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Researchers studying stock price reactions to accounting information releases can
choose among severa statistical methods/models. Firm-specific equation methods appear
to be particularly appropriate when the research hypotheses involve possible differences
across firms. However, the firm-specific equation methods make more demands on the
data, requiring estimation of firm-specific coefficients and (possibly) covariance parame-
ters. Therefore, itisnot clear whether the researcher realizes net gainsby using firm-specific
eguation methods. Inthis paper, we examine the empirical behavior of test statisticsarising
from one firm-specific equation method, seemingly unrelated regression (SUR), and alter-
native test statistics based on the same set of equations, but not incorporating estimates of
cross-sectional correlation.! Evidence on the empirical distributions of these statistics may
guide researchers in designing and interpreting research.

Understanding the empirical behavior of SUR isessential before accounting researchers
can correctly interpret results of existent research or take full advantage of its conceptually
desirable features when testing hypotheses involving possible differences across firms. |If
characteristics of the data used by accountantslead to high Type| error rates or poor power,
inference based on normal theory statistics derived from SUR may be faulty. However, use
of critical values based on empirical distributions may overcome the difficultiesand lead to
appropriate inferences.

We provide evidence on the empirical distributions of several SUR statistics through a
simulation of accounting information releases and associated stock price responses. Fol-
lowing Brown and Warner [ 1980, 1985], we start with actual stock returns, randomly select
event dates and introduce abnormal performance on those dates. Using this data, we es-
timate a SUR model and calculate statistics. Multiple repetitions of this process generate
empirical distributionsthat provide evidence on Type | error rates and power. We generate
empirical distributionsof the statistics for anumber of different scenarios corresponding to
different types of accounting information releases. We vary the number of firmsused in the
estimation procedure, the level of abnormal performance introduced on an event date, the
number of event dates per firmin the estimation period, and the number of daysincluded in
the event window. This allows us to assess whether SUR should be expected to work better
in some accounting research contexts than in others. We use NY SE, ASE, and NASDAQ
firms. Briefly, we find (1) the null hypothesis that al coefficients relating stock returns
to information events are smultaneoudly equal to zero is rejected far too often when no
abnormal performance has been introduced into the returns; (2) after correcting for high
Type | error rates, powers of statistics testing all coefficients ssimultaneously equal to zero
arelow, especidly if thereare few events per firm; (3) the hypothesis that the average of the
coefficients relating stock returns to information events equals zero is sometimes rejected
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too often when no abnormal performanceisintroduced, but the over-rejectionisnot severe;
and (4) event date uncertainty, as it is typically addressed in SUR, severely reduces the
powers of the testsin most situations.

The paper is related to research that has used simulation techniques to examine the
behavior of statistical methods used in event studies. Using monthly and/or daily returns
data for American and New York stock exchange firms, Brown and Warner [1980, 1985]
and Dyckman, Philbrick, and Stephan [1984] investigate how well variousabnormal return
metrics, pooled cross-sectionally, are able to identify significant average abnormal returns.
Campbell and Wadley [1991] examine the same issue using daily returns for NASDAQ
securities. None of these studies examine methods that utilize firm-specific equations
relating information variables to firm returns. Hence, they do not examine specifically the
situation where effects may differ across firms, nor do they address the incorporation of
estimates of cross-sectional correlation into the estimation procedure.

Collins and Dent [1984] propose and examine via simulations a technique that incor-
porates cross-sectional correlation in the case where all events affect al firms on the same
day(s), using NY SE and ASE firms. Malatesta[1986] and McDonald [1987] both examine
SUR in event study frameworks, but both use only one event per firm, and use only samples
of 30 firms. In Malatesta, the independent variables are the same across al firms—the so-
called multivariate analysis. We extend previous research on SUR on several dimensions.
First, we simulate 2, 5, and 20 events per firm, instead of only 1. We also examine how the
number of firmsin the model affects the statistics by using samples of 25, 50, and 75 firms,
rather than only 1 sample size of 30 firms. Finaly, we investigate the effect of event date
uncertainty on test statistics by examining 1, 2, and 5 day event windows.

The remainder of the paper is organized asfollows. Section 1 discusses the use of SUR
in accounting and finance event studies, and reasons for concern about the test statistics
generated. Section 2 presents the approach used in the ssimulations, including the scenarios
simulated and how those scenariosrelate to accounting research situations. Section 3 covers
the hypothesestested in event studies, the statistics collected from each ssmulation, and the
theoretical distributions of these statistics. Sections 4 and 5 present the empirical results
of the smulations and implications for design and interpretation of accounting research.
Finally, section 6 gives directions for future work.

1 SUR asused in accounting event studies

Accounting information event studies assess stock price reactionsto releases of accounting
information. The researcher attempts to estimate the relation between new information
in an accounting number and the change in stock price (the stock return). Early event
studies examined (cumulative) abnormal returnsfrom the event period to see whether there
were significant abnormal returns on average across firms during the event period. To
assess differential returns across different groups of firms, firmswere assigned to portfolios
based on some firm characteristic, and the abnormal returns for different portfolios were
compared. A problem with this approach to assessing differential returnsin some research
contexts is that either (1) the levels of information in the accounting numbers must be
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assumed to be the same for al firms, so a firm’s abnormal return captures the (cross-
sectionally varying) stock price effect of the “unit” of information, or (2) the abnormal
return for each firm must be assumed to be a composite, due partly to the level of new
information in the firm’s accounting number, which could vary cross-sectionally, and partly
to the coefficient mapping aunit of information into the stock return, which could also vary
cross-sectionally. In other words, in cases where the level of information in an accounting
number may vary across firms, and the stock price response to a unit of information may
vary across firms, abnormal returns give composite measures that are not easily separated
into their constituent parts. Researchers must ignore part of theinformation available in the
accounting release if portfolio abnormal return analysisis used. Alternatively, abnormal
returnscan beregressed on measuresof informationin cross-sectional pooledregressions. In
this case, the researcher implicitly assumes the coefficient relating information to abnormal
returnsis cross-sectionally constant.

To incorporate both different levels of information, and different mappings across firms
of stock price response to a“unit” of information, an extended market model can be used.
The extended market model is

lie = i + B I + i A + <t (1)

wherer;; and r are daily returnsto firmi’s stock and the market portfoliofor day t, ¢t isa
random error term, and o and i are market model parameters. Thetermsa; and 5 ry are
included to control for market wide movementsin stock prices unrelated to the accounting
information releases of interest. The term ¢;; isincluded to allow for other events affecting
stock price that are not related to the accounting information release of interest. A isa
vector of accounting information rel eases whose elements take on nonzero values only for
those days on which there is arelease of interest. +; is a firm-specific coefficient relating
accounting information to stock returns.

If there is only one nonzero element per firm, equal to unity, in each A; vector, the ~;
coefficients are equivalent to market model abnormal returns. If there are multiple nonzero
elements in the A; vector, each equal to unity, the ~; coefficient is equal to the average
of all event period abnormal returnsfor firmi. Finaly, if the nonzero elements of the A
vectorsvary cross-sectionally and throughtime, the~; coefficientsarefirm-specific response
coefficientsthat map different levelsof informationinto stock returns. Itisthislast situation
that we smulate in this paper.

Equation (1) can be estimated using ordinary least squares for each firm. However, if
there is contemporaneous correlation across firms among the errors ¢, stated significance
levels of statistical tests may be incorrect, potentially leading to incorrect inference. SUR
may be used to incorporate estimates of cross-sectional correlation in the estimation process
and in statistical tests.

The general SUR model is
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where

n = number of firmsin the sample

Y; = t x 1vector of t time series observations on the de-
pendent variable for the ith firm; this corresponds to
ther; vectorsin equation (1)

Xi = tx kmatrix of explanatory variablesfor firmi; from
(1), this matrix consists of the constant, rq, and A
vectors

N = kx 1vector of firm-specific coefficients («;, 5i, and
~i from (1)) relating the dependent variable to the
explanatory variables, and

ei = tx 1vector of errors.

This set of equations may be written
Y=XI+e¢.
The most efficient estimator of I is
F=XET o) XE 2 Y), (3)

where ¥ isan n x n matrix of pairwise covariances among the n firms. The elements of 3
are obtained by estimating the firm specific equationsin (2) equation by equation, obtaining
the n error vectorse;, and calculating covariances between al pairs of error vectors.

Hypotheses about the relations between returns and accounting information events can
be tested using linear combinations of the ~; coefficients, either the OLS estimates from
the individual firm-specific equationsin (1), or the EGL S estimates from equations (2) and
(3). If theresearcher believes ex ante that cross-sectional correlationisnegligible, ¥he may
choose to use the OLS estimates, hence avoiding the possible introduction of estimation
error in 5. If the probability of significant cross-sectional correlation is high, however, the
researcher may choose to use the EGLS estimates, even though estimation error may be
presentin >. We present evidence on several OLS and EGL S statistics that may be used in
hypothesis testing.

