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Abstract

Event studies are an important tool for empirical research in Finance. Since the seminal contribution of
Fama et al. [Fama, E., Fisher, L., Jensen, M., Roll, R., 1969. The adjustment of stock prices to new
information. International Economic Review 10, 1-21], there have been many enhancements to the
classical test methodology. Somewhat surprisingly, the estimation period has attracted less interest. It is
usually routinely determined as a fixed window prior to the event announcement day. In this study, we
propose a test that reduces the impact of potentially unrelated events during the estimation period. Our
proposition is based on a two-state version of the classical market model as a return-generating process. We
present standard specification and power analyses. The results highlight the importance of explicitly
controlling for unrelated events occurring during the estimation window, especially in the presence of
event-induced increase in return volatility.
© 2007 Elsevier B.V. All rights reserved.

JEL classification: G14; G34
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1. Introduction

Since the seminal contribution of Fama, Fisher, Jensen and Roll (1969) (hereinafter referred to
as FFJR), event studies have become a standard empirical methodology in research in Finance.
Applications are so numerous that it is impractical to try to list them exhaustively. Many
suggestions have been put forward to improve the basic empirical methodology. Brown and
Warner (1980, 1985) analyzed the specification and power of several modifications of the FFJR
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approach. Ball and Torous (1988) explicitly took into account the uncertainty about event dates.
Corrado (1989) introduced a non-parametric test of significance. Boechmer et al. (1991) proposed
an adaptation of the standard methodology to tackle an event-induced increase in return volatility.
Since this contribution, most methodological papers have explicitly controlled for this important
phenomenon. Salinger (1992) suggested an adjustment of the abnormal returns standard errors
robust to event clustering. Savickas (2003) recommended the use of a GARCH specification to
control for the effect of time-varying conditional volatility. Aktas et al. (2004) advocated the use
of a bootstrap method as an alternative to Salinger’s (1992) proposition. Recently, Harrington and
Shrider (in press) have argued that all events induce variance, and therefore tests robust to cross-
sectional variation should always be used.

The estimation period has attracted less attention. It is most often defined as a period preceding
the event, which is sufficiently long to enable the parameters of the chosen return-generating
process to be properly estimated. In studies using daily data, a window going from day —250 to day
—30 relative to the event date is usually (somewhat arbitrarily) chosen. This mechanical choice is,
however, not free of complications. In particular, unrelated events may be present during the
chosen estimation window, which bias the estimation of the return-generating process parameters.
A natural solution seems to be to choose, on a case-by-case basis, an estimation window free of
such contaminating events. This solution is, however, unreasonable for large-sample analyses.
When compiling data for several hundred (or several thousand) observations (e.g., in the field of
mergers and acquisitions (M&A), see Fuller et al., 2002; Mitchell and Stafford, 2000; Moeller
et al., 2003), using such a “brute force” approach quickly becomes intractable.

It is worth emphasizing that, in many research areas, the presence of contaminating events
during the estimation window is not just a presumption. Let us take the case of M&As again.
Imagine that a specific bidder has, during the months preceding the transaction being studied,
undertaken other operations, as frequently it appears to be the case (see, e.g., Asquith et al., 1983;
Schipper and Thompson, 1983; Malatesta and Thompson, 1985; Fuller et al., 2002; Aktas et al.,
2006). For example, out of the 4135 deals comprising the M&A sample used by Fuller et al.
(2002),' 2721 (66%) would have been contaminated if the classical definition of the estimation
window had been used.” The existence of such firm-specific events in the estimation window will
most likely affect the estimation of the return-generating process and, in particular, the estimated
variance of the parameters.

The approach we introduce in this paper to solve this contaminating event problem is
essentially based on a combination of the well-established market model (Sharpe, 1963) and the
more recent Markov switching regression models, largely introduced and developed by Hamilton
(1989, 1994) and significantly extended by Krolzig (1997). Using a two-state market model, the
estimated parameters of the model are less subject to the influence of contaminating events. This
can be understood as a statistical filtering of the data. Another way to interpret our proposition is
to see it as a better-specified return-generating model, which takes into account the probability of
the occurrence of firm-specific events. From this perspective, our approach is in line with Roll’s
(1987) results. According to Roll, the true return-generating process seems to be better described
by a mixture of two distributions: one corresponding to a state of information arrival, and the
other to the normal return behavior.

! We thank the authors for providing us with access to their data set.

