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Abstract

Originally developed as a statistical tool for empirical research in accounting and
finance, event studies have since migrated to other disciplines as well, including
economics, history, law, management, marketing, and political science. Despite
the elegant simplicity of a standard event study, variations in methodology and
their relative merits continue to attract attention in the literature. This paper
reviews some of the fundamental topics in short-term event study methodology,
with an attempt to add new perspectives to some pressing topics.
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1. Introduction

Originally introduced to a broad audience of accounting and financial econo-
mists in two landmark papers by Ball and Brown (1968) and Fama et al. (1969),
event studies have since become ubiquitous in capital markets research. There
have been many advances in event study methodology over the years, but the
core elements of a typical event study can be found in these early papers. How-
ever, Ball-Brown and Fama—Fisher—Jensen—Roll were not the first event studies.
MacKinlay (1997) reports an early event study by Dolley (1933) examining stock
price reaction to stock splits and refers to several other published papers indicat-
ing that by the 1960s, event studies had made their way into leading business
economics journals (Myers and Bakay, 1948; Barker, 1956, 1957, 1958; Ashley,
1962).

It is common in science for the pieces of an idea to float around for a time and
then coalesce in an inspired form at the right time. Factors contributing to the
success of the Ball-Brown and Fama—Fisher-Jensen—Roll event studies are their
use of the ‘market model’ patterned after the then recently developed capital
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asset pricing model (CAPM) of Sharpe (1964), their use of data from the newly
established Center for Research in Security Prices (CRSP) at the University of
Chicago, which quickly became a standard data source in capital markets
research, and the rapidly expanding access to computer systems equipped with
sophisticated statistical software. Also contributing in no small measure to the
success of financial event studies was the paradigm-shifting revolution in corpo-
rate finance initiated in the classic papers of Modigliani and Miller (1958) and
Miller and Modigliani (1961, 1963), which brought capital structure issues to
the forefront of financial research. Event studies became a key empirical tool in
studies devoted to these issues.

No one really knows how many event studies have been published. Kothari
and Warner (2005) report that over the period 1974-2000, five major finance
journals published 565 articles containing event study results. This is clearly a
very conservative number as it does not include the many event studies published
in accounting journals and other finance journals. Moreover, event studies are
now regularly seen outside the realm of mainstream accounting and finance jour-
nals. Schwert (1981) is an early example. A parsimonious, recent sampling of
papers in various areas where event studies are now applied might include Ghosh
et al. (1995), Meznar et al. (1998), Lamdin (2001), McKenzie and Thomsen
(2001), Bhagat and Romano (2002), Chatterjee et al. (2002), Nicolau (2002),
Rose (2003), Thomsen and McKenzie (2001), Drakos (2004), Nicolau and Sellers
(2002), Wulf (2004), Tuck (2005), Cichello and Lamdin (2006), Fornell et al.
(2006), Calvo-Gonzalez (2007), Johnston (2007), Darkow et al. (2008), Gong
(2009), Misra and Rao (2009), and Roztocki and Weistroffer (2009). There are,
of course, many others too numerous to mention here. What is clear is that event
studies continue to be popular and appear destined to be a part of capital mar-
kets research for some time.

This paper represents a modest attempt to review event study methodology
and its applications. The topic is so broad that failure to cover all aspects, or
even all important aspects, must be admitted at the outset. A complete bibliogra-
phy has yet to be compiled — it would be quite large. A number of previous
reviews of event study methodology assisted in writing the current review, includ-
ing Peterson (1989), Henderson (1990), Armitage (1995), Thompson (1995),
MacKinlay (1997), McWilliams and Siegel (1997), Binder (1998), McWilliams
and McWilliams (2000), Lamdin (2001), Serra (2002), Kothari and Warner
(2005), Cichello and Lamdin (2006), and Johnston (2007). Some of these are
now dated but were useful nonetheless in understanding the evolution of finan-
cial event study methodology. I have tried to avoid recycling topics competently
reviewed in previous surveys. Instead, I have restricted coverage to what I believe
are important topics in short-term event studies, with attempts to add some new
material and viewpoints to these topics.

The structure of this review proceeds along the following sequence: Section 2
outlines the econometric skeleton of an event study, which is followed in
Section 3 by a survey of results obtained from studies of event study

© 2010 The Author
Accounting and Finance © 2010 AFAANZ



C. J. Corrado|Accounting and Finance 51 (2011) 207-234 209

methodology. Section 4 discusses the important topic of event-induced variance
and attempts to offer some new insights into the scope of the problem. Event-
induced returns are discussed in Section 5. Section 6 summarises and concludes
the review.

2. The econometric skeleton of an event study

The skeletal econometric structure of an event study is well illustrated by the
case of a single security-event date combination. While such studies rarely find
their way into a research journal, they are common in certain legal proceedings.
For example, Mitchell and Netter (1994) discuss their application in securities’
law actions such as disgorgement proceedings related to insider-trading cases. A
typical penalty is disgorgement of any gain attributed to the insider-trading
activity, plus a fine of some multiple of that gain. As a hypothetical example,
suppose that shortly before a merger announcement, a corporate insider with
access to private information buys a large block of the company’s shares in antic-
ipation of a stock price appreciation on the date of the merger announcement. In
a disgorgement proceeding, it must be shown that the insider materially benefited
from access to the private information. This might be demonstrated by showing
that on the merger announcement date, the stock price enjoyed a significant
increase in value. Event study procedures are commonly accepted as evidence in
deciding whether insiders benefited from their use of private information and in
determining the magnitude of their gain.

