%.

The frequency of statistically significant returns on earnings announcement

event dates is greater than the frequency of statistically significant returns on

all other days. The difference in frequencies is itself statistically significant as

established by Fisher’s Exact Test. Fisher’s Exact Test p-value is 3.5 3 10�71,

which is virtually zero. The higher frequency of significant returns on earnings

announcement event dates as compared to the frequency of significant returns

on all other days cannot reasonably have happened by chance alone. Rather, the

earnings announcements elicited more extreme residual returns, and the

standard event study methodology has power to detect these impacts as

significant under ordinary circumstances.

We obtain the same qualitative result in the PreCovid period if we use the

critical values drawn from the empirical t-distribution rather than the

theoretical t-distribution. As shown in Table 5b, using the empirical distribution

critical values, 75.0% of the earnings announcement events are significant

while only 3.63% of all other days are. Testing the spread between these

frequencies for statistical significance, Fisher’s Exact Test p-value is 5.4 x10�62,

which is virtually zero. The test thus rejects the null hypothesis that the

earnings event significance incidence frequency is the same or lower than for

ordinary days.

We now test whether or not the empirical distribution methodology, with

its higher thresholds for statistical significance, will also identify earnings

announcements to be special high information flow days in the Covid period.

Table 6a shows the t-statistic for each earnings announcement in the Covid

period, and whether or not the observation is statistically significant according

to each significance test methodology. 16.85% of all daily returns (earnings and

non-earnings dates for all stocks) are significant when using the standard

normal 5% critical value. As shown in Table 6b, 16.11% of non-earnings day

16The robustness of Fisher’s Exact Test to sample size and distributional assumptions is

important because, as one of the referees noted, some proportion and means tests are

inapplicable if the compared groups have unequal number of observations or unequal variances.

A Z-test of two proportions, for example, is accurate in large samples but not in small samples,

and also requires equality of variances. Fisher’s Exact Test, on the other hand, is robust to

distributional differences, does not rely on Normality, and is reliable in small samples. The test

calculates the exact probability value for the observed 2x2 contingency table under very general

conditions. We thank the referee for the comments in this regard.
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Table 5b

Fisher’s Exact Test for Difference in Significance Incidence Rates

In-Sample PreCovid Period: 1/30/2019 to 1/29/2020

Significance Determined

with Theoretical

t-Distribution Critical

Values (6 1.96)

Significance Determined

with Empirical

Distribution

Critical Values

Total Earnings Events (AþB) 76 76

Significant Earnings Events (A) 55 57

Proportion Significant Earnings Events 72.37% 75.00%

Total Other Days (CþD) 4712 4712

Significant Other Days (C) 89 171

Proportion Significant Other Days 1.89% 3.63%

Fisher’s Exact Test p-value 3.5E-71 5.4E-62

Notes: Fisher’s Exact Test null hypothesis: Proportion significant events is equal or less than

proportion significant other days.

A p-value , 0.05 rejects the null.

Table 5a

Earnings Announcement Event Residual Return

t-Statistics and Significance Test Results

In-Sample Earnings Announcement Events: 1/30/2019 to 1/29/2020

Stock Event 1 Event 2 Event 3 Event 4

CPRI 5.70*† �3.60*† 1.22 �0.40
DHI �3.01*† 3.88*† 2.15*† 1.68

GRMN 10.94*† �4.39*† 2.37*† 6.18*†

HAS �0.60 6.62*† 4.73*† �9.75*†
HBI 9.33*† �2.51*† �1.64 �2.08*†
LEG 6.21*† �4.04*† 2.62*† 8.41*†

LEN 2.38*† �3.78*† 3.00*† 0.55

MAT 6.67*† �0.66 4.17*† 3.61*†

MHK 2.89*† �1.76† �10.01*† 0.40

NKE �5.03*† �0.45 3.68*† �2.51*†
NWL �9.38*† 4.85*† 5.91*† 3.10*†

PHM 2.09*† �6.31*† 2.23*† 3.35*†

PVH 6.51*† �8.12*† 1.82 �0.62
RL 4.28*† �3.15*† �2.04*† 8.11*†

TPR �6.43*† 3.46*† �9.45*† 0.70

UA 0.89 1.61 �6.44*† �8.96*†
UAA 1.86† 1.54 �5.54*† �9.04*†
VFC �1.24 0.54 �6.72*† �8.84*†
WHR �0.56 �3.50*† 1.33 3.02*†

Notes: * Denotes a significant observation at the 5% significance level using a critical value of