2 This is the reason why the authors use the BETA-1 return-generating process, which is not affected by unrelated
events during the estimation window, since there are no parameters to be estimated. However, according to our analyses,
this approach is clearly less powerful than the other alternatives (see Section 5).
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The analysis that we develop in this paper is now classical in the field of event study methodology
(Brown and Warner, 1980, 1985). Using daily CRSP data, we carried out specification and power
analyses while simulating a contaminated estimation period. We compare our approach to a classical
set of alternatives (such as Corrado (1989), Boechmer et al. (1991), Savickas (2003)). The results
show that (i) our approach is robust to the estimation window contamination and that (ii), in the
context of an event-induced increase in return volatility, it dominates competing methods. Given the
results of Harrington and Shrider (in press), following which event-induced increase in return
volatility must be taken into account, we recommend the use of our approach.

The paper is organized as follows: Section 2 presents a simple model to show that ordinary
least squares (OLS) methods overestimate the standard error of an individual firm’s abnormal
return when the true process is state dependent. Section 3 is devoted to a short review of the
classical event study approaches and to the presentation of our test. Section 4 describes our
experimental design. In Section 5, we present simulation results comparing the specification and
the power of the test statistics being considered. Section 6 contains our summary and conclusions.

2. State dependent return-generating process and OLS inferences

In this section we show that OLS estimators overestimate the standard error of an individual
firm’s abnormal returns when the true return-generating process has two-states. We use the
following notation:

— X is the matrix of explanatory variables for firm j;

— R; and R, are vectors of returns for firm j and for a market portfolio proxy;

— D; is a dummy variable equal to 1 at the event date for firm j, and 0 otherwise;
— b; is the vector of coefficient estimates for firm ;.

When estimating firm j’s abnormal returns using the market model (MM) as the return-
generating process (Sharpe, 1963), X; has three columns (the first column is set to 1 for the
constant, the second to R,, and the third to D;). The vector of coefficients b; is composed of the
intercept of MM, the f3 coefficient for firm j and a third coefficient (denoted by ) capturing the
firm ;s abnormal returns at the announcement date:

o
Rj = ijj + & = [1Rij] ﬂ + &j. (1)
Y

Assuming homoskedascity, the covariance matrix of the OLS estimator is well known:
-1
COVPH (B]X;) = a7 (X' X;) . (2)
Assume now that the residuals are state dependent. S, denotes the state variable. We consider

the case of a two-state regime model. More precisely, we have a low variance regime (S,=1) and a
high variance regime (S,=2):

R/ = Xj/ bj + &2 if S, =2.

* Note that the market-model parameters b; are identical in the two states. However, this setup could be easily extended
to take regime dependent parameters into account.
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The variance of the residuals for each state is set to:

Elgagi |X] =070 if S, =1 "
Elgi08:3 |X] = 07,1 if S, =2/

where Jj%2>6j2’1. The high variance regime allows us to explicitly incorporate the presence of
unrelated events into the statistical model.

The transition between the two regimes is governed by a Markov chain of order 1, for which
the transition matrix is given by:

ru l=-p»
P— , 5
{1_1911 P2 } )

where p,, ,=p(S,=m|S;—1 =n) corresponds to the probability of changing from state » to state m.
The unconditional probability of the regime is given by (Hamilton, 1994, p. 683):

1=p2 I=pu
pSi=1)=—""=—p(S,=2)=—"—. (6)
2-p1—pn 2-p1i—pn
Assuming strict exogeneity and that the transition probabilities are deterministic, the co-
variance matrix of the OLS estimator is a weighted average of the covariance matrix in the two-
states, the unconditional probability being the weights:

COVOS(B;[X)) = p(S; = 1)o7, (X/ X)) +p(S; = 2)a7, (X} X;) . (7)

Considering the null hypothesis of no event, we are interested in the low variance regime
covariance matrix, which is q,»z,l(X}X/)_l, and since q,-2’2>q,2,1, this leads to the inequality

a7, (X/ X)) <p(S, = a7, (X! X)) +p(S, = 2)a7,(Xf X)) (8)

Eq. (8) shows that the standard error of the OLS estimates of the abnormal return (7)) is
overestimated when the true generating process is a two-state process. This result offers a clear
econometric foundation for the loss of power of classical event study methodology when the
estimation window is contaminated by unrelated events.