An event study is a statistical technique that estimates the stock price impact of occur-
rences such as mergers, earnings announcements, and so forth. The basic notion is to
disentangle the effects of two types of information on stock prices —
information that is specific to the firm under question (e.g., dividend announcement)
and information that is likely to affect stock prices marketwide (e.g., change in interest
rates). (Mitchell and Netter, 1994)

To illustrate how event study evidence might be presented in an insider-trading
case, let ‘day-0’ identify the merger announcement date under scrutiny and let
days ¢t = ..., =3, =2, —1 represent trading days leading up to the event. A naive
event study might compare the event date return R, with returns observed during
a control period before the event. If the event date return R, was statistically
large compared to pre-event control period returns, we might conclude that the
event had a significant stock price impact. However, this naive comparison of
the event date return R, with pre-event date returns does not disentangle the
effects of firm-specific information from market-wide information affecting the
stock price.

A more sophisticated procedure uses the market model to adjust the event date
return to remove the influence of the overall market. Mathematically, the market
model used in event studies is specified in equation (1), where R, and RM, denote
the return on day 7 for the stock and the overall market, respectively, e,
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represents a firm-specific return, and the parameters a, b specify the linear struc-
ture of the market model.

tha—l—bXRM,—l—e,. (1)

By assumptions inherent in the structure of the market model, the firm-specific
return ¢, is unrelated to the overall market and has an expected value of zero.
Hence, the expected event date return conditional on the event date market
return is

E(R()|RMO) = a + b x RM,. (2)

Adjusting the observed event date return R, by subtracting the conditional
expected return yields an abnormal return specified in equation (3). Notice that
the abnormal return A is simply the day-zero firm-specific return ¢, identified by
the market model in equation (1).

AO = R()—E(R()|RM()) = Ro—a— bXRM(). (3)

For comparison and to determine statistical significance, a series of abnormal
returns are obtained from a control period before the event date. By convention,
this is normally a period ending a few days before the event date.

A, = R, — E(R/|RM,) = R,—a— bxX RM, 4
t=-n—-5-n—4,...,—7,—6. 4)

The control period indicated earlier in equation (4) contains n days begin-
ning n + 5 days and ending 6 days before the event date. Typically, a value
of n = 250 days is chosen to correspond approximately to the number of trad-
ing days in a calendar year. The market model parameters a, b are usually
obtained by an ordinary least-squares regression of firm returns R, on market
returns RM, over the control period. The event date abnormal return A, is
then assessed for statistical significance relative to the distribution of abnormal
returns A4, in the control period. A common assumption used to formulate
tests of statistical significance is that abnormal returns are normally distrib-
uted.

Under a null hypothesis of no abnormal performance, the event date abnormal
return 4, will have an expected value of zero and a variance given by least-
squares regression theory as stated in equation (5), where 6, denotes the stan-
dard error of the regression used to obtain the market model parameters a, b
(Greene, 2003).

© 2010 The Author
Accounting and Finance © 2010 AFAANZ



C. J. Corrado|Accounting and Finance 51 (2011) 207-234 211

—\ 2
1 RM, — RM
Var(do) = |1+ + _f ’ ) (5)
> (RM, —RM)
h=—(n+3)

Assuming returns are normally distributed, the test statistic in equation (6) is
distributed as Student-r with n—2 degrees of freedom (df). A Student-¢ variable
has a variance and kurtosis of df/(df —2) and (3df — 6)/(df — 4), respectively.
For large values of df = n—2, these are close to the standard normal distribution
variance and kurtosis of one and three, respectively.

Ao

—— ~ T, 6
Var(4y) ? (6)
Selecting a critical value C, such that Pr(7,_, > C,) = o, the null hypothesis of

no positive abnormal performance is rejected with a confidence level of 1—u if

the test statistic is greater than the critical value, that is,

V'dI'(A())

A test statistic larger than the upper-tail critical value C, provides statistical
evidence that the merger announcement had a significant positive impact on the
stock price on the event date. Similarly, a test statistic less than the lower-tail
critical value — C, would provide evidence that the announcement had a signifi-
cant negative impact.

However, a defence attorney armed with the knowledge of statistics might
question this result and argue that the validity of the test depends critically on
the assumption that stock returns are normally distributed. This argument might
have more force were it shown that the sample skewness and/or kurtosis of
returns were far from those expected from normally distributed data. Fortu-
nately, there is a simple, robust procedure to assess statistical significance that
does not depend on an assumption of normally distributed returns. This proce-
dure merely involves counting the number of returns from the control period
that are larger or smaller than the event date return A,. It would be especially
convincing were the abnormal return A, larger than all abnormal returns from
the control period, because this would only occur with a probability of 1/(n + 1)
under a true null hypothesis. For n = 250, this probability is less than 0.00398.
This can be established by a simple thought experiment. Suppose balls numbered
zero through n are randomly scattered along a line from left to right. There are
n + 1 equally likely positions for the ball marked zero, and the probability that
this ball occupies the rightmost position is 1/(n + 1). In general, the probability
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that the ball marked zero occupies one of the k rightmost positions is k/(n + 1).
Choosing a value for k such that k/(n+ 1) < « yields a test of significance at
level o. The validity of this simple test does not depend on the assumption that
stock returns follow a normal distribution.

Most event studies contain a sample with multiple security-event date combi-
nations, where it is desirable to aggregate results into a single hypothesis test.
For example, an insider-trading case might involve multiple security-event date
combinations, as in the classic case of R. Foster Winans, the Wall Street Journal
reporter charged and convicted of insider trading for tipping off a stock broker
about items that would appear in his influential Heard On The Street column
(Winans, 1984).