Although the capability to estimate firm-specific coefficients and incorporate estimates
of cross-sectional correlation is desirable in many accounting contexts, these capabilities
do not come costlessly. There are four potential problems. First, SUR assumes normally
distributed error terms, but it is well known that market model daily abnormal returns
(essentially the & in equation (1)) are leptokurtic. It is not known how sensitive the
SUR statistics are to departures from normality. Second, the test statistics frequently used
in SUR are only asymptotically correct. While a typical accounting event study using
SUR uses a time series of approximately five years of daily data per firm, there is no
theory specifying how many observations are needed before the asymptotic statistics are
relevant. Third, although the researcher may use five years of daily returns, the number
of non-zero observations per firm in the event vector itself is generally much smaller—
perhaps as few as 1 or 2 in the case of management forecasts of earnings. While the total
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number of observations per firm is large, the number of meaningful observations used to
estimate the main parameters of interest is very small. But the degrees of freedom used to
establish rejection regions are based on the total number of observations, not the meaningful
observations for the parameters of interest. Fourth, the cross-sectional correlation matrix
is not known, but must be estimated from the data. Another source of estimation error is
therefore introduced into the model.

In this paper, we provide evidence on the joint effect on the test statistics of these four
potential problems. Determining the contribution of each effect individually is beyond the
scope of thispaper. Parksand Teets[1993] provide additional evidence on the contribution
of the individual elements.

2 Simulation overview, rationale, and implementation de-
tails

The objective of this study is to furnish evidence on the empirical behavior of SUR by
simulating SUR in contexts representative of those accounting researchers might encounter.
This section gives abroad overview of the simulation process, followed by a more detailed
examination of the rationale for and the implementation details of each step of the process.

2.1 Overview of simulation procedures

All of the smulations reported in this paper started with actual firm and market returns.
Therewerefour different factorsthat we mani pul ated acrossthe smulations: (1) the number
of events per firm, (2) the magnitude of the abnormal performance added to the actual return
on an event date, (3) thenumber of firmsin themodel, and (4) thelength of the event window
around each event date. All combinations of these four factors (detailed in the following
sections) gave us 108 different scenarios.

Ranges of abnormal performance introduced 4
0, [.00125,.00375], [.00375,.00625], [.0025,.0075]
X Numbers of events per firm 3
2,50r20
% Numbers of firmsin model 3
25,50, or 75
x  Length of event window 3
1, 2, or 5 trading days
Total number of scenarios 108
2.2 Returns

Theunderlying returnsused in these ssimulationsare actual firmreturns. Starting with actual
returnsisimportant, asitiswell-knownthat daily returnsareleptokurtic. Thedeparturefrom
normality may affect the empirical distributions of the SUR statistics used in hypothesis
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tests. We gathered returns data for 30 different sets of 75 firms, and corresponding market
returns. For each firm, 1,280 returns were used. This represents approximately five years
of daily returns.?

One potential benefit of SUR is that it incorporates estimates of cross-sectional corre-
lation of residualsin coefficient estimates and statistical tests. A reason for this correlation
may be that firms in an industry are affected similarly by events for which the market
model provides insufficient control. Therefore, we selected firms from related industries
for each set of 75 firms. Firgt, listings of NY SE/ASE and NASDAQ firms in each two
digit SIC code were generated from the CRSP daily stock return files. Separate lists were
generated for 1975-79, 198084, and 1985-89. To be included in alist, afirm could have
no missing data during the respective time period. Next, we combined lists of firms from
consecutive two digit SIC codes until we had lists containing 75 firms. For example, one
set contained returnsfrom 197579 for NY SE/ASE firmsin SIC codes 34-35. The 30 sets
of firmsincluded 10 sets from each of the three time periods. Twenty sets were composed
of NYSE/ASE firms and ten were from NASDAQ. Each set of returns was used as the
basis for 55 sets of smulations, resulting in 1,649 ssmulations for each of the 108 different
scenarios.®

2.3 Event dates

Two broad classes of events are of interest to accounting researchers. The first comprises
those accounting-related announcements that occur irregularly. The second comprises
events that occur regularly. SUR may not be equally effective in these different situations,
because they give rise to different numbers of non-zero elements in the information event
vectors. Management forecasts may give rise to only one or two announcementsin afive
year period. Therewill be five annual reportsissued in afive year period, and 20 quarterly
earnings announcements. To investigate whether the number of events per firm affects the
distributions of test statistics, we ran ssmulations where each firm experienced 2, 5, or 20
events.

Two sets of event dates were generated for each set of smulations. The first set
was used for the 5 and 20 event simulations. Twenty dates, corresponding to quarterly
announcements, were generated for each firm. The first date for each firm fell within the
first 77 observations. The next 19 dates were obtained by adding 63 days to the previous
date (there are approximately 63 trading days per quarter). For the five events per firm
smulations (yearly events), the firgt, fifth, etc., dates were used. Having the five events
be a subset of the 20 events allows us to assess the effect of adding events to an existing
set of events. This corresponds to the research situation where the researcher must decide
whether to use quarterly announcements as well as annual announcements.

For the two events per firm simulations, different dates were generated. The only
requirement for these dates was that they not be within thirty days of each other for the

2The number 1,280 was chosen due to hardware considerations on a Cray supercomputer used in the
simulations.
3We generated 1650 simulationsfor each scenario, but one set of results was inadvertently erased.



same firm.

The maximum number of events per firm in a given smulation was 20. Over the 55
sets of simulations based on asingle set of firms, thisimpliesthat 1,100 dates per firm were
used as event dates. No attempt was made to insure that the dates for a given firm were
different across smulations.

2.4 Levelsof abnormal performance

In order to determine the Type | error rates of the various statistics, ssimulations were run
where no abnormal performance was introduced into the returns vectors. Simulated values
used in the A; vectors on event dates as measures of (false) information were uniformly
distributed [.00125,.00375] (mean of .0025).

To assess the powers of different statistics under the aternative hypothes's, threeranges
of abnormal performance and associated information events were used: [.00125,.00375]
(mean of .0025), [.00375,.00625] (mean of .005), and [.0025,.0075] (mean of .005). Three
different ranges were used to assess how different levels of abnormal performanceaffect the
ability of SUR to detect stock priceresponsesto information events. Inthesesimulations, the
simulated valueswere used in the A; vectors on event dates and were added to the respective
firms’ returns vectors on corresponding days. Thisimpliesthat the true coefficient relating
the information variables to the abnormal returns was unity for al firms.

2.5 Numbersof firms

Accounting researchers are faced with questions regarding adequacy of sample size. In
SUR, there are two sample sizeissues. Thefirst one, how many events per firm are needed,
has been discussed in a previous section. The second oneinvolves the number of firmsthat
are needed for effective use of SUR. We did simulations with 3 different sample sizes, in
terms of numbers of firms. Each of the 30 sets of 75 firms was broken down into subsets
of 25, 50, and 75 firms. The models using 50 firms added 25 firms to the models using 25
firms, and the models using all 75 firms added 25 firms to the 50 firm models. When 25
additional firmswere added to amodel, the information event dates and valuesfor the firms
already in the model remained the same. This allows us to assess the effect of adding
additional firmsto an existing data set, rather than confounding the addition of firmswith
the effects of new event dates and abnormal returnsfor existing firms.

2.6 Event windows

Assessing the stock price change associated with an accounting information rel ease ismade
more difficult because the researcher may not know exactly when a piece of accounting
information became known. This difficulty was overcome in studies based on market
model abnormal returns by using a cumulative abnormal return that covered a multiday
window assumed to include the date of actual release of the information. Generally, longer
event windows in SUR are implemented by assigning the information value for a given



event to several consecutive elements in the information event vector. However, this does
not accomplish the same thing that was accomplished with a cumulative abnormal return.
Underlying the use of cumulative abnormal returnsis the idea that the effect of (possibly
unidentified) confounding events occurring during the cumulation period will average out
to zero, so the expected value of the cumulative abnormal return will be the abnormal return
associated with theevent of interest. Assigning theinformationvalueto several consecutive
event dates in SUR may accomplish quite another thing. In effect, the researcher assumes
that the entire stock price change due to an accounting disclosure takes place rapidly, but is
unable to identify exactly when the disclosure was made.* Assume that all event windows
are two days in length (the information event vector has two consecutive non-zero values
for each event), and that the return of interest occurs on one of the two days. In terms of
equation (1), the portion of ri; not explained by «; + Sirpy has an expected value of zero
on non-event days, and is the desired abnormal return on the true event day. Hence, the ;
coefficient will be estimated using observations half of which have the desired relation, and
half of which in effect associate the information variable with a value of zero (or noise).
Because ~; is estimated by minimizing the sum of squared residuals, it will be biased
toward zero, and its standard error will be biased upwards, relative to the situation where
the information variable is non-zero only on the “ correct” date.