3. Event study methodology

The seminal contribution of FFJR has been the starting point for an impressive diffusion of
event study methodology in finance, accounting and economics. Its component steps are well
known. In this section, we focus on the choice of the return-generating process and the
construction of the statistical test of significance, two key points of concern in this area. The set of
approaches on which we focus has been chosen either because they are used in classical empirical
studies (e.g., the standardized cross-sectional test (Boehmer et al., 1991) and the RANK test
(Corrado, 1989)) or because they contain features making them potentially well-suited to
controlling for the presence of unrelated events during the estimation period (e.g., the BETA-1
approach and the GARCH approach developed by Savickas (2003)). Many other propositions
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have been made in the literature (e.g., Ball and Torous, 1988; Nimalendran, 1994) but they do not
relate directly to our work.

3.1. Return-generating processes

Abnormal returns (AR) correspond to the forecast errors of a specific normal return-generating
model (in Section 2, to simplify the exposition, we expressed them as the coefficient values of a
dummy variable). Using MM as return-generating process” and employing the notation described
in Section 2, we obtain

Ry = o+ BiRy + &. 9)

The residuals, ¢;, provide the estimates of abnormal returns. Classically, the residuals are
supposed to be identically and independently (normally) distributed (IID). Numerous
contributions have dealt with violations of this hypothesis. For example, Ruback (1982) suggests
a way of coping with the existence of first-order auto-correlation in asset returns.

3.2. Statistical tests of significance

To introduce the different tests to be analyzed, we expand the notation used in Section 2
following Boehmer et al. (1991):

® N: number of firms in the sample;

® ARz abnormal return of firm j on the event date;

® AR abnormal return of firm j on date ¢

® T: number of days within the estimation period;

® TE: number of days within the event period;

® R, average return on the market portfolio during the estimation period;
(] S’J standard deviation of firm j’s AR during the estimation period,;

® SR;;: standardized AR of firm j on the event date, calculated as:

3.2.1. The BMP test

For each of the significance tests, we consider the null hypothesis of no cross-sectional average
(cumulative) abnormal returns around the event date. The BMP (Boehmer, Musumeci and
Poulsen) test is similar in spirit to Patell’s (1976) test. However, Boehmer et al. (1991) use the
estimated cross-sectional variance of the standardized abnormal returns instead of the theoretical

4 Brown and Warner (1980, 1985) show that the results of short-term event studies are not sensitive to the choice of a
specific return-generating process. Aktas et al. (2004) reported similar results in a European context.
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value. This adaptation captures the event-induced increase in return volatility. The BMP test takes
the following form:

1
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3.2.2. The BETA-1 test

The BETA-1 test may be viewed as a drastic simplification of the BMP test. The assumed
return-generating process is the market-adjusted model, which amounts to imposing =1 and
a=0 in Eq. (9). The test is based on cross-sectional estimates of the standard deviation of the
event-day abnormal returns (ARE). We therefore obtain:

1
ZBETA-1 = ! . (12)

The BETA-1 test constitutes, in our framework, an interesting alternative. Zggra.; does not use
data from the estimation window and is therefore free of the potential biases generated by
contaminating events.

3.2.3. The Corrado (1989) RANK test

Corrado (1989) introduced a test based on the ranks of abnormal returns. The RANK test
merges the estimation and event windows in a single time series. Abnormal returns are sorted and
arank is assigned to each day. If K}, is the rank assigned to firm j’s abnormal return on day ¢, then
the RANK test is given by

1 < -
]VZ (Kie=K)

1
TcorRADO ZJST’ (13)

where K is the average rank and S(K) is the standard error, calculated as

t=1

T+TE \?2
S(K) = ﬁ Z (%Z (K,,—K)) . (14)

The use of ranks neutralizes the impact of the shape of the AR distribution (e.g., its skewness
and kurtosis and the presence of outliers). It should therefore represent an attractive alternative
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way of neutralizing contaminating events within the estimation window. Corrado (1989), Corrado
and Zivney (1992), and Campbell and Wasley (1993) provide an in-depth analyses of this approach.

3.2.4. The GARCH test

The conditional time-varying behavior of the variance of returns has been widely recognized in
finance since it was first pointed out by Engle (1982). Building on the Bollerslev (1986)
generalized autoregressive conditional heteroskedastic (GARCH) approach, Savickas (2003)
suggested the use of the return-generating process

R, = o+ B_ijJ + 'Y_ij,t /I (15)
e ~ N0, hjy),
hy. = aj + bk, 1 + e}, +diDy,

where £, is the conditional time-varying variance and a;, b;, ¢; and d; are the coefficients of the
GARCH(1,1) specification. D, , is a dummy variable equal to 1 at the event date for firm j, and 0
otherwise. As in Section 2, the ; coefficient captures the abnormal return at the announcement date.