A simple method of aggregation across security-event date combinations is to
sum the individual T-statistics in equation (6) and divide this sum by the square
root of the sample size, as shown in equation (8) for a sample of size m. This
classic test statistic was proposed in Patell (1976) and Dodd and Warner (1983)
and is commonly referred to as the Patell 7-test. Assuming security returns are
normally distributed, this test statistic, here denoted by 7%, is distributed as a
convolution of Student-f variables.

1IN A4

TP = (=) —F——.
ﬁ_/zl Var(Ajvo)

(®)

The Patell T-test continues to be popular among capital market researchers, in
no small measure because of its intuitively appealing characteristic of placing
equal statistical weight on each security-event date combination.

If we wish to avoid any assumption of normality in the underlying returns
data, we can construct a simple test statistic along the lines of the thought experi-
ment described earlier. Let 4 denote the position of the ball marked zero among
n + 1 randomly scattered balls along a line from left to right. Because / can
vary with equal probability from one to n + 1, the statistic /2/(n + 2) follows a
discrete uniform distribution, which for large » is nearly continuous. Indexing
each security-event date combination with the subscript j, subtracting one-half,
then summing across a sample of size m and multiplying the sum by /12/m
yields the statistic Zy; shown in equation (9).

12 h; 1
Zy = — ER——— 9
v m;(ﬂ_/‘-ﬁ-z 2) ©)

In the current context, /; represents the position of the abnormal return A4,
among the sorted vector of n; + 1 abnormal returns for the jth security-event
date combination in the sample. Maynes and Rumsey (1993) point out that the
statistic Zy has approximately a unit variance and a kurtosis of 3—1.2/m, which
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converges quickly to the standard normal kurtosis of three as the sample size m
increases.

If the sample size m is small, precision might be gained by transforming the
statistics /;/(n; +2) using Tukey’s lambda distribution as shown in equa-
tion (10).

_ A9~ (0w 0.14Y | _ N
Zy, = ﬁ;@/ - (1—w) ), ”j*m~ (10)

The statistic Z; is close to exactly distributed as standard normal even for very
small values of m (Joiner and Rosenblatt, 1971).

3. ‘Brown and Warner’ methodology studies

With the emergence of event studies in capital markets research, there soon
followed a stream of studies examining event study methodology. Early method-
ology studies examined test statistic performance with monthly security returns
data, e.g., Brown and Warner, 1980; Larcker ef al., 1980; Shevlin, 1981. These
were quickly superseded by studies based on daily data as they became available
from the CRSP. The best known among these is the study by Brown and Warner
(1985), which has since come to eponymously define the genre. Brown and War-
ner—type studies are categorically distinguished by their use of computer simula-
tion experiments based on random drawings from a large population of actual
security returns data. Other early studies in this genre include Collins and Dent
(1984), Dyckman et al. (1984), Jain (1986), Bernard (1987), and Heinkel and
Kraus (1988). These early studies generally concluded that standard parametric
event study tests are well specified with good test power when used with returns
data from the New York stock exchange. These classic studies can still be profit-
ably read by the student of capital markets research.

A subsequent branch of Brown and Warner studies involved testing the per-
formance of robust tests that did not rely on an assumption of normally distrib-
uted returns for correct specification. The most successful among these tests were
the nonparametric sign and rank tests advanced in McConnell and Muscarella
(1985), Corrado (1989), Lummer and McConnell (1989), Zivney and Thompson
(1989), and Corrado and Zivney (1992). Well-known studies of this type are
Chandra et al. (1992, 1995), Cowan (1992, 1993), Campbell and Wasley (1993,
1996), Cowan and Sergeant (1996), Giaccotto and Sfiridis (1996), Affleck-Graves
et al. (2000), Dombrow et al. (2000), Seiler (2000), Bartholdy et al. (2007), and
Corrado and Truong (2008). These studies generally concluded that sign and
rank tests are well specified and provide an improvement in test power compared
to standard parametric tests.

Nonparametric tests are motivated by concerns that non-normally distributed
security returns data may cause parametric tests derived under an assumption of
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normality to be poorly specified and so yield imprecise inferences. As shown in
most of the studies cited earlier, this does not appear to be an urgent concern
with returns data from the New York stock exchange. However, several studies
find that non-normality is an issue of potentially serious concern with returns
data from other exchanges. Campbell and Wasley (1993) provided an early alert
to the severity of this problem with their finding that standard parametric event
study tests were poorly specified with Nasdaq returns data, but the nonparamet-
ric rank test advanced in Corrado (1989) maintained good specification with
these data. Similarly, Maynes and Rumsey (1993) found that a rank test outper-
formed parametric tests with data from the Toronto stock exchange. More
recently, Bartholdy et al. (2007) found that rank and sign tests outperform para-
metric tests with security returns data from the Copenhagen stock exchange. In a
comprehensive study of event study test statistic performance with data from ele-
ven Asia-Pacific stock exchanges, Corrado and Truong (2008) found that stan-
dard parametric event study tests can be poorly specified with these returns data,
but nonparametric rank and sign tests are both well specified.