In order to assess the behavior of SUR in situations where the event date cannot be
identified exactly, two day and five day event windows are used, in addition to the one day
window. Inthetwo (five) day ssimulations, the information variableisassigned the non-zero
value two (five) consecutive days, while the non-zero value is added as an abnormal return
to the actual return on only one of the two (five) days.®

3 Hypothesestested and statisticsused in thetests

There aretwo basi ¢ hypothesestested in accounting event studies, both having to do withthe
association between stock price changes and information events. The first null hypothesis
is that each of the ~; coefficientsin (1) is equal to zero. The second null hypothesis is
that the average stock price response to the information events, across all firms and events,
is equal to zero; i.e., thereis no information disclosed in the information releases that is
associated with stock price changes, on average. Likelihood ratios, y? statistics, several F
statistics, and statistics based on sums of coefficients and associated standard errors have
been proposed to test these hypotheses. Parksand Teets[1993] presents evidence on severa
of these statistics. Here, we concentrate on three sets of F-statistics and statistics based on
sums of coefficients and associated standard errors.

4There may be cases when the researcher assumes that the reaction to the announcement takes place over
several days. Inthese cases, having non-zero information values for consecutive days may be appropriate.

SWe always added the value to the first return in the multiday window. As the event dates are randomly
generated, this should not affect the generalizability of our results to situations where the event window is
constructed to precede or surround the uncertain event date.



3.1 Hoz : Y = 0Vvi

The first null hypothesisisthat each of the ~; coefficientsin (1) isequal to zero.® Thisnull
hypothesisis useful in two situations. The first is when the researcher expects some firms
to experience positive returns and othersto have negative returnsto similar announcements.
The average of the ~;’s may be insignificantly different from zero, because positive coef-
ficients for some firms are offset by negative coefficients for others. For example, if the
event of interest to the accounting researcher isachangein tax law which will benefit some
firms, but will harm others, atest for an effect of the law on average is likely to lead the
researcher to conclude that the change in tax law does not significantly affect firms, while
asimultaneoustest of theindividua coefficients may lead to the opposite conclusion. The
second situation iswhen an announcement has major implicationsfor only one or two com-
panies, and minor implications for others. Again, the average effect may be insignificant,
but the effect is not insignificant for all firms.

For each smulation, we cal cul ated three F-stati stics that have been suggested to test Ho; .
Two of the statistics are from the true SUR model, while the third is from the consecutive
eguations model. The F-statistics from the true SUR model are both based on the restricted
and unrestricted system mean square errors (SMSE) from the SUR system in equation (2).
Thefirst F-statistic is that calculated by the SAS statistical package. It is defined

SMSER — SMSE, SMSE,
q (T—K)*N’

where g and y denote restricted and unrestricted, g is the number of restrictions, N is the
number of firms (equations) inthe model, T isthe number of time-series observations used
for each firm, and k is the number of coefficients estimated for each firm. For testing Hog,
isequal to the number of firmsin the model, corresponding to the restriction under the null
that all 4; in equation (1) are equal to zero. Itisdistributed asymptotically F(N,(T — k) « N).

The second F-statistic, which we denote the Schipper and Thompson F-statistic (see
Schipper and Thompson [1985]) is also based on the differencein SMSE'’s, and isexact in
situations where the independent variables are the same across al firms—the multivariate
case. It is commonly thought to be more conservative than the SAS F. The Schipper-
Thompson (hereafter ST) F to test Ho; is defined to be

(SMSEx — SMSEy) * (w) ,

(T—K *N

and isdistributed F(N,T — k — N + 1) in the multivariate case.

In cases where the researcher decides not to incorporate estimates of cross-sectional
correlation into coefficient estimates or dtatistical tests, an F-statistic based on the OLS
estimates of equation (1) can be used to test the hypotheses. This F-statistic is equivalent
to the SAS F satistic when the covariance matrix is diagonal. However, it can also be

5The aternative hypothesisisthat one or more of the~; coefficients is not equal to zero. It isnot that none
are equal to zero.
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expressed as

N .2
7

i

Zl -

where N isthe number of firms, the ; are from equation (1), and a§i are the OL S estimates
of the variances of the 4;.” This statistic, which we denote the Theil F, is distributed
asymptotically F(N,(T — K) « N).

3.2 Hp: le\il 7 =0

The second null hypothesis is that the average® stock price response to the information
events, across al firms and events, is equal to zero; i.e., there is no information disclosed
in the information releases that is associated with stock price changes, on average. In cases
where the effects of the information events are expected to be in the same direction for al
firms, this may provide a more powerful test than the previous test. This is because the
accumulation of many small effects, none significant in themselves, may be significant in
total .°

To test Hp,, we again calculated two F-statistics from the true SUR model. The SASF
used to test Hg, is again defined as

SMSER — SMSE, SMSE,
q (T—K*«N’

For testing Ho, g is one, the only constraint under the null being that the sum of the ~
coefficients be zero. This statistic is distributed asymptotically F(1,(T — k) = N).
The Schipper and Thompson F-statistic used to test Hg, is simply

(SMSEr — SMSE),

and isdistributed F(1,T — K) in the multivariate case.

Therearethree statisticsbased on the consecutive equationsmodel that can be used to test
Hoo. Thefirst, whichweagain call the Thell F, isasymptotically distributed F(1,(T — k) x N).
It can be calculated as )

(Zil\ll ’Vi)

Zil\ll U’% .
The final two statistics, which we call SUMT and SUMC, were used by Malatesta'”
[1986]. SUMT isasum of t-statistics, divided by the squareroot of the number of t-statistics

"See Theil, pp. 314-317, particularly problem 3.1.
8Testsof Y, v =0and & 371, ~ = O result in the same F statistic. It is convenient to drop the & term.
9Earlier abnormal returnsstudiesgenerally tested thishypothesis. While off setting effects could be handled
by creating separate portfoliosfor firms expected to be affected positively or negatively, thiswould still give
statistics based on groups of firms, rather than a statistic testing al firmsindividualy, but simultaneoudly.
0SUMT and SUMC arethe W** and Z** statisticsin Malatesta. McDonald reportsthe W** statistic, but
not the Z** statistic.
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in the sum: N
SUMT = (Z l) /N,
i=1 T
where N is the number of firms. SUMT is distributed N(0,1) under the null hypothesis of
no stock price effect, on average, associated with the information events, and ignoring the
covariance structure of the firm returns.
SUMC is the sum of the ~; coefficients, divided by the square root of the sum of their

OLS variances:
N N v2)
SUMC = (Z ’yi) /(Z Ugi) :
i=1 i=1

SUMC isalso distributed N(0,1), again assuming that firm returns are independent.

4 Resultsof smulations

In this section, we report on two aspects of the results of the ssimulations. First, we discuss
the Type | error rates of the various statistics for each of the two hypotheses. Next, we
discuss the power of the statistics.

4.1 Typel errors. Rejections when no abnormal performanceisin-
troduced

411 Hq: Vi = 0 Vi

In table 1 we present the Type | error rates for the three F-statistics used to test Ho;. A
Type | error occurs when the null hypothesis is rejected when no abnormal performance
was introduced into the returns series on the event dates.!* All of the rejection frequencies
are significantly above the nominal levels. Using a normal approximation to the binomial
distribution, and n=1649, the 95% confidence intervals should be [3.9%, 6.1%] for the
nominal 5% rejection level, and [.5%, 1.5%)] for the 1% rejection level. The null hypothesis
isrejected far too often. At the nominal 5% level, rejection rates range from 9.2% to 33.9%
for the SAS F, 8.2% to 23.5% for the ST F, and 6.9% to 20.3% for the Theil F. The best
case at the 5% level occurs for the Theil F statistic for 20 events and 25 firms, using a 1
day window. Theregection rate of 6.9% is about 3.5 standard deviations avay from the 5%
level. For thenominal 1% level, rejection rates are also high. For the SASF, rgjection rates
range from alow of 3.5% to ahigh of 19.5%. Similar ranges for the ST F and the Theil F
are 2.9% to 11.9% and 2.7% to 9.6%. The best case at the 1% level again occurs for the

1t may be that the apparent over-rejections are due to our having non-zero elements in the A vectors that
happen to coincide with dates on which there actually were significant information events for the firms used
in the simulations. However, that is a strength of basing the simulations on real returns data, not a weakness.
The researcher can never get atruly clean sample, where nothing el se has affected the firms on the identified
event dates. Only by using returns drawn from such an information rich environment can we get arealistic
idea about how the statistical methods will behave in practice.
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Theil F, for 20 events and 25 or 75 firms, using a1 day window. The rejection rate of 2.7%
isamost 7 standard deviations from the nominal 1% level.