The conditional variance #;, provides a natural estimator of the AR variance. Savickas (2003) used
it to standardize the AR before proceeding with the BMP test. In this setting, Eq. (10) is replaced by

SRz =i/ - (16)

Savickas (2003) shows that the GARCH test allows him to control for the time-varying
variance of AR and the event-induced increase in return volatility. It is worth mentioning that the
simulation results he provides rely on abnormal returns generated on five consecutive days. This
very specific simulation procedure must be kept in mind when interpreting the specification and
power results that we present in Section 5. As the main effect of contaminating events is an
increase in variance during the estimation window, the GARCH test also constitutes an attractive
alternative to the BMP test. The GARCH(1,1) specification might indeed provide a way of
controlling for the impact of unrelated events on the estimate of the variance in AR (probably at
the cost of an increase in persistence).

3.2.5. The two-state market model test (TSMM)

The idea underpinning the TSMM test is simple: the presence of unrelated events within the
estimation window has an impact on the (ex post) estimation of the AR variance. Classical tests,
such as the BMP, will overestimate the variance of the residuals during the estimation period in
such conditions, leading to a downward bias in the significance test (i.e. less likelihood of
rejecting the null hypothesis) during the event window.

To deal with this bias, the TSMM test relies on the Markov switching regression framework
developed by Hamilton (1989, 1994). As discussed in Section 2, we assume that the return-
generating process can be adequately modeled by a two-state process,” in which one regime has

5 This hypothesis is supported by unpublished results. Using the approach developed by Krolzig (1997), we found that
a two-state model was an adequate representation of the return-generating process in most cases. Three-regime
decomposition appeared to be justified only in the presence of strong outliers.
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normal variance and the other high variance. Note that the MM parameters are assumed to be the
same in the two regimes.® Eq. (3) then becomes

Ri: = o+ BiRus + V;Djs + &5

8,8t ~N(07 O-j%s)7

(17)

where S'is a state variable taking value 1 in the low variance state and value 2 in the high variance
state (ajz,z > O'jz, 1)- The proposed model is a direct and parsimonious extension of the classical MM.
As for the previous GARCH model, the 7, coefficient corresponds to the estimated event-day
abnormal return. We use the estimated standard error of y; to standardize the AR. Our standardized
abnormal return is therefore

SRjz =";/SE(v;), (18)

where SE(y;) corresponds to the standard error of the v; coefficient. The test can then be
constructed using the same approach as for ZBMP:

1 N
w2 SR
Z1smMm = ~ L = 5 (19)
s (SRe 3 )

j=1 i=1

The estimation of Eq. (17) is based on a maximum-likelihood approach.” The estimated
probability of being in a specific state on a specific date is one of the interesting byproducts of this
approach. In some specific cases, it allows the reasons for an increase in variance to be explored.®

4. Experimental design

Our investigation of the specification and power of the TSMM test follows the procedure
introduced by Brown and Warner (1980, 1985) and used repeatedly since then (see, e.g., Corrado,
1989; Boehmer et al., 1991; Corrado and Zivney, 1992; Cowan, 1992; Cowan and Sergeant,
1996; Savickas, 2003).

4.1. Data and sample selection

Our universe of firms is composed of companies included in the Center for Research in
Security Prices (CRSP) daily returns file from January 1, 1973 through December 31, 2004.” As

® We have also implemented a more general version of the TSMM approach, where the MM parameters are regime
dependent. Since the results are similar, we have not reported them in this paper. The assumption that the MM parameters
are the same for both regimes does not rely on a specific economic/financial foundation. It is simply a product of the
principle of parsimony, which allows for much more efficient numerical estimation. We thank an anonymous referee for
having stressed this point.

7 All the estimations presented in this paper have been performed with the Ox econometric software, using the Krolzig
MSVAR package. We thank Professor J. Hamilton for advising us on the use of this package.

# In a recent paper, Cousin and de Launois (2006) produce empirical evidence supporting that the high variance state is
generated by intensive information arrival.