Subsequent advances in parametric test methodology have also been evaluated
using Brown and Warner—type simulation experiments. Worthy of particular
mention is a variation of the Patell 7-test that adds a correction for a potential
cross-sectional increase in returns variance on the event date. This test was inde-
pendently developed in Boehmer ef al. (1991) and Sanders and Robins (1991)
but is usually referred to as the Boechmer—Musumeci—Poulsen 7-test. In the same
notation used earlier, the Boehmer—Musumeci—Poulsen 7-test statistic, here
denoted by Tgwmp, is constructed as shown in equation (11).

m AR]O
Jj=1,/Var /0
Tgmp = (11)
ar| > \/Var(4;0)
j=1
2
" AR m ARg 1 m ARy

Var

12:1: Var (A,"()) j— \/ VdI‘ ,() \ / VdI‘ i 0

In simulation experiments based on New York stock exchange data, Boehmer
et al. (1991) and Corrado and Truong (2008) report that this test statistic is well
specified with good power properties.

The Boehmer—Musumeci—Poulsen 7-test is a candidate example of the pieces
of an idea floating around for a time before coalescing in a form attracting wide-
spread interest. Similar cross-sectional variance adjustments can be found in sev-
eral early studies, for example, Charest (1978) and Penman (1982). The success
of the Tgnmp statistic might be attributed to its use of standardised abnormal
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returns adopted from the Patell 7-test and so involves only a simple adjustment
to the popular Patell T-test to implement. However, like the Patell 7-test, the
Boehmer—Musumeci—Poulsen 7-test may not perform well when the distribution
of security returns data departs markedly from a normal distribution. Corrado
and Truong (2008) found that the BMP T-test tends to reject a true null too
often when used with data from the American stock exchange, Nasdaq, and
stock exchanges in the Asia-Pacific region. Bartholdy et al. (2007) report a
similar finding with security returns data from the Copenhagen stock exchange.

Corrado and Zivney (1992) showed that the rank test introduced in Corrado
(1989) can benefit from the same adjustment underlying the Boehmer—-Musu-
meci—Poulsen modification of the Patell 7-test, while maintaining robustness
against non-normality in returns data. This adjustment is implemented as
follows: let SAR;, = AR;,/,/Var(AR;,) denote the standardised abnormal
return series for the jth security over the control period and the event date, i.c.,
t = -n-25, ..., —6, 0. The cross-sectional variance adjustment is applied only to
event date standardised abnormal returns, so each series is then specified as
shown in equation (12).

AR,/ Var(AR/lt) t=—-n—5,...,—6
AR]’,;/ Var(ARj_,)

\/ Var (AR,_;/ Var(A,T,)>

Let (SAR;y) denote the rank of the event date standardised abnormal return
SAR;, within the vector of n + 1 standardised abnormal returns for the jth
security. These ranks are then used to compute the Corrado—Zivney rank test
statistic Tz as shown in equation (13).

SAR;; = r=0. (12)

(SARj0) — ()

Tez \/_Z TR

In comparison with a battery of popular alternative parametric and nonpara-
metric tests, Corrado and Truong (2008) found that this refined rank test has the
best specification overall with United States and Asia-Pacific security market
returns data.

Brown and Warner—type studies have also found that the issue of non-nor-
mally distributed data can be severe in event studies based on data types other
than daily returns. Campbell and Wasley (1996) find that parametric tests can
perform quite poorly in event studies examining abnormal trading volume, but
the Corrado (1989) rank test is well specified with these data. Affleck-Graves
et al. (2000) compare several event study methods with bid-ask spread data.

(13)
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They find that these data are generally non-normally distributed, but not severely
so. Consequently, standard parametric tests performed well, and the Corrado
rank test provided only slightly more test power with bid-ask spread data. Muck-
low (1994) finds the rank test to be well specified with good test power in detect-
ing event effects using intraday returns data.

Several alternative methods for dealing with non-normally distributed returns
data in event studies have been proposed. Among these, perhaps the most inter-
esting are those based on the bootstrap, which have been examined in a number
of studies, including Kramer (2001), Hamill ez al. (2002), Chou (2004), Hein and
Westfall (2004), Jackson et al. (2006), Baixauli (2007), Ford and Kline (2007),
and Corrado and Truong (2008). So far, evidence on bootstrap performance has
been mixed and appears to vary with the type of problem to which it is applied.
Seemingly, for this reason, the bootstrap has not become popular in event stud-
ies, but further study may alter this result.

Besides providing a method to compare the performance of various event
study test statistics, Brown and Warner—type studies have also provided other
interesting revelations regarding event study methodology. For example, the
choice of market index employed with the market model can be an important
factor affecting test specification. Brown and Warner (1980) found that event
study tests based on a market model using a value weight index were poorly
specified. Campbell and Wasley (1993) found that the choice between an equal
weight or value weight market index was important in event studies using Nas-
daq data and strongly recommended using the Nasdaq equal weight market
index. Similarly, Corrado and Truong (2008) found that tests based on an equal
weight index provide noticeably improved performance over tests based on a
value weight index with both United States and Asia-Pacific data. Corrado and
Truong (2008) also find that tests based on logarithmic returns generally produce
better test specification than tests based on arithmetic returns. Ahern (2009) pro-
vides interesting evidence demonstrating how severe biases can be introduced
into an event study when sample selection includes securities grouped by certain
common characteristics such as market capitalisation, prior returns, book-to-
market ratio, and earnings—price ratio. Samples concentrated within any of these
characteristics can casily lead to imprecise and potentially erroneous inferences.
Anderson (2009) examines the effectiveness of friction modelling in dealing with
biases induced by thin trading.