Note that the 2 event scenarios are independent of the 5 event scenarios, while the
5 event scenarios are selected by choosing every 4th event from the 20 event scenarios.
Hence, the 5 and 20 event scenarios are not independent. Also, the statistics themselves
are not independent. They are calculated from the same models, using the same returns
and smulated events. The statistics differ in whether they incorporate estimates of cross-
sectional covariance. They also differ asto degreesof freedomused infinding critical values
used to determine significance levels of the cal culated statistics, although the statistics may
be asymptotically nearly the same.

There are a few regularities to be seen across the three panels. First, the more firms
there are in the model, the worse over-rejection is. This holds true across al windows for
amost al numbers of events. Second, the Thell F statistic almost always has the lowest
over-rgjection rate, followed by the ST F, followed by the SAS F, regardless of number of
events, firms, or window length. Third, for a given window length and number of firms,
the highest over-rgjection rate is generally for the 5 event scenario. Generaly, the next
highest iswith 2 events, with 20 events being the lowest, but still very high compared to the
nominal Typel error rates. The “best” window lengthis5 for scenarios with 2 or 5 events,
but is 1 for scenarios with 20 events.

412 He:YN,4=0

Table 2 containsthe empirical Type | error ratesfor the 5 statistics used to test Hyy, that the
average of the 4; coefficientsis zero. In genera, the empirical Type | error rates for all of
these statistics are much closer to the nominal levels than the error rates for the statistics
used to test Hp;. For scenarioswith 2 or 20 events, only 14 out of the 180 different statistics
are outside the 95% confidence intervals. If the statistics were independent, we would
expect 9 to be outside the limits of a 95% confidence interval, strictly due to chance, and
these statistics are not independent. Across all scenarios and all 5 statistics, rejection rates
at the5% level, 2 or 20 events, range from 3.5% to 6.9%. At the 1% level, respective values
are .4% to 1.7%.

For the scenarioswith 5 events, the situation isvery different. Only 14 of the 90 statistics
presented are within the 95% confidence interval limits. For 5 events, all of the statistics
exhibit high Type | error rates, ranging from 5.2% to 17.2% at the nominal 5% level and
1.4% to 6.7% at the 1% level. Most of them lie outside the 95% confidence intervals of
[3.9%,6.1%] and [.5%,1.5%]. We have no explanation for why the statistics do relatively
well with 2 and 20 events, but very poorly with 5 events. (Recall that the 20 event scenarios
essentially take the 5 event scenarios and add an additional 15 events. Therefore, the 5 and
20 event scenarios are not independent. Yet the 20 event statistics appear to be reasonably
well specified, while the 5 event statistics reject too often.)

Comparing the true SUR statistics, the rejection rates for the SAS F and the ST F are
identical for all scenarios presented. (See Appendix A for an explanation of this apparent
equality.) Comparing the statistics calculated using the consecutive equation model, the
Theil F and SUMC tatistics have essentially identical rejection rates, differing in only 2
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cells presented.

Atthe5%level, the 95% confidenceinterval for n=1649 isabout 4% to 6%. Asshownin
table 2, the SUMC statistics reject the null less often than the SUMT statistics but for most
of the scenarios with 2 or 20 events per firm, the rejection frequencies for both statistics
are within the 95% band. Again, for the 5 events per firm scenarios, both statistics reject
significantly more often than would be expected based on the nominal size of the tests.
The SUMT regjection rates are particularly high for some scenarios. There is no uniform
behavior with respect to the number of firms, or the window length.

Probably these statistics fail (lie outside the 95% confidence band) due to ignoring the
covariance structure. The statistics only fail by being above the top of the 95% confidence
band, probably indicating that for those cases ignoring the covariance structure produces
statistics alittle too large.

4.2 Empirical distributions when no abnormal performanceisintro-
duced

In this section, we present the first and fifth percentiles of the empirical distributions of the
statistics when no abnormal performance is introduced. Thisis done in order to present
meaningful power tables in the next section. Powers of statistical tests must be evaluated
for specific Typel error levels. Researchersare generally interested in powers of tests given
Type | error rates of 5% or 1%. Since statistics for some scenarios had Type | error rates
much higher than indicated by the nominal size, power tablesfor nomina Typel error rates
of 5% and 1% would not be very informative. To provide more meaningful power tables
in the next section, we used as critical values the first and fifth percentiles of the empirical
distributions generated when no abnormal performance was introduced. We present those
empirical vauesin this section.

Rather than using the calculated F- or z-statistics, we work with the p-values of those
statistics. Thep-valuesarethose associated with the cal cul ated statisticsand their theoretical
distributions and degrees of freedom. This allows uniform interpretation of the empirical
critical values given. That is, all empirical critical values are p-values, ranging between
0 and 1, rather than being points from different distributions with different degrees of
freedom.

Tables 3 and 4 present the first and fifth percentiles of the empirical distributions of the
p-values of the statistics generated in the simulations where no abnormal performance was
introduced. Table 3 presents the empirical critical p-values for the statistics used to test
Hoi: i = 0 Vi; table 4 presents similar values for testing Ho, : 321, i = 0.

Each cell entry is based on the empirical distribution of the 1,649 statistics generated
for a specific scenario. Consider the cell in table 3, panel A, for the SAS F statistic testing
whether al of the ; are equal to O, for 2 events, 25 firms, window length 1 day, 5% level
test. The p-values based on theoretical distributions were obtained for each of the SASF
statistics from the 1,649 ssmulations using 2 events, 25 firms, and a window length of 1
day, where no abnormal performance was added to the firm return vectors on the (false)
event dates. The value of 0.219 indicates that 5% of the p-valuesfor these F statistics were
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smaller than 0.219%. An F statistic with a p-value larger than 0.219% would not represent
argection of the null hypothesis at the 5% level, based on the empirical distribution.

Another way of looking at tables 3 and 4 isthat if the p-values listed in each cell were
used as the critical values for rejecting the null hypothes's, the Type | error rates would be
exactly 5% (1%) for al scenarios where no abnormal performance was introduced in the
simulation process.

421 Hos : Vi = 0 Vi

The high Type | error rates presented in table 1 imply that the first and fifth percentiles of
the empirical distributions of nominal p-values must be smaller than 1% and 5%. Table
3 shows that, except for scenarios with 20 events per firm, the first and fifth percentiles
are a least an order of magnitude smaller than the nomina 1% and 5% levels. Of the
true SUR statistics, the ST F statistic isin general closer to the nominal values than is the
SASF. Empirical 5% rejection rates were achieved for the ST F by using p-valuesranging
from .047% to 2.421%. To achieve a 1% rejection rate, p-values ranging from 9E-6% to
.404% were needed. For the SASF, empirical p-vaues used to achieve 5% (1%) empirical
rejection rates ranged from .005% (1E-7%) to 1.868% (.276%). The empirical p-valuesfor
the Theil F from the consecutive equations model are closer to the nominal p-values than
are the ST F at the 5% nominal level, but neither statistic dominates at the 1% nominal
level.

For all three statistics, for a given number of firms and window length, increasing the
number of events per firm brings the empirical 5% and 1% points closer to the respective
nominal points. However, for a given number of events, adding firms moves the empirical
critical values farther from the nominal values. That is, as more firms are added, smaller
critical p-values must be used to achieve the same nominal sizetest. Finally, for scenarios
with 2 or 5 events per firm, increasing the window length brings the empirical critical
p-values up towards the nominal values, but for the 20 event scenarios, increasing window
lengths push the empirical critical p-values down, farther from the nominal values.

4272 Hoo: Z:\ll Vi = 0

Table4 presentsthefirst and fifth percentilesof the distributionsof p-valuesfor the statistics
used to test whether the average of the coefficients is significantly different from zero.
These points from the empirical distributions are closer to the nominal valuesthan were the
respective pointsfor the statistics testing Ho,. The empirical values are generally below the
nominal values, but not always. For scenarios with 20 events per firm, the empirical values
are sometimes larger than the nominal values.

For a given number of firms and window length, scenarios with 2 or 20 events have
empirical valuesclosetothenominal values, whiletheempirical valuesfor 5 event scenarios
aregenerally smaller. Thereisno consistency intheeffect of adding firmsfor agiven number
of events and window length. For 2 event scenarios, for agiven number of firms, increasing
the window length brings the empirical critical values closer to the nominal values. There
isno such consistency for the 5 and 20 event scenarios.
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In summary, from both the tables of Type | error rates and the tables of the 5% and 1%
points of the empirical distributions, it is clear that all of the statistics testing Ho, reject too
often when no abnormal performance was introduced. The rejection rates for the statistics
used to test Hp, are much closer to the nominal levels, although there is a dight tendency
to over-rgject here aswell. The next section looks at the other side of the coin—how often
the statistics regject the null of no abnormal performance when abnormal performance was
added to thereturns.