? We chose to start the sampling process in 1973 in order to draw the samples from an homogenous population, Nasdaq
stocks being only included in the CRSP files from 1973 onwards.
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our market portfolio we used the CRSP value weighted index. All firms and event dates were
randomly chosen with replacement such that each firm/date combination had an equal chance of
being chosen at each selection. For each replication, we constructed 1000 samples of 50 firms.
The estimation window length was 225 days and the event date was situated at day 250. Like
Savickas (2003), our sampling process excluded securities with missing returns during the 250-
day interval. Moreover, to be included in the samples, securities need to have at least 100 non-
zero returns over the estimation window, and no zero return due to a ‘reported price’ on the event-
day.

4.2. Contaminating the estimation window

The aim of our simulation was to study the specification and power of the TSMM test, as
compared to other tests, when the data in the estimation window were deliberately contaminated.
To simulate significant events, we injected AR into the estimation window (on a contaminated
day) which was twice the standard deviation of the actual stock. To generate stochastic shocks, we
followed the method proposed by Brown and Warner (1985) by adding another two demeaned
returns randomly drawn from the estimation window. Moreover, we generated both positive and
negative AR to represent the unknown nature of the events likely to affect the estimation window.
The sign (%) of the simulated AR (2*o ) was determined by random sampling from a Bernoulli
distribution. The transformed return for security j on a contaminated day, denoted R’;,, is
therefore computed as

R/, = R, +2%og, + (Rix—R)) + (Riy—R)), (20)

where R;, is the actual return, R; y and R; y are returns randomly selected from the estimation
period, and R; is the average return in the estimation period.

The number and nature of the events during the estimation window was determined in two
steps. First, a random sample was drawn from a Poisson distribution with a mean of two. This
value, denoted by 4*, represents the number of events during the estimation window. Events were
then randomly assigned to specific days in the estimation window (by random sampling from a
uniform distribution). Finally, the length (in number of days) of each event was again randomly
sampled from a Poisson distribution, this time with a mean of four. This approach allowed random
events to be generated in the estimation window.

Fig. 1 presents a typical result. The solid line is the time series of the initial returns, and the
dotted line is the time series of the returns obtained after the generation of random, contaminating
events. Three events were generated, at dates 7=2, 51 and 119. The standard error of the initial
estimation period was 3.73%, and after the generation of events it became 4.01%. Fig. 1 shows
that the simulated shocks are not particularly uncommon events. They merely represent
disruptions in the normal return-generating process, of the size and amplitude we might expect
from various corporate event announcements (e.g., M&A operations, share buy-backs, earning
announcements).

4.3. Simulating abnormal performance

We generated abnormal returns at the event date in the same way as Brown and Warner (1980
1985) by adding a constant to each stock return observed on day O (event date). The abnormal
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Fig. 1. This figure provides an example of estimation window contamination using the procedure described in Section 4.2.
The solid line is the time series of initial returns and the dotted line is the time series obtained after event generation. Three
events are generated, at dates 7=2, 51 and 119. The standard error of the estimation window is 3.73% initially and 4.01%
after event generation.

performance simulated is 0% for the specification analysis and + 1% for the power analysis.'® To
produce stochastic abnormal returns (the event-induced variance phenomenon) we again
followed Brown and Warner’s approach. Each security’s day 0 return, R;, was transformed to
triple its variance by adding two demeaned returns randomly drawn from the estimation window.
The event-day transformed return was obtained using the procedure described in Section 4.2
above.

5. Empirical results

Our results are presented in Tables 1-4, which show the rejection rates for different cross-
sectional test statistics under different conditions. We compare specifications (Tables 1 and 3) and
powers (Tables 2 and 4) without (Tables 1 and 2) and with (Tables 3 and 4) event-induced increase
in volatility."" In each case, we present the results without (Panel A) and with (Panel B)
contaminating events during the estimation window. Results are presented for the BMP, RANK,
GARCH, BETA-1 and TSMM tests.

1 Unreported results show that, beyond a simulated abnormal performance of 2%, all the methods we compared are
very powerful.