4. Event-induced volatility

Event-induced volatility has been a source of concern in event studies for some
time. In an early discussion, Brown and Warner (1985, pp. 22-23) articulate the
crux of the issue:

There is evidence of substantial increases in the variance of a security’s return for the
days around some types of events [Beaver (1968); Patell and Wolfson (1979); and
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Kalay and Lowenstein (1983)]. Christie (1983, table 4) suggests that the variance in
some event studies could increase by a factor of almost two. ... The most obvious
implication of a variance increase is that standard procedures using a time-series of
nonevent period data to estimate the variance of the mean excess return will result in
too many rejections of the null hypothesis that the mean excess return is equal to zero.

The issue continues to be a source of concern among capital market researchers.
In particular, Aktas et al. (2007), Harrington and Shrider (2007) and Higgins
and Peterson (1998) keenly argue that all events induce an increase in cross-sec-
tional variance that must be estimated and adjustments embodied in all tests
used to assess the statistical significance of event date abnormal returns.

The argument is easily overstated. Recall the defence attorney in our hypothet-
ical insider-trading case who might prepare an all-events-induce-variance argu-
ment that the event date abnormal return measuring the insider’s gain is not
significant at a conventional level once it is scaled with a returns variance esti-
mated across a collection of merger announcements. The argument raises an
important issue: should an event date abnormal return A, that is significantly
large relative to abnormal returns in the pre-event control period be accepted as
prima facie statistical evidence? Or should the result be rejected when the abnor-
mal return A4, is not significantly large relative to abnormal returns across a col-
lection of similar events? As shall be discussed immediately below, the issue
hinges essentially on whether interest is focused on the immediate sample or on
an extraneous population of similar events.

Consider the issue within the framework suggested in Harrington and Shrider
(2007), where an event date abnormal return is a sum comprising two parts: (i)
an event-induced return J related only to the event and unrelated to the market
and (ii) a firm-specific return ¢, unrelated to the event and the market.

Ay = ey +9. (14)
The event-induced return ¢ can be treated as a constant, or it can be treated as

a drawing from a larger actual or hypothetical population of similar events.
Treatment as a constant implies a conditional variance:

Var(A4y|6) = Var(ep). (15)

Treatment as a drawing from a population of similar events implies an uncon-
ditional variance:

Var(4y) = Var(eg) + Var(9). (16)
When interest is focused solely on the sample, we treat § as a constant. In our
hypothetical insider-trading case, interest is focused on the single event-induced

return 6 and not on a population from which it was allegedly drawn.

© 2010 The Author
Accounting and Finance © 2010 AFAANZ



218 C. J. Corrado|Accounting and Finance 51 (2011) 207-234

Event-induced returns across an extrancous population of events have no
import. To see this, consider a thought experiment where event-induced returns
can be observed directly and so we know the sign and magnitude of ¢ exactly. In
our hypothetical insider-trading case, o is the only datum of interest. If observed
directly, no statistical test is required. However, the addition of a firm-specific
return e, qua background noise obscures our view and limits us to probabilistic
inference, specifically, that the event-induced return ¢ is positive, that is,
Pr(6>0) = Pr(ep < Ap). This probability makes no reference to returns from an
extraneous population of similar events.

The above-mentioned discussion extends mutatis mutandis to samples with
multiple event-induced returns, where Ao, 6, and ¢, would represent sample
means as shown in equation (17).

Ay = é + 9. (17)

When interest is concentrated on the sample mean event-induced return &, our
view is obscured by background noise and we are limited to a probabilistic infer-
ence, that is, Pr(6>0) = Pr(ey < Ao). This probability makes no reference to
returns from an extraneous population of similar events.

Beyond applications in securities’ law and litigation actions, there are many
event study settings where interest naturally concentrates on the sample, in par-
ticular the mean event-induced return §. For example, Fields ef al. (1998) exam-
ine intra-industry effects on publicly traded US insurance companies stemming
from reports of Lloyd’s financial distress appearing in the New York Times on
27 April 1993 and the Wall Street Journal three days later; Meznar et al. (1998)
investigate the effects of corporate announcements to withdraw from South
Africa during the apartheid era; Drakos (2004) investigates the effects of the
September 11 terror attacks on a set of airline stocks listed on various interna-
tional stock exchanges; and Calvo-Gonzalez (2007) examines how the Span-
ish—American agreements in the Pact of Madrid signed on 26 September 1953
affected asset prices in Franco-era Spain. In each of these studies, interest is
focused on inferences regarding the mean event-induced return 6. Each of these
studies examines historical events for which, in essence, the sample is the popu-
lation.

At the other extreme of the sample-population spectrum, a sample represents
a drawing from an infinite, hypothetical population of event-induced returns,
and 6 is merely the mean of the sample. In turn, this sample mean event-induced
return has an expected value of y, the mean of the hypothetical population. If
interest is focused on this population, then we might wish to project an inference
beyond the sample mean ¢ to the population mean u. In this case, a population
variance estimate is required to form a probabilistic inference, specifically, that
the population mean p is positive, that is, Pr(x>0).

A perusal of the finance literature suggests that many event studies limit them-
selves to statistical inferences about the mean event-induced return within the
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sample, i.e., o, without projecting inferences onto the mean return of a parent
population, i.e., u. This may suggest a conservative bias; however, this bias is
diminished by the inevitable follow-up studies with extended data sets that form
ongoing streams of research into interesting and important topics. Nevertheless,
projecting inferences onto a population larger than the sample can often be
instructive. In forming these inferences, cross-sectional variance adjustment
procedures advanced in Boehmer er al. (1991), Sanders and Robins (1991), or
Corrado and Zivney (1992) are aptly recommended.