61.96.
† Denotes a significant observation at the 5% significance level using the empirical distribution.
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Table 6a

Earnings Announcement Event Residual Return

t-Statistics and Significance Test Results

Out–of-Sample Earnings Announcement Events: 1/30/2020 to 12/31/2020

Stock Event 5 Event 6 Event 7 Event 8

CPRI 3.43* �0.14 3.66* 3.07*

DHI 6.62*† �1.85 5.68*†

GRMN 4.28*† �1.98*† �1.29 1.15

HAS �0.51 �5.22*† �4.78*† �3.91*†
HBI �0.23 �0.62 �0.94 �10.56*†
LEG �0.44 �9.31*† �3.27* �5.18*†
LEN 0.49 �0.36 �2.73* 4.50*

MAT �1.12 �0.30 �0.70 2.50*†

MHK 1.93 �2.04* �0.65 6.02*†

NKE 5.06*† �6.11*† 12.96*†

NWL 1.11 �3.87*† �3.08*† 2.57*†

PHM �0.53 2.89* �4.11*
PVH �1.62 �4.44*† 4.28*† 1.81

RL 4.43*† �2.85* �2.32* �3.60*†
TPR 1.17 �3.87*† �0.61 2.38*

UA �8.13*† �4.32*† �3.07*† 1.54

UAA �9.08*† �3.83*† �3.62*† 0.98

VFC �6.10*† �0.16 �1.58
WHR 2.79* 5.97*† �1.34

Notes: * Denotes a significant observation at the 5% significance level using a critical value of

61.96.
† Denotes a significant observation at the 5% significance level using the empirical distribution.

Table 6b

Fisher’s Exact Test for Difference in Significance Incidence Rates

Out-of-Sample Covid Period: 1/30/2020 to 12/31/2020

Significance Determined

with Theoretical

t-Distribution Critical

Values (6 1.96)

Significance Determined

with Empirical

Distribution

Critical Values

Total Earnings Events (AþB) 71 71

Significant Earnings Events (A) 44 31

Proportion Significant Earnings Events 61.97% 43.66%

Total Other Days (CþD) 4375 4375

Significant Other Days (C) 705 197

Proportion Significant Other Days 16.11% 4.50%

Fisher’s Exact Test p-value 9.3E-18 2.9E-22

Notes: Fisher’s Exact Test null hypothesis: Proportion significant events is equal or less than

proportion significant other days.

A p-value , 0.05 rejects the null.
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returns are significant, which is too high at what should be the 5% significance

level, as noted above. 61.97% of earnings announcements appear to be

significant using the theoretical t-distribution, but this frequency is known to

be unreliable because of the excessive false positive rate observed in the total

sample and the ordinary day subsample.

When we use the empirical distributions to adjust the respective critical

values for each stock, the rates of statistical significance are more reliable. As

expected, essentially by design, approximately 5% of all returns (earnings and

non-earnings days) appear to be statistically significant when using the

empirical t-distribution.17 Using this modified methodology, the frequency of

statistical significance among non-earnings announcement dates in the Covid

period is 4.50%. Among the earnings announcement dates, 43.66% (31 of 71) are

significant. The difference between 43.66% and 4.50% is itself significant

(Fisher’s Exact Test p-value¼ 2.9 3 10�22), compelling the conclusion that the

stock returns are impacted by the higher information flow on earnings

announcement dates, and the empirical t-test is sufficiently powerful to detect

those impacts as significant. That is, even with the reduced test size,

engineered to eliminate the excess false positives, the empirical distribution

t-test has sufficient power to detect that earnings announcements are

impactful.

While the modified methodology’s 43.66% significance rate among earnings

announcements in the Covid period is less than the standard methodology’s

72.37% significance rate among earnings announcements in the PreCovid

period, indicating a potential reduction in test power, this 43.66% frequency is

still large and is substantially greater than the 4.50% significance frequency

among non-earnings dates in the Covid period. This result indicates that the

modified t-test retains power to identify important news events as significant.

We conclude that using the empirical distribution of each stock to determine

the 5% critical value for the t-test preserves enough power to detect significant

returns on days of high information flow, and distinguish between events and

nonevents, while eliminating the problem of false positives.

F. Modified Methodology May Enhance the Power of the Collective Test of

Market Efficiency

When information event returns are shown to be more frequently

significant than nonevent returns, courts accept this empirical result as

evidence of informational market efficiency. More frequent statistically

significant stock returns following information events as opposed to on

nonevent days proves that the stock reacts to information. Fisher’s Exact Test

described above constitutes a collective event study that can be run to test this

proposition. This collective event study test of market efficiency was first

proposed for use in securities litigation by Paul A. Ferrillo, Frederick C.