4.3 Power: Rejections of the null when abnormal performanceisin-
troduced

Given that the Type | error rates are generally excessive for the statistics examined, simply
calculating power as the percentage of regjections at the nomina 5% and 1% levels, when
abnormal performanceisintroduced, would be misleading. Therefore, we present in tables
5 through 10 corrected power tables. The critical p-values used to determine rejection or
non-rejection of the null hypothesis are those presented in tables 3 and 4, discussed in the
previous section. All corrected power tables contain three panels, as three different ranges
of abnormal performance were used in the smulations used to assess power. Abnormal
performance metrics used in the simulations reported in Panels A were drawn from a
uniform distribution over the range [.00125,.00375], with a mean of .0025. The second
range, reported in panels B, was[.00375,.00625], with amean of .005. The third range also
had a mean of .005, but had alarger range, [.0025,.0075].

For all statisticsfor both hypotheses, for a given number of firms, number of events per
firm, and window length, the power of the tests increased as the mean level of abnormal
return added on the event dates increased. That is, reection rates for all scenarios and
al statistics, panels A, where the abnormal returns have a mean of .0025, are lower than
corresponding cells from panels B and C, where the mean of the abnormal returns added
is .005, with differing ranges. The statistics are differentially sensitive to the variance of
abnormal returns added, as regjection rates are sometimes higher in panels B than C, and
sometimes lower.

One final regularity can be seen across all corrected power tables. Up to this point, we
have discussed number of events per firm and number of firmsin the model as separate
variables. We have done this primarily because these are separate concepts in the realm
of accounting research. However, from a purely statistical point of view, changes in either
(or both) change the total number of events in the model. An additional column has been
inserted in table 5, showing the total number of events in any given scenario. For all of
the statistics for both tests, the rejection rates generally increase with the number of total
events. However, therates of increase differ across hypothesestested, and will be discussed
under the appropriate hypothesis.
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431 Hos: Vi = 0 Vi

The first noteworthy item is that, after correcting for the different empirical rejection rates
under the null hypothesis by using the scenario specific rejection rates given in table 3, the
corrected power ratesfor the SASF and the ST F areidentical to three decimal places. (See
Appendix A for areconciliation of these statistics.) Therefore, we present acombined table
for the SAS and ST F statistics.

Tables 5 and 6 both show that, for agiven number of events per firm and window length,
adding additional firms increases the power of the tests. However, the increase in power
achieved by adding events for a given number of firmsis much greater. For example, for
the ST F, using 75 firmsinstead of 25 firms, each with 2 events, increases the rejection rate
from 6.2% to 6.6%. However, having 5 events rather than 2 events for 25 firms increases
the rejection rate from 6.2% to 11.0%. In terms of total number of eventsin the model, 2
events, 25 firms has 50 total events. Moving to 2 events, 75 firms gives 150 total events,
whilemoving to 5 events, 25 firmsonly gives 125 total events. Yet theincreasein power is
greater by increasing the number of events per firm.

Finally, window length has a dramatic effect on the powers of the test statistics in the
instances where the power for the (correctly specified) one day window is reasonably good.
For example, the Theil Fin panel B of table 6 rgjects 45.5% of the time at the 5% level for
the 5 events, 75 firms scenario when a one day window isused. That dropsto 26% when a
two day window isused, and to 11.2% when afive day window is used.

432 Hp:3XN,4=0

The corrected power ratesfor the SASF and ST F for testing Ho, are again identical to three
decimal places, after correcting for the difference between nominal and empirical Type |
error rates. Therefore, we again present a combined table for the SAS and ST F statistics.

As was true for the statistics testing Ho;, the total number of events in the model is
important. However, for Hpy, the number of events per firm was very important. Here, that
seems to be less true. For example, examine table 10, panel A, the 1% column under the
one day window. The power with 2 events per firm, 75 firms, is 16.4%. For 5 events, 25
firms, itis 13.1%. The total number of events goes down for the 5 events, 25 firms scenario,
and the power declines. However, numbers of events per firm is not unimportant, either.
In the 5% column for the same numbers of events, firms, and window length, the rejection
rate increases modestly, from 31.4% to 32.9%, even though the total number of events has
decreased. Overall, thetotal number of events seems moreimportant in determining power
for tests of Hgy than Ho;. In any case, increasing either the number of events for a given
number of firms or increasing the number of firms for a given number of events per firm
both result in increases in power.

The effect of increases in window length is not as consistent for statistics testing Hop
as for those testing Ho;. Increasing the window length results in substantial declines for
all scenarios for the lowest level of added abnormal performance. For the higher level of
abnormal performance, both ranges, there is substantial decline for scenarios with 2 or 5
events, or 20 events and 25 firms. However, for 20 events and 50 or 75 firms, the decreases
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in power are small when moving from a 1 day window to a 2 day window. Moving to a5
day window results in substantial declinesfor all scenarios.

Finaly, after correcting for the difference in Type | error rates, SUMT appears to be
the dominant statistic for testing Hg,. It dways has higher power than the other statistics
examined.

5 Researchdesignandinterpretationinlight of smulation
results

In light of our smulations, what can one say about designing and interpreting results of
accounting research studies using true SUR or the consecutive equations models? Basicaly,
if onewishesto test hypothesessimilar to our Ho;, that all firm-specificresponse coefficients
are equal to zero, one must use something like the models studied here. However, our
evidence indicates that one must use very conservative rejection regions, or the probability
of Type | errorswill be large. Furthermore, if one corrects for high Type | error rates by
using rejection regions based on the empirical distributions outlined here, power may be
poor, especialy if the research examines infrequent events. For example, in table 5, panel
A, for scenarioswith 2 events per firm, 5% level test, rejection ratesrange from 6.2 to 6.6%,
if the exact event date was known. With event date uncertainty, that range declinesto 5.1
to 6.4%. Since rgjections of the null hypothesis in this table are based on the empirical
critical p-valuesfrom table 3, approximately 5% of the simulations would have resulted in
rejections even if no abnormal performance had been introduced. For scenarios with few
events per firm, the power is barely above the number of rejections expected in the absence
of introduction of any abnormal performance. However, if the study focusses on recurring
events such as quarterly announcements, and thereis only slight event date uncertainty, the
power is much better. For example, in the same column, if there are 20 events per firm,
rejection rates range from 42.6% to 61.2%.

If the researcher isinterested only in average effects, the true SUR and the consecutive
eguations statistics are much better behaved. Type | error rates reported in table 2, while
still generally too high, are nowhere near as high asreported in table 1 for tests of Hp;. The
powers of the tests are aso higher.

If one is only interested in the average effects, the tendency may be to use a more
traditional event study method, such as portfolio abnormal return analysis or cross-sectional
pooled regressions of abnormal returns on information variables. However, these methods
also have drawbacks. In portfolio abnormal return analysis, the levels of (surprise in)
accounting information cannot be included as explanatory variables. In cross-sectional
pooled regressions, constraining the coefficients to be the same for al firms or for groups
of firms can create problems.*? Our simulations indicate that true SUR or the consecutive

12Teets[1992] presents an example where inference from SUR and inference from a pool ed cross-sectional
regression are opposite. Several differences between SUR and the pooled cross-sectional approach are
examined to see which one(s) drive the difference in inference. The constraint of equality of coefficients
under the pooled cross-sectional method appears to drive the difference in inference.
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eguations model, both of which permit inclusion of levels of information and firm-specific
coefficients, may be acceptable alternatives, in terms of Type | error rates and power, for
tests of average effects.

We chose thenumbersof eventsper firmto be representative of situationsencounteredin
accounting research. First, thetwo eventsper firm scenario correspondsto infrequent events,
such as management forecasts of earnings. Second, regular accounting announcements
occur annually or quarterly. Over afive year period, that will give riseto 5 or 20 events
per firm. To avoid problems with structural change in the sample firms, accountants have
frequently restricted their analysis to not more than 5 year periods. Our results suggest
that the powers of the test statistics are low for scenarios with only 2 events per firm.
This suggests that SUR may not have sufficient power to correctly identify significant
information events, after correcting for high Type | error rates, in studies of infrequently
occurring events. However, for studies using quarterly announcements, SUR may work
acceptably.®

If the researcher hasto choose between adding firmsto the sample, where each firm will
have only afew events, or identifying additional eventsfor firmsalready in the sample, our
results suggest that either strategy will provide gainsin power. If the research question has
to do with average effects, either strategy may work equally well. However, if the question
has to do with smultaneous tests for all firms (our Hoz), finding additional events for the
existent sample firmswill give greater increases in power.

We used different window lengthsto determinethe extent of the problem caused by event
date uncertainty when using SUR. Our results suggest the way that event date uncertainty
istypically addressed in SUR can severely affect the test statistics. There is a substantial
reduction in power upon moving to a 2 day window from a 1 day window, and a further
reduction upon moving to a5 day window. This reduction in power suggests that SUR as
typically implemented may not be appropriate when thereis major event date uncertainty.