" According to Harrington and Shrider (in press) all events induce variance. We have retained in the paper all the
analyses of the “no event-induced variance” cases (Tables 1, 2) to allow comparison with previous papers in the field.
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Table 1
Rejection rates of test statistics: no event-induced returns—no event-induced variance

Significance level

1% 5% 10%
Panel A. Without contaminating events
BMP 1.60% 5.20% 9.80%
RANK 0.90% 4.50% 8.40%
GARCH 0.70% 5.90% 11.40%
BETA-1 0.80% 4.80% 9.70%
TSMM 1.50% 4.60% 9.50%
Panel B. With contaminating events
MANUAL 0.80% 4.50% 10.50%
BMP 1.60% 6.70% 12.10%
RANK 0.40% 3.80% 8.10%
GARCH 2.50% 6.70% 10.80%
BETA-1 0.90% 5.20% 11.00%
TSMM 0.70% 4.30% 9.80%

Panel C. Confidence intervals for rejection rate
95% Confidence interval 0.4%—-1.6% 3.7%—6.4% 8.1%—-11.9%
99% Confidence interval 0.2%—-1.8% 3.2%-6.8% 7.6%—12.4%

The specification analysis with no event-induced increase in return volatility, showing the rejection rates for different
cross-sectional test statistics when an event creates no abnormal returns and no increase in variance. BMP corresponds to
Boehmer et al.’s (1991) test, RANK is as in Corrado (1989), GARCH is the test studied by Savickas (2003) and BETA-1 is
the cross-sectional test using the constrained version of the market model. TSMM and MANUAL are, respectively, the
two-state market model extension and the manually filtered version of Boehmer et al.’s (1991) standardized cross-sectional
approach. Panel A provides the analysis when the estimation window is not contaminated, and Panel B when it has been
contaminated using the procedure described in Section 4.2. Panel C provides the confidence limits for rejection frequency
in 1000 binomial trials.

For the B panels (with contaminating events) we added, in the spirit of Thompson (1988), a
manually filtered approach (MANUAL). In this approach, days contaminated by simulated events
during the estimation window were manually removed from the sample of observations before the
implementation of the Boehmer et al. (1991) cross-sectional test of significance. This cleaning
approach provides a clear benchmark against which the robustness of the set of tests used in the
presence of contaminating events can be evaluated.'”

5.1. Tests with no change in the return variance

Table 1, Panel A shows that, in the absence of contaminating events and event-induced
increase in return volatility, all the tests we survey are (reasonably) well specified. We provide in
Table 1 Panel C confidence intervals'? to check whether actual rejection rates differ from the
nominal ones. None of the tests present a rejection rate outside the 95% and 99% confidence

'2 1t is worth noting that, using real returns, the manually filtered approach only controls for simulated events. Any real
contaminating events are not neutralized by the MANUAL approach.
13 To estimate the confidence intervals, we use the same methodology as in Cowan and Sergeant (1996).
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Table 2
Rejection rates of test statistics: event-induced returns—no event-induced variance

Significance level

1% 5% 10%

Panel A. Without contaminating events

BMP 52.40% 74.40% 83.50%
RANK 71.40% 88.10% 92.20%
GARCH 33.10% 52.10% 62.80%
BETA-1 29.30% 51.00% 61.40%
TSMM 56.70% 75.50% 81.90%
Panel B. With contaminating events

MANUAL 52.30% 74.30% 81.80%
BMP 44.70% 67.40% 76.40%
RANK 65.00% 82.50% 89.00%
GARCH 26.70% 47.40% 59.90%
BETA-1 28.80% 49.60% 60.40%
TSMM 57.90% 76.30% 82.70%

The power analysis with no event-induced increase in return volatility, showing the rejection rates for different cross-
sectional test statistics when an event creates an increase in returns of 1% and no increase in variance. BMP corresponds to
Boehmer et al.’s (1991) test, RANK is as in Corrado (1989), GARCH is the test studied by Savickas (2003) and BETA-1 is
the cross-sectional test using the constrained version of the market model. TSMM and MANUAL are, respectively, the
two-state market model extension and the manually filtered version of Boehmer et al.’s (1991) standardized cross-sectional
approach. Panel A provides the analysis when the estimation window is not contaminated, and Panel B when it has been
contaminated using the procedure described in Section 4.2.

interval. The impact of contaminating events is analyzed in Table 1 Panel B. We get almost the
same results as in Panel A. None of the rejection rates seem to be statistically different from the
nominal ones.