17More precisely, 5.13% of total observations are significant out of sample in the Covid period.

The slight deviation from exactly 5% is due to indivisible integers. 12 observations out of 234

total observations defines the 5% critical value (6 or 2.5% in each tail), and 12/234 ¼ 5.13%.
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Dunbar, and David Tabak (2004). Cases in which collective event study tests

have been accepted by courts as empirical evidence demonstrating market

efficiency include McIntire v. China MediaExpress Holdings, Inc., In re

Petrobras Sec. Litig., and Lehocky v. Tidel Techs., Inc.

We established above that the modified test for residual return significance

retains sufficient power to prove that earnings announcements are impactful

even though the critical value thresholds for significance are raised. A

surprising result is that in a period of exacerbated volatility, the modified test

may have greater power than the standard methodology to prove that

information has impact.

This phenomenon is observed when we conduct collective event study tests

on the Covid regime stock return data, using alternatively the standard

methodology and the modified methodology. We find that while the modified

methodology identifies fewer events and nonevents as significant than does the

standard methodology, the reduction in the nonevent significance frequency is

more dramatic, resulting in enhanced power to differentiate event returns from

nonevent returns.

Table 6b shows the application of Fisher’s Exact Test in the Covid period,

conducted using both return significance methodologies. The table shows the

required entries (A, B, C, and D) as well as the p-values of the tests. Despite the

heightened volatility, we still conduct the test using the standard normal

distribution (5% CV ¼ 1.96) in the left column, to identify statistically

significant returns to demonstrate the ramifications of making no modification.

In this period, the frequency rate of significant returns among ordinary days was

16.11%. Among earnings announcements, 61.97% appeared to be significant.

This difference in proportions, 61.97% versus 16.11%, has Fisher’s Exact Test p-

value of 9.3 3 10�18.

In the right column of Table 6b we use the modified methodology,

adjusting t-test critical values according to each stock’s empirical distribution

in the Covid period. The proportion of significant returns on earnings event

dates is 43.66%, while the proportion of significant returns on ordinary, non-

earnings dates, is 4.50%. The p-value of Fisher’s Exact Test is nearly zero

(2.9 3 10�22). While both p-values are virtually zero, it is noteworthy that the

modified methodology using the empirical t-distribution for identifying

significant returns produces a stronger p-value in Fisher’s Exact Test than

does the standard methodology, while eliminating the problem of false

positives.

The modified methodology raises the bar for statistical significance by

replacing the standard critical value with a critical value drawn from the

empirical distribution. The modification may somewhat reduce the power of the

t-test to detect significant returns among earnings announcement days, which is

an adverse side effect of achieving correct size overall. However, the

elimination of the false positives among ‘‘other days’’ apparently produces

more power for the collective event study test to distinguish between event and

nonevent returns, and thereby indicate informational efficiency in a high

volatility regime.
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IV. Conclusion

The Covid pandemic most certainly increased stock market volatility. This

study shows how that volatility increase is evident not only in the overall

market’s daily price movements, but also in the important consumer durables

sector returns and the residual returns of individual stocks. The standard

normal distribution for t-tests when estimated PreCovid but applied during the

Covid period generates too many false positives for statistical significance—as

high as a 29.06% significance incidence rate among the stocks we examined—

instead of the nominal 5% expected when using the 5% significance level

critical value of 1.96. Using the empirical distribution of the t-statistics during

the Covid period eliminates the problem of excessive false positives while

maintaining a high degree of power in the t-tests to detect significant residual

returns among events known to convey important information, specifically,

earnings announcements.

The combination of somewhat lower rates of significant returns on event

days and dramatically lower rates of significant returns on non-event days,

brought about by employing the empirical distribution of t-statistics, works to

increase the power of Fisher’s Exact Test to detect the effect of information flow

on stock prices. The empirical distribution methodology corrects the size

problem (too many false positives) while maintaining enough power to identify

events with high information flow (earnings announcements) as significant with

t-tests, thereby improving the ability of a collective test such as Fisher’s Exact

Test to demonstrate stock price reactivity to information. We conclude that the

empirical distribution methodology is an appropriate and effective tool to

correct problems of inference in event studies conducted in periods of

heightened volatility, such as the recent Covid period.
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