Finally, what do our resultsimply about the choi ce between thetrue SUR and consecutive
eguations models? On the whole, there doesn’t seem to be a lot to recommend one over
the other, empirically. For testing Hoz, the ST F statistic generally has higher corrected
power than the Thell F from the consecutive equations model, but in many of the scenarios,
they are very similar. In tests of Hp,, the SUMT datistic from the consecutive equations
model had the highest power in all scenarios. The near equality of the methods may be due
to the noise in the cross-sectional covariance estimation process offsetting the gains from
incorporating covariance estimates in the coefficient estimates and statistical tests.

13This discussion assumes that the average abnormal returns associated with the different frequency events
are similar. If the infrequent events are associated with large abnormal returns, and the quarterly announce-
ments are associated with small abnormal returns, these conclusions may not hold.

¥ There are several waysthat multipleday event windows could beimplemented using firm-specific models.
Firgt, if the researcher doesn’t need to incorporate cross-sectional correlation, firm-specific models based on
equation (1) could be estimated with singleday returnsoutsi dethe event periodsand multipleday event period
returns, using WLS instead of OLS. If the researcher wants to incorporate cross-sectional correlation, and
events are on the same day for al firms, SUR can be used after appropriately scaling the multiple day firm
and market returns. Finally, if events happen at different timesfor different firms, leading to nonsynchronous
multiple day event period returns, a method suggested by Marais [1986] may be used.
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6 Directionsfor futurework

Thissimulation study of SUR examined situationswhere events occurred for different firms
at (possibly) different times. It did not examine the situation where a sequence of events
(possibly) affects a number of firms on the same event dates. It isin this Situation that the
Schipper Thompson F statistics are theoretically exact. It would be interesting to simulate
this situation, to see if the ST datistics have better Type | error rates and power. This
would provide evidence on whether the over-rejection when no abnormal performance was
introduced is due to the theoretical distributions holding only asymptotically, or due to
leptokurtosis of the returns.

Alternatively, one could generate normally distributed data to use in place of the actual
returns data used in this study. Simulations based on this data could provide evidence on
the effects of non-normality. One could also use much longer time series of generated data,
without having to worry about nonstationarity. This could provide evidence on the effects
of the distributions holding only asymptotically.

In these simulations, al coefficients were positive, and equal to unity. In this case tests
of the second hypothesis, on the average of the coefficients, should be more powerful than
tests of the first hypothesis. Simulations where there is variation across the coefficients
relating information to stock prices would give additional evidence on the use of SUR in
information event studies.

Finally, comparing pooled cross-sectional methods, portfolio abnormal return analysis,
and SUR under a variety of ssimulated conditions might provide evidence about when
researchers could rely on a method, and when assumptions of that method are violated
seriously enough that different methods must be contemplated.
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A Reconcilation of SASF and ST F

The SAS F used to test Hop : 4 = O Vi is defined as SMSER‘SMSEU /SMSE\,U and is
distributed asymptotically F(N,(T — k) « N), while the ST F |s defined ST = (SMSEg —
SMSEy)+ (14442 and isdistributed asymptotically F(N, T —k— N+1) inthe multivariate
case.

Deflne SMSEDF = %V'S%U Consider the ratio of the SAS F to the ST F It is
mm, since T is 1280 for all smulations, and k is 3. Based on our simulations,
the means (standard deviations) of the ratio SASFF for N = 25, 50, and 75 are 1.0192
(.000022), 1.040 (.000044) and 1.0616 (.000037). The dight variation in the ratio is due
to the g factor. Asymptotically, SMSEDF — 1. The mean (standard deviation) of
SMSEDF ;or N = 25, based on 59,364 smulations using 25 firms, is .999967 (.000021).
Respective numbersfor 50 and 75 firmsare .999935 (.000042) and .999916 (.000035). The
SAS Fis essentially a constant multiple of the ST F; the multiple depends only on the N
parameter.

The SASFiscompared to the F(N, (T — k) x N) distribution, and the ST F is compared
tothe F(N, T — k— N + 1) distribution. However, if the denominator degrees of freedom are
large (greater than 1000), the F distribution is essentially only dependent on its numerator,
a XZ divided by its degrees of freedom. Hence, both the SAS F and ST F are compared to
a x3 divided by N. For N = 25, 50, and 75, the critical values for a nomina 5% test are
1.506, 1.350, and 1.293.

Since SASF ~ 1.0192 ST F for N = 25, and both statistics are compared to the same
critical value, the empirical rejection rates are different, and always higher for SASF.
Assumethat asimulation using 25 firmsresulted inan ST F of 1.505. Based on the nominal
5% critical value of 1.506, this ST F would not lead to regjection of the null. However, the
corresponding SAS F would be approximately 1.535 (since SMSEDF isnot exactly 1), and
would lead to rejection of the null.

Thereason theregjection ratesbased on theempirical distributionsarethe sameisthat the
empirical critical values compensate for the factor relating the SAS F to the ST F. Consider
the 5% critical values from table 3 for the SAS F and the ST F, for the scenario with 2
events per firm, 25 firms, using a 1 day window. The SAS F critical p-vaue is .219%,
which trandates to an F of 1.9973, while the ST F critical p-value is .325%, which has a
corresponding F value of 1.9596. Theratio of these critical valuesisapproximately 1.0192,
which is the same as the mean multiplication factor (for 25 firms) used to trandate the ST
F into the SASF. The empirical critical values offset the multiplication factor by which the
two statistics differ.

The SASF and ST F statisticsused totest Hgp: S°N, 41 = O areeven moreclosely related.
The SASF isas defined for the test of Hgy, but gisnow equal to unity. The ST Fissimply
SMSER — SMSE,. Asindicated previously, SMSEDF — 1 asymptotically. Therefore, the
SAS F and ST F have almost identical values. Although the degrees of freedom used to
determine critical values differ across the two statistics (1 and (T — k) « N for the SAS F
and 1 and T — k for the ST F), the denominator degrees of freedom are large enough both
statistics are essentially compared to a y2. The minor effect of SMSEDF is offset by the
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small differencesin the p-values of the empirical critical values presented in table 4.
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Table 1: Typel error rates. Percentage of 1,649 ssimulations where
Hoz : i = 0 Vi was rejected when no abnormal performance was introduced.

Model?: rit = aj + G ' +7i Ait + €it

Panel A: SAS F Statisticd

Number of | Number of || 1 Day Window® || 2 Day Window® || 5 Day Window®
events/firm | firms (N) 5%° 1% 5% 1% 5% 1%
2 25 13.2 7.7 12.7 7.3 10.7 55
2 50 196 | 115 18.1 9.8 139 7.8
2 75 255| 150 234 | 139 193 | 116
5 25 149 7.6 151 7.0 125 4.8
5 50 234 | 120 249 | 123 18.5 8.4
5 75 312 | 183 339 | 195 255 | 132
20 25 9.2 35 11.3 3.8 12.6 4.7
20 50 13.6 50 18.0 6.9 16.7 7.3
20 75 21.2 9.7 23.7 9.9 220| 106
Panel B: Schipper-Thompson F Statistic®
Number of | Number of || 1 Day Window || 2 Day Window || 5 Day Window
events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 12.0 7.0 116 6.9 9.7 50
2 50 15.7 9.0 144 7.7 115 59
2 75 179 | 104 16.2 9.7 13.7 7.2
5 25 13.7 6.5 13.7 6.0 10.9 4.3
5 50 18.1 8.7 193 9.0 13.6 6.1
5 75 219 | 107 235 | 119 16.6 84
20 25 8.2 3.0 9.6 29 10.9 35
20 50 9.7 35 12.7 4.2 134 5.0
20 75 12.4 4.1 141 5.2 129 55
Panel C: Theil F-statistic'
Number of | Number of || 1 Day Window || 2 Day Window || 5 Day Window
events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 12.2 7.0 110 6.6 9.3 4.8
2 50 14.3 8.5 13.6 7.5 104 54
2 75 14.5 8.7 13.2 7.9 119 6.2
5 25 129 6.4 133 5.8 115 5.0
5 50 149 7.9 175 8.4 14.7 7.2
5 75 17.2 8.6 20.3 9.6 16.1 7.9
20 25 6.9 2.7 94 3.0 11.7 4.1
20 50 85| 28.0 11.2 35 12.9 4.7
20 75 8.9 2.7 109 3.8 110 3.8




a Models were estimated using 1,280 daily firm (r;;) and market (rn) returns from the
periods 12/06/74-12/31/79, 12/10/79-12/31/84, or 12/06/84-12/29/89. Within a simula-
tion, al returns were from the same time period. To simulate accounting information
events, randomly selected elements of the A vector were assigned randomly generated
non-zero values from one of the ranges[.00125,.00375], [ .00375,.00625], or [.0025,.0075].
Values varied across firms and events, but all were generated from the same range within
asmulation. In ssimulations used to determine powers of the tests, abnormal performance
was introduced into firms returns by adding the non-zero values to the firms returns
corresponding to the first date in each event window.

b For an x day window, the A; vector has x consecutive nonzero elements for each event.
Under the null hypothesis, no abnormal returns are added to the returns vectors.