However, cross-sectional variance adjustments are impractical in event studies
with a small sample size and may be difficult even with medium-sized samples.
Hilliard and Savickas (2002) suggest that estimating and making inferences
regarding event-induced volatilities can be unreliable even when using advanced
econometric techniques. As a potential detour, resort might be made to the rank
test proposed in Corrado (1989), which has a high degree of robustness against
event-induced variance. This has been demonstrated in several Brown and
Warner—type studies cited earlier in Section 3. A theoretical basis for this robust-
ness can be found in Pratt (1964), which is adapted immediately below to a brief
mathematical demonstration of this robustness property.

Let ay denote an event date standardised abnormal return, and let a, represent
standardised abnormal returns within an n-day control period. To facilitate alge-
braic analysis, we assume that g, and the set of g, are distributed as standard
normal, where N(a) denotes the standard normal distribution function. The rank
of the event day return a, among the n + 1 returns from the event day plus
control period, scaled as shown immediately below, has asymptotically the same
distribution as N(ay).

. Rank(ao)
Jim =y~ Na).

Given that qq is distributed as standard normal, the function N(ap) is distrib-
uted as uniform with the variance Var(N(ap)) = 1/12. However, if the variance
of aq is greater than one, then N(ag) has a variance greater than 1/12 and is no
longer distributed as uniform. To measure the impact of event-induced volatility
on the rank test, we assess the variance of N(ap) when the variance of aq is
7% > 1. The expression for the asymptotic variance Var(N(ao)) as a function of
A 1s derived in Appendix 1. In that expression, with 2 = 1, we obtain the variance
of a uniform distribution, i.e., Var(N(ap)) =1/12. However, A>1 yields
Var(N(ap)) > 1/12, causing an actual test level to deviate from its nominal level.

Table 1 compares test levels for the rank test R and the #-test 7" when the nom-
inal test level is o = 0.05, where the event day abnormal return variance
4% = Var(ay) varies from 1 to 8 and where both test statistics are distributed as
standard normal when 7 = 1.

With a doubling of the event date abnormal return variance, i.e., J2 =2, the
actual Type-I error rate for the #-test is 12.2 per cent, but just 8.2 per cent for the
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Table 1

Comparison of rank test and #-test specification with event-induced volatility, where 2> = Var(ag)
measures the event day abnormal return variance. The rank test R and z-test 7" are both asymptoti-
cally distributed as standard normal when / = 1

m m
_ 1
R= BE Maa)-1/) T =
= =
Rank test T-test
22 12 Var(N(ay)) level (%) Misspecification level (%) Misspecification
1 1.000 5.0 0.0 5.0 0.0
2 1.180 8.2 3.2 12.2 7.2
4 1.331 10.8 5.8 20.5 15.5
8 1.449 12.7 7.7 28.0 23.0

rank test. Notice that in all cases where 1> 1, the degree of misspecification (as
measured by deviations of actual Type-I error rates from the nominal 5 per cent
level) for the r-test is more than double the misspecification for the rank test.
Thus, while affected by event-induced volatility, the rank test provides notable
robustness against it.

5. Event-induced returns

The basic purpose of a financial event study is to detect the presence of event-
induced returns within an event period — whether a single day or a longer period.
This is normally carried out using a classical statistical approach specifying null
and alternative hypotheses. Under a true null hypothesis, event-induced returns
are not present within the event period, but they are present under a true alterna-
tive hypothesis. The power of a test determines its ability to detect a true alterna-
tive when it is present.

A parametric z-test statistic based on a weighted average of event date abnor-
mal returns can be expressed in the general form shown in equation (18), where
Ay represents a day-zero abnormal return for the kth security, o7 is its variance,
and wy is the weight attached to Ay o.

N
> wiAko
Tp = =L (18)

SN 2‘
> wiop
k=1

Let 0, indicate an event-induced return for the kth firm in a sample of size N.
Because the expected abnormal return is £ (A;Qo) = Jy, the expected value of the
t-test statistic is given as shown in equation (19).
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év: Wkak
E(Tp) = =L (19)

S
> wiok
k=1

Under a null hypothesis, J, = 0 for all k and the expected value of the #-test
statistic is zero. Under various alternative hypotheses, d, # 0 and the expected
value of the r-test statistic departs from zero. An optimal test statistic must take
into account the specific alternative being considered. The most popular alterna-
tive hypotheses in the event studies literature are as follows: (i) event-induced
returns constant across the sample, that is, 6, = o for all k and (ii) event-induced
returns proportionate to abnormal return standard deviations, that is,
Or = 0 X 0. The first alternative J, = o is motivated by simplicity and tradi-
tion. The second alternative d, = 0 X o is motivated by consideration of lever-
age effects, where changes in equity values are leveraged from underlying
changes in asset values. It is not obvious which alternative 6, = 6 or
Jr = 0 X gy i1s more realistic across all, or even most applications. Conceivably,
we may wish to consider testing for both alternatives as a robustness check.

For each of the two alternatives 6, = ¢ and J; = 0 X oy, there are optimal
weights that maximise the theoretical power of a test to detect them. Seemingly,
the choice of weights should be consistent with the choice of alternative hypothe-
sis deemed most applicable. However, it has become an entrenched anomaly in
the event studies literature that the most popular tests used in event studies,
including the Patell 7-test (Patell, 1976), the Boehmer—-Musumeci—Poulsen 7-test
(Boehmer, Musumeci and Poulsen, 1991) and the Corrado rank test (Corrado,
1989), are constructed to be optimal for the second alternative, i.e., oy = 0 X gy,
yet almost all Brown and Warner—type simulation studies use the first alternative,
i.e., 0 = 0, as a basis for power comparisons among these tests. In what follows
immediately below, we consider the potential consequences of mismatching
weights optimal for one alternative but applied to detecting the other alternative.