Table 2 presents the results of the power analysis, still in the absence of event-induced increase
in return volatility. Without contaminating event (Panel A), the RANK test clearly outperform the
other alternatives, and the power of the BMP and the TSMM tests are quite comparable. With
contaminating events (Panel B), the RANK test is still the most powerful test. However, in this
setting, the TSMM test is more powerful than the BMP one, and it has a power very close to the
benchmark approach, which is the MANUAL test. With and without contaminating events the
GARCH and the BETA-1 are the less powerful tests. Nevertheless the results for the GARCH test
must be interpreted with caution, keeping in mind that we have only simulated a one-day shock
(as in, for example, Brown and Warner (1980, 1985) and Boehmer et al. (1991)) and not five
consecutive shocks (as in Savickas (2003)).

Tables 1 and 2 show that the GARCH and BETA-1 approaches allow the presence of
contaminating events to be controlled for. However this comes at the cost of a severe reduction in
power. The RANK test appears to be the most attractive alternative: it is both less sensitive to the
presence of contaminating events (in terms of specification error) and more powerful. The TSMM
test is, in the absence of event-induced increase in return volatility, a second best approach.

Since in practice all events induce variance (Harrington and Shrider, in press), the most
realistic case to analyze is the one where we simulate also a variance increase on the event date,
and in this setting, we know from the literature that the RANK test is clearly miss-specified (see,
e.g., Cowan and Sergeant, 1996; Serra, 2002; Savickas, 2003). The next sub-section is devoted to
this analysis.
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Table 3
Rejection rates of test statistics: no event-induced returns—but event-induced variance

Significance level

1% 5% 10%
Panel A. Without contaminating event
BMP 1.40% 6.50% 11.10%
RANK 4.10% 14.40% 21.40%
GARCH 0.70% 5.60% 10.30%
BETA-1 1.10% 4.80% 10.80%
TSMM 0.80% 5.80% 10.20%
Panel B. With contaminating events
MANUAL 1.30% 6.20% 9.50%
BMP 1.50% 5.90% 10.20%
RANK 4.40% 12.40% 20.40%
GARCH 1.10% 5.20% 11.20%
BETA-1 1.10% 3.60% 9.00%
TSMM 0.90% 4.60% 8.90%

Panel C. Confidence intervals for rejection rate
95% Confidence interval 0.4%—-1.6% 3.7%—6.4% 8.1%—-11.9%
99% Confidence interval 0.2%—-1.8% 3.2%-6.8% 7.6%—12.4%

The specification analysis with an event-induced increase in return volatility, showing the rejection rates for different
cross-sectional test statistics when an event creates an increase in variance and no increase in returns. BMP corresponds to
Boehmer et al.’s (1991) test, RANK is as in Corrado (1989), GARCH is the test studied by Savickas (2003) and BETA-1 is
the cross-sectional test using the constrained version of the market model. TSMM and MANUAL are, respectively, the
two-state market model version and the manually filtered version of Boehmer et al.’s (1991) standardized cross-sectional
approach. Panel A provides the analysis when the estimation window is not contaminated, and Panel B when it has been
contaminated using the procedure described in Section 4.2. Panel C provides the confidence limits for rejection frequency
in 1000 binomial trials.

5.2. Tests with a variance increase on the event date

In Tables 3 and 4, we simulate an event-induced increase in return volatility. The results
reported above for the specification analysis are qualitatively confirmed, except for the RANK
test. Without any surprise, Panel A and Panel B of Table 3 indicate clearly that the RANK test is
poorly specified in the presence of an event-induced increase in return volatility. This result has
also been reported in previous studies.

With respect to power, Table 4 shows that the presence of an event-induced increase in return
volatility strongly affects the power of all the tests (compare the rejection rates in Table 2 to those
displayed in Table 4). The RANK and TSMM tests seem to be the most powerful approaches to
detect the 1% simulated event-day abnormal returns. However, since these two tests differ
significantly with respect to the specification error (see Table 3), it is not possible to compare their
power as such. In order to overcome this problem, we resorted to a graphical method, denoted
‘size—power curves’, as proposed by Davidson and MacKinnon (1998)."* These size—power
curves allow the power of alternative test statistics that do not have the same size (specification) to
be compared. Using the simulation techniques described in Section 4, we computed the power
and size of the tests for 100 different theoretical significance levels (between 0% and 100%).