¢ Nominal size of the test—the expected percentage of rejections of Hy; due to chance
when no abnormal performanceis introduced, if the test statistic is well specified.

4 The SAS F-statigtic is defined as

SMSEr — SMSE SMSEy
q (T—K)*N’

where SM SE denotes system mean squared error, g and y denoterestricted and unrestricted,

g is the number of restrictions, N is the number of firms (equations) in the model, T isthe

number of time-series observations used for each firm, and k is the number of coefficients

estimated for each firm. The statistic to test Hy, isasymptotically distributed F(N, 1277« N).
€ The Schipper-Thompson F-statistic is

T—k—N+1
(SMSEr — SMSEy) * (—) ,

(T—K *N
and is asymptotically distributed F(N,1277 — N + 1).
f The Theil F-statisticis
1 7i2
N2 o2
i=1 i

where o2 are the OLS estimates of the variances of the ;. The statistic to test Ho, is
asymptotically distributed F(N,1277 + N).
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Table 2: Typel error rates. Percentage of 1,649 ssimulations where
Hoz : 32N, v = 0 wasrejected when no abnormal performance was introduced

Moddl: riy = o + ﬂi Mt + 7 Ait it

Panel A: SAS F Statistic?

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 5.6 1.7 55 15 45 11
2 50 5.6 1.6 51 1.3 4.7 1.0
2 75 59 14 5.2 14 45 1.0
5 25 53 20 6.1 14 5.8 16
5 50 6.8 1.6 6.5 18 6.8 1.8
5 75 6.4 2.2 6.5 15 7.9 2.2
20 25 54 0.9 6.2 0.7 4.8 1.0
20 50 53 12 55 1.0 54 1.3
20 75 59 13 59 1.3 53 1.0

Panel B: Schipper Thompson F Statistic®

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 5.6 1.7 55 15 45 11
2 50 5.6 16 51 1.3 4.7 1.0
2 75 59 14 5.2 14 45 1.0
5 25 53 20 6.1 14 5.8 16
5 50 6.8 1.6 6.5 18 6.8 1.8
5 75 6.7 2.2 6.5 15 7.9 2.2
20 25 54 0.9 6.2 0.7 4.8 1.0
20 50 53 12 55 1.0 54 1.3
20 75 59 13 59 1.3 53 1.0

Panel C: Theil F Statistic®

Number of | Number of || 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 54 12 5.0 1.3 4.1 12
2 50 44 11 44 0.9 3.7 0.8
2 75 45 0.7 44 0.8 35 0.6
5 25 5.2 1.8 5.8 1.7 6.7 21
5 50 6.3 2.2 7.3 24 10.0 3.2
5 75 7.0 20 7.7 24 12.4 4.4
20 25 4.7 0.6 5.2 04 45 1.0
20 50 45| 21.0 4.7 0.8 49 1.0
20 75 49 0.8 49 0.8 4.6 1.0




Panel D: SUMT¢

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 6.9 1.3 6.2 1.2 5.0 15
2 50 51 11 5.2 1.0 45 12
2 75 5.6 1.0 54 0.8 4.1 0.7
5 25 6.5 1.7 7.2 21 8.6 3.0
5 50 7.0 25 9.3 3.0 13.2 49
5 75 7.0 24 10.5 2.7 17.2 6.7
20 25 5.0 1.0 4.9 1.0 5.8 1.3
20 50 4.9 0.8 4.6 11 5.6 15
20 75 4.1 1.0 54 1.0 6.6 14

Panel E: SUMC®

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 54 14 5.0 1.3 4.1 12
2 50 44 11 44 0.9 3.7 0.8
2 75 45 0.7 44 0.8 35 0.6
5 25 5.2 1.8 5.8 1.7 6.7 21
5 50 6.3 2.2 7.3 24 10.0 3.2
5 75 7.0 20 7.7 24 12.4 4.4
20 25 4.7 0.6 5.2 0.5 45 1.0
20 50 45 1.0 4.7 0.8 49 1.0
20 75 49 0.8 49 0.8 4.6 1.0

See notes to table 1 for definitions of symbols and description of model.

@ Seenotestotable 1 for formula. The statistic to test Ho, isasymptotically distributed
F(1,(T — K) x 1).
b Statistic is calculated as SM SEg — SMSEy, and isasymptotically distributed F(1,T —

¢ Statisticiscalculated (SN, ~; ’ SN, o2, andisdistributed asymptotically F(1,(T —
k) I) i
* .

@ Statistic is calculated (3N, 2-) /N, andis distributed asymptotically N(0,1).

 Statistic i calculated (X, ) / (5N, 02)
N(0,1).

T4
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Table 3: First and fifth percentiles of empirical distributions of p-values of

statistics testing Hos : i = 0 Vi. Each distribution based on 1,649

simulations where no abnormal performance was introduced.

Model: riy = o + ﬂi Mt + 7 Ait it
Panel A: SASF statistic

Number of | Number of | 1 Day Window | 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 0.219° | <0.001 || 0.190 | <0.001 || 0.735 | <0.001
2 50 0.017 | <0.001 | 0.063 | <0.001 | 0.272 | <0.001
2 75 0.005 | <0.001 | 0.007 | <0.001 | 0.062 | <0.001
5 25 0.347 | 0.002| 0485| 0.001| 1041 0.001
5 50 0.083 | <0.001 || 0.089 | <0.001 | 0.239 | 0.002
5 75 0.014 | <0.001 | 0.017 | <0.001 | 0.037 | <0.001
20 25 1868 | 0.128 | 1430| 0276 1.047| 0.093
20 50 0966 | 0.050| 0580| 0.029| 0438| 0.010
20 75 0297 | 0.023| 0211, 0.009 | 0.198 | 0.003

Panel B: Schipper-Thompson F Statistic

Number of | Number of | 1 Day Window | 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 0.325 | <0.001 || 0.285| <0.001| 1.010| 0.001
2 50 0.059 | <0.001 | 0.186 | <0.001 | 0.658 | 0.001
2 75 0.047 | <0.001 | 0.063 | <0.001 | 0.357 | <0.001
5 25 0501 | 0.004| 0685| 0.002| 1400 0.002
5 50 0236 | 0.001| 0251 0.002| 0589 0.010
5 75 0.106 | 0.001| 0.129| 0.002 | 0.237| 0.004
20 25 2421 | 04197| 1885 | 0404 | 1408 | 0.146
20 50 1974 | 0151 1.271| 009 | 0.996 | 0.036
20 75 1240 | 0.162 | 0.947| 0078 | 0.898 | 0.033

Panel C: Theil F Statistic

Number of | Number of | 1 Day Window | 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 0.386 | <0.001 | 0.367 | <0.001 | 1.140 | <0.001
2 50 0.126 | <0.001 | 0.218 | <0.001 || 0.758 | 0.001
2 75 0.090 | <0.001 || 0.092 | <0.001 | 0.600 | <0.001
5 25 0464 | 0.002| 0.707| 0.002| 0997 0.002
5 50 0.247 | <0.001 || 0262 | 0.001| 0.481| 0.003
5 75 0.189 | 0.001| 0.172| 0.001| 0.215| 0.007
20 25 2964 | 0156| 1968 | 0.340| 1517 | 0.116
20 50 2582 | 0128 | 1703| 0.110| 1219 | 0.079
20 75 2195| 0397| 1638| 0096 | 1455 | 0.029

See notes to table 1 for definitions.




Table 4. First and fifth percentiles of empirical distributions of p-values of

datistics testing Hoz : SR, 4i = 0. Each distribution based on 1,649

simulations where no abnormal performance was introduced.