Optimal weights for the z-test represented in equation (19) are wy ~ 1 /a,%
under the alternative 6, = J and wy ~ 1/, under the alternative o, = J X ay.
Test statistic expected values under the alternatives 6, = 6 and 6, = J X o, with
the optimal weights wy ~ 1/07 and wy ~ 1/gy, respectively, are stated in
equations (20) and (21).

E(Tp) = 6 x XNzl/a,z (20)
k=1
E(Tp) = dx VN (21)
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It is interesting to see by how much test power is affected when weights that
are optimal for one alternative are mismatched to an alternative for which they
are not optimal. For example, test statistic expected values under the alternatives
O = 90 and Jp = 0 X o, with the mismatched weights wy ~ 1/g; and
wi ~ 1/07, respectively, are stated in equations (22) and (23).

% I/Gk

E(Tp) = & XHW (22)
% /o

E(Tp) = & x =1 (23)

ROV
k=1

The ratio of equation (22) divided by equation (20) or equation (23) divided
by equation (21) both yield the same ratio of test statistic expected values with
suboptimal weights to optimal weights. This ratio has the form of a Cau-
chy—Schwartz inequality as shown in equation (24), where a ratio value less than
one measures the efficiency loss because of the use of nonoptimal weights.

N
>, 1ok
k=1

[ N
Nx > 1/c?
k=1

The magnitude of the efficiency loss measured by equation (24) depends on the
distribution of return standard deviations oy. If all standard deviations are equal,
the ratio in equation (24) is equal to one and no efficiency loss occurs. More real-
istically, there may be considerable variation among the standard deviations.
For example, suppose in a sample of size N = 50 the standard deviations o are
uniformly distributed from a; = 0.50% to o59 = 4.0%. In this case, the calcu-
lation shown immediately below yields a ratio value indicating a considerable
loss of test power from the use of mismatched weights. Both more and less
extreme examples are plausible.

< 1. (24)

N 50
S 1/04 521/ (0542470
=1 - =1 B
- — 0.829,

N 50 ;
\/NZV"% \/SOXZI/(O.5+3-5X4(§1))
k=1 =

As a consequence, Brown and Warner—type studies examining the most popu-
lar tests used in event studies have consistently underestimated their power in
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detecting the alternative for which they are optimal, i.e., 0, = 0 X g,. However,
this would have little effect on the legitimacy of studies where the mismatch of
weights and alternatives has been consistent, specifically, where all tests optimal
for the alternative §, = 0 X g, are compared using the alternative J, = 9. Rela-
tive test power would still be accurately assessed; however, absolute test power
would be understated.

Nonetheless, confusion arises when a newly proposed test constructed to be
optimal for the alternative 6, = o is compared to traditionally popular tests that
are optimal for the alternative §, = 0 X gy, while using the alternative §, = o to
make the comparison. Predictably, the proposed tests outperform the traditional
tests in these studies. For example, Savickas (2003), Baixauli (2007), and Bremer
and Zhang (2007) propose tests constructed to be optimal for the alternative
J, = 0 and find that their proposed tests are more powerful than the popular
Patell T-test and Boehmer—Musumeci—Poulsen 7-test. A proper comparison
would reweight the traditional tests to be optimal for the alternative o, = J. The
optimal weights wy ~ 1/ 012{ for the alternative 6, = J§ were used to obtain equa-
tions (20) and (21). Reweighting the Patell 7-test using the weights wy ~ 1/ a,%,
yields the test statistic proposed in Collins and Dent (1984). Reweighting the
Boehmer—Musumeci—Poulsen 7-test using the same weights yields the test
statistic proposed in Sanders and Robins (1991). These Collins—Dent and
Sanders—Robbins 7-tests are optimally weighted for the alternative J, = 0.
Optimal weights for the rank test are considered next.

Appendix II shows that a nonparametric rank test statistic based on a
weighted average of event date abnormal return ranks has the form specified in
equation (25), where F (Ako / ak) is the cumulative distribution function of stan-
dardised abnormal returns.

V12 kZNI wi(F(Ako/or) —1/2)

TR =
al 2
5w
k=1

With E (Ak_yo) = Jy, a first-order expansion of the expected value of the rank
test statistic is stated in equation (26), where [ f 2(a)da represents the expected
value of the density function of standardised abnormal returns.

(25)

év: Wi Ok /O
E(Tg) = m/fz(a)da x = (26)

N
> Wi
k=1

Optimal weights for the nonparametric rank test are wy ~ 1/g; under the
alternative 6, = 6 and wy ~ 1 under the alternative d; = 6 X g;. Rank test
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statistic expected values under the alternative d, = ¢ with optimal weights
wk ~ 1/0; and under the alternative o, = 0 X g, with optimal weights wy ~ 1
are stated in equations (27) and (28), respectively.

N

E(TR) = 5\/§/f2(a)da X\ > 1/a} (27)
k=1
E(T) = SVI2N / 12(a)da. (28)

Rank test statistic expected values under the alternatives 6, = 0 and
O = 0 X o, with the mismatched weights wy ~ 1 and wy ~ 1/0y, respectively,
are stated in equations (29) and (30).