14 Special thanks to Luc Bauwens for having suggested this method.
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Table 4
Rejection rates of test statistics: event-induced returns—event-induced variance

Significance level

1% 5% 10%

Panel A. Without contaminating events

BMP 18.00% 35.70% 47.50%
RANK 28.90% 48.50% 58.50%
GARCH 8.80% 21.90% 30.90%
BETA-1 8.20% 21.20% 31.70%
TSMM 18.80% 37.50% 49.80%
Panel B. With contaminating events

MANUAL 14.20% 32.30% 44.20%
BMP 11.30% 28.40% 39.00%
RANK 21.40% 39.30% 50.10%
GARCH 5.70% 16.80% 26.60%
BETA-1 7.60% 19.70% 29.50%
TSMM 14.80% 31.90% 44.30%

The power analysis with an event-induced increase in return volatility, showing the rejection rates for different cross-
sectional test statistics when an event creates an increase in returns of 1% and an increase in variance. BMP corresponds to
Boehmer et al.’s (1991) test, RANK is as in Corrado (1989), GARCH is the test studied by Savickas (2003) and BETA-1 is
the cross-sectional test using the constrained version of the market model. TSMM and MANUAL are, respectively, the
two-state market model extension and the manually filtered version of Boehmer et al.’s (1991) standardized cross-sectional
approach. Panel A provides the analysis when the estimation window is not contaminated, and Panel B when it has been
contaminated using the procedure described in Section 4.2.

Fig. 2 presents the results. The size—power curve of the TSMM test clearly predominates over
the curves of the alternative tests, both without and with contaminating events. However, it is
important to note that the supremacy of the TSMM approach is more important when the
estimation window is contaminated (Panel B). In other words, holding the size constant (or for a
comparable level of size), the TSMM approach is the most powerful; BETA-1 and GARCH are the
less powerful tests. Another interesting result that is worth pinpointing is that the size—power
curves of the BETA-1 and GARCH tests are almost the same in Panel A (without contaminating
events) and Panel B (with contaminating events), suggesting that the power of these two
approaches is not significantly affected by contaminating events. This result justifies somehow the
use of the BETA-1 approach in recent empirical work (e.g., in the field of M&As, see Fuller et al.,
2002; Moeller et al., 2003; Aktas et al., 2006).

5.3. Practical recommendations

It follows from our analysis that the choice of method depends on the conditions of the study.
As already reported in the literature (e.g., Cowan and Sergeant, 1996; Serra, 2002; Savickas,
2003), if the return variance is unlikely to increase on the event date, the RANK test offers the best
specification and power for general use. However, in the presence of an event-induced increase in
return volatility, the TSMM offers the best compromise between robustness to the presence of
contaminating events and power.

It is important to emphasize that, according to Boechmer et al. (1991), it is not uncommon for an
event to be accompanied by an increase in the cross-sectional dispersion of stock returns. More
recently, Harrington and Shrider (in press) have gone a step further by stressing the fact that all
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Panel A. Without contaminating events
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Fig. 2. This figure provides size—power curves with event-induced return of 1% and an event-induced increase in return
volatility. BMP corresponds to Boehmer et al.’s (1991) test, RANK is as in Corrado (1989), GARCH is the test studied by
Savickas (2003) and BETA-1 is the cross-sectional test using the constrained version of the market model. TSMM is the
two-state market model extension of Boehmer et al.’s (1991) standardized cross-sectional approach.
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events induce variance. The key contribution of their theoretical and empirical analyses of tests
for non-zero mean abnormal returns is to show that tests which are robust to cross-sectional
variation should always be used. According to them the BMP approach is a good candidate for a
robust test. In this paper, we showed that the TSMM test is more robust than the BMP within the
context of unrelated events in the estimation window.

6. Conclusion

Analysis of the estimation window has attracted less interest in the event study literature. In
this paper we have shown that unrelated events during the estimation window do affect the
specification and the power of standard event-study methods. To alleviate this problem we
propose the use of the TSMM approach, which is built on a two-state market model extension of
Bochmer et al.’s (1991) standardized cross-sectional approach.

We have compared the TSMM approach to four alternative cross-sectional tests. These are (1)
the standardized cross-sectional test (Boehmer et al., 1991), (2) the RANK test (Corrado, 1989),
(3) the BETA-1 approach, which does not require any estimation window data, and (4) the
GARCH-based approach introduced by Savickas (2003).

The TSMM test studied here explicitly models the volatility of the residuals as a two-state
model, one corresponding to a low variance regime, and the other to a high variance regime. Our
simulation results show that, in the presence of an event-induced increase in return volatility, the
TSMM approach provides the best compromise in terms of the specification error and power of
the test. As event-induced variance is a well-established empirical fact (see Harrington and
Shrider, in press), we suggest the use of the TSMM approach.
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