ZN: 1/ok

E(Tg) = 6V12 / f*(a)da x":‘W (29)
§N: 1/

E(Tg) = 6V12 / £2(a)da x kjlv (30)
kgl 1/}

Dividing equation (29) by equation (27) or dividing equation (30) by equation
(28) both yield the same Cauchy—Schwartz inequality stated in equation (24).
Thus, the loss of efficiency for the nonparametric rank test because of mis-
matched weights is essentially the same proportion as for the parametric -tests.

Appropriate comparisons of equations (20) through (23) with equations (27)
through (30) indicate that the theoretical power of the rank test relative to the
that of the r-test is proportionate to the value of v/12 [ f*(a)da, which in turn
depends on the shape of the density function f{a). When f{a) represents a stan-
dard normal density, we have v/12 [ f?(a)da = \/3/n = 0.977, which accords
with the well-known result that a nonparametric rank test has near-equivalent
power compared to a parametric 7-test when the underlying data is normally dis-
tributed. It is also a well-known result that the rank test will typically offer
greater test power with non-normally distributed data, in particular with fat-
tailed distributions (Hollander and Wolfe, 1973; Hettmansperger, 1984; Leh-
man, 1986; Manoukian, 1986). Campbell and Wasley (1996) provide a simple
illustration of this point using the Edgeworth density specified in equation
(31), where u; and 4 denote, respectively, the skewness and kurtosis of the
distribution.
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8—02/2
fla) = Ner (1 +%(az—3a)+ﬂ424 (a* — 6 +3)) (31)

Integrating the squared density /2(a) yields

\/_/f da—\[<1+956 + e (1 3)2+““1—;3>. (32)

In the case of a normal density, skewness is zero and kurtosis is three and the
right side of equation (33) collapses to \/3/n = 0.977. However, with zero skew-
ness u3 = 0, and only modest kurtosis of, say, py = 5, equation (32) yields a
value of /12 2 f*(a)da = 1.171, indicating that the rank test is 17.1 per cent
more efficient than the t-test. This can be a notable advantage in event studies
with a limited sample size, even when the underlying returns data only modestly
departs from normality.

6. Summary and conclusions

Over the last four decades, event studies have made an enormous contribution
to capital markets research. Their contribution continues to expand, not only in
accounting and finance, but in many other disciplines as well. The basic structure
of an event study in which abnormal returns are measured by deviations from
market model predictions is largely the same as when first introduced in Fama
et al. (1969). However, the methods by which statistical inferences are obtained
from abnormal returns have been and continue to be a popular area of investiga-
tion with constant attempts at innovation and refinement. As event studies are
applied in so many different settings, no single method dominates or even applies
to all possible settings.

This paper has reviewed short-term event study methodology, with a particular
focus on a select few important topics. First, considering the relative merits of
parametric versus nonparametric methods, it was concluded that parametric tests
are suitable in event studies utilising returns data from the New York stock
exchange but may yield inaccurate inferences with returns data from other mar-
kets where non-normality in the data can be severe. Nonparametric sign or rank
tests are recommended for applications where robustness against non-normally
distributed data is desirable. Second, the issue of event-induced variance was
considered, and it was concluded that event-induced variance was relevant in
event studies attempting to extend inferences to a population larger than the spe-
cific sample examined. However, for many event studies where the sample consti-
tutes the entire population of interest, cross-sectional variance adjustments to
compensate for event-induced variance may result in incorrect inferences.
Finally, it was concluded that an optimal scheme for cross-sectional weighting of
abnormal returns depends on the specific alternative hypothesis being tested.
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Comparing tests optimally weighted for one alternative with other tests not opti-
mally weighted for the same alternative biases any conclusion related to the rela-
tive power of the tests. A proper comparison would use a weighting scheme
optimal for the alternative considered across all test comparisons.
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Appendix I

The asymptotic variance of N(ap) is mathematically determined as shown
below, where N;(x, y;p) denotes the bivariate normal distribution function.

00 0 2
Var(N(ap)) = /Nz(ao)n()uao)dao— (/ N(ag)n(/lao)dag)

Y 2 ) 3
— [ 2arctan(1/4) — arccos +2N>( 0,0 —— | —-.
2ﬂ< (/4 (Hiz)) 2( \/1+/12> 4

The error function is defined by

e
fx) = dt = 2 dz = 2N(V2x) = 1; x>0.
erv \/_/ / \/E z ( x) x>

From Gradshteyn and Ryzhik (1994, p. 941), we have this equality:

/oo —erf(x))? e Pdx = ﬁ <2arctg<\/ﬁ) arccos(1 iﬁ)) = il/(ﬁﬁz
0

We wish to obtain the following integral:
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The first part of the derivation proceeds as follows:
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Using the change of variable Az=+/2x and the error function erf(x) =
2N(v2x) — 1 defined earlier yields
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Finally, putting it all together yields
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Subtracting ( | N (Xz)n(z)dz> = %yields Var(N(ap)) in equation (17).

Appendix II

Scaling the abnormal return ranks Rank (Ay) by the number of returns in the
control period n; for the kth firm in the sample yields an empirical distribution
function, which asymptotically converges to the true distribution under the null
hypothesis.

. Rank Ak70
nllinoo % - Fk (Ak,O) '

For convenience, we shall assume that the distribution of the abnormal returns
Ay and A4;, differ only in scale and so the standardised abnormal returns A4y o/
o and A4;/o; are identically distributed. The rank test in a standardised asymp-
totic form is
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Under a null hypothesis, the rank test form above has a mean of zero and a
variance of one. Under the general alternatives o, the rank test has the following
expected value:
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