Panel A: SASF Statistic

Model: riy = o + ﬂi Mt 7 Ait it

Number of | Number of || 1 Day Window || 2 Day Window | 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 40442 | 0424 || 4.626 | 0.634 | 6.023 | 0.686
2 50 4154 |1 0.810 || 4947 | 0.815| 5.237|1.022
2 75 4194 | 0791 | 4.795 | 0.768 | 5.349 | 0.885
5 25 4752 | 0408 | 4.114 | 0414 | 4.342 | 0.376
5 50 3530 | 0497 | 3872|0458 | 3592 | 0.518
5 75 3622 | 0.269 | 3574 | 0.756 | 2.824 | 0.352
20 25 4435|1156 | 4331|129 | 5.313| 0.904
20 50 4661 | 0.852 | 4.649 | 1.063 | 4.574 | 0.699
20 75 4285 | 0.707 | 4.260 | 0.650 | 4.423 | 1.019

Panel B: Schipper-Thompson F Statistic

Number of | Number of || 1 Day Window || 2 Day Window | 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 4064 | 0430 | 4.646 | 0.642 | 6.046 | 0.695
2 50 417410820 | 4968 | 0.825| 5259 | 1.033
2 75 4215|0801 | 4817 |0.778 | 5372 | 0.895
5 25 4772 1 0415 | 4134|0421 | 4.363| 0.382
5 50 3549 | 0504 | 3.892 | 0466 | 3.612 | 0.526
5 75 3643 | 0.275| 3594 | 0.766 | 2.842 | 0.358
20 25 4456 | 1.168 | 4.351 | 1.308 | 5.334 | 0.915
20 50 4683 | 0862 | 4.671|1.074| 459 | 0.709
20 75 4306 | 0.716 | 4.281 | 0.659 | 4.445 | 1.030

Panel C: Theil F Statistic

Number of | Number of || 1 Day Window || 2 Day Window | 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 4614 | 0483 | 5.015| 0519 | 6.070 | 0.664
2 50 5434 | 0948 | 5685 |1.032 | 6.937 | 1.386
2 75 5375|1330 | 5686|1106 | 6.788| 1.717
5 25 4.657 | 0.356 || 4.179 | 0.369 | 3.634 | 0.267
5 50 3340 | 0.385| 2932 |0.234 | 1674 | 0.165
5 75 3.297 | 0.356 || 2.653 | 0480 | 1.160 | 0.090
20 25 5477 | 1RYS | 4934 | 1.578 | 5.509 | 1.046
20 50 5680 | 0.922 | 5.153 | 1.354 | 5.158 | 1.000
20 75 5329 (1228 | 5091 |1.044 | 5.174| 1.002




Panel D: SUMT

Number of | Number of || 1 Day Window || 2 Day Window | 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 3903 |(0.880| 3841 |0.804| 5.004 | 0.576
2 50 4586 | 0.895 | 4.852 | 1.002 | 5.545 | 0.853
2 75 4102 | 0924 || 4900 | 1.344 | 5703 | 1.435
5 25 3582 (0399 | 3506 | 0407 | 2567 | 0.157
5 50 2498 | 0.300 | 2072 | 0.235 | 1.047 | 0.094
5 75 3376 | 0.302 | 2.047 | 0462 | 0.579 | 0.061
20 25 4959 | 1.054 | 5252 | 0.945| 4.420 | 0.644
20 50 5187 | 1.145| 5.233 | 0.961 | 4.527 | 0.513
20 75 6.162 | 1.060 | 4.490 | 0.996 || 3.739 | 0.733

Panel E: SUMC

Number of | Number of || 1 Day Window || 2 Day Window | 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 4618 | 0488 | 5040 | 0524 | 6.127 | 0.674
2 50 5436 | 0989 | 5688 | 1.040 | 6.979 | 1.418
2 75 5400 | 1.340 || 5.702 | 1.145 || 6.923 | 1.720
5 25 4664 | 0.367 | 4225|0414 | 3.642 | 0.298
5 50 3360 [ 0.391 | 2940 | 0.264 | 1.690 | 0.172
5 75 3344 | 0432 | 2655|0492 | 1.173|0.094
20 25 5506 | 1.376 | 4.936 | 1.607 | 5.527 | 1.103
20 50 5706 | 1.014 | 5.193 | 1.378 | 5.188 | 1.067
20 75 5361 | 1.238 | 5.100 | 1.059 | 5.245 | 1.007

See notes to table 1 for model description.
See notesto table 2 for statistic definitions.
aAll p-values are expressed as percentages
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Table 5: Power: Percentage of 1,649 simulationswhereHy; : + = 0 Vi wasrejected by the
SAS and Schipper Thompson F-statistics when abnormal performance was introduced
Reections based on empirical distributions summarized in Table 3

Model: riy = o + ﬂi Mt 7 Ait it

Panel A: Level 1, Abnormal returnsfrom [.00125,.00375]

Number of | Number of | Events || 1 Day Window || 2 Day Window | 5 Day Window
events/firm | firms(N) | x firms 5% 1% 5% 1% 5% 1%

2 25 50 6.2 1.3 51 1.0 5.2 11
2 50 100 6.4 1.3 6.4 1.2 5.6 1.0
2 75 150 6.6 12 59 12 6.0 1.3
5 25 125 110 25 8.9 1.3 6.7 12
5 50 250 155 3.2 9.9 21 6.4 16
5 75 375 17.6 4.7 10.9 2.7 7.0 16
20 25 500 426 | 276 239 | 144 104 3.0
20 50 1000 56.2 | 40.6 349 | 20.1 144 31
20 75 1500 61.2 | 48.9 402 | 25.6 16.9 4.1
Panel B: Level 2, Abnormal returnsfrom [.00375,.00625]
Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window
events/firm | firms (N) 5% 1% 5% 1% 5% 1%

2 25 115 15 6.7 14 5.8 15

2 50 13.8 29 9.2 15 6.9 1.3

2 75 195 39 9.9 15 7.3 1.3

5 25 35.7| 151 20.7 44 11.8 15

5 50 482 | 279 30.1| 119 13.8 3.2

5 75 525 | 357 348 | 183 14.0 39

20 25 87.0| 739 62.3 | 51.1 315 | 182

20 50 945 | 895 76.0 | 60.2 413 | 25.7

20 75 972 | 94.2 815| 705 476 | 320
Panel C: Level 3, Abnormal returnsfrom [.0025,.0075]
Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window
events/firm | firms (N) 5% 1% 5% 1% 5% 1%

2 25 12.7 1.8 6.9 1.6 59 1.3

2 50 15.7 4.0 10.2 1.6 6.9 15

2 75 204 49 10.6 1.8 7.2 15

5 25 376 | 17.2 215 49 123 15

5 50 499 | 300 315| 133 14.7 3.8

5 75 544 | 37.7 36.6 | 20.3 15.7 4.6

20 25 879 | 76.8 64.4 | 52.7 327 | 19.7

20 50 955 | 904 780 | 62.6 430 | 27.2

20 75 975 | 953 83.0| 73.0 485 | 334

See notes to table 1 for definitions.




Table 6: Power: Percentage of 1,649 simulations where Ho; : 4 = 0 Vi was
rejected by Theil F-statistic when abnormal performance was introduced

Reections based on empirical distributions summarized in Table 3

Model: riy = o + ﬂi Mt 7 Ait it

Panel A: Level 1, Abnormal returns from [.00125,.00375]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 6.1 1.3 5.7 1.0 53 1.0
2 50 7.0 14 5.8 1.2 5.6 1.0
2 75 6.8 1.3 5.6 11 5.8 11
5 25 10.7 19 9.2 16 6.9 1.2
5 50 15.0 22 9.9 16 7.5 1.3
5 75 18.7 4.8 116 25 7.2 24
20 25 426 | 256 237 | 129 111 29
20 50 540 | 377 335| 182 13.6 4.0
20 75 599 | 46.0 40.1 | 224 16.2 33

Panel B: Level 2, Abnormal returnsfrom [.00375,.00625]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 9.0 1.3 6.4 15 55 1.0
2 50 9.6 19 7.2 14 6.5 11
2 75 11.3 2.2 6.9 12 6.9 12
5 25 24.4 5.8 16.2 25 9.6 15
5 50 385 | 114 20.1 3.7 10.9 2.2
5 75 455 | 218 26.0 7.6 11.2 3.8
20 25 86.0| 69.3 56.1 | 417 219 8.8
20 50 95.0| 87.0 728 | 55.1 312 | 1438
20 75 971 941 79.3 | 64.2 395 | 153

Panel C: Level 3, Abnormal returnsfrom [.0025,.0075]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 12.6 19 7.7 15 6.3 12
2 50 16.1 31 10.1 15 7.0 15
2 75 195 44 9.3 16 7.6 15
5 25 375| 153 22.7 5.6 119 1.8
5 50 488 | 26.9 32.3| 10.0 15.7 3.2
5 75 545 | 365 37.3| 19.2 16.3 7.1
20 25 88.1| 743 63.0 | 51.2 324 | 179
20 50 9.9 | 891 775 | 611 426 | 280
20 75 976 | 94.6 82.7| 69.8 48.6 | 30.7

See notes to table 1 for definitions.




Table 7: Power: Percentage of 1,649 simulationswhere Hp, : 1Y, v = 0 was rejected by
the SAS and Schipper Thompson F-statistic when abnormal performance was introduced
Reections based on empirical distributions summarized in Table 4

Model: riy = o + ﬂi Mt + 7 Ait it

Panel A: Level 1, Abnormal returnsfrom [.00125,.00375]
Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 13.6 4.3 10.0 33 7.2 15
2 50 232 | 10.7 159 55 9.3 29
2 75 31.3| 158 20.2 7.6 109 2.7
5 25 329 | 138 20.9 6.2 13.6 33
5 50 504 | 324 340| 161 204 7.7
5 75 60.1 | 37.2 436 | 26.8 24.3 9.6
20 25 67.3| 51.6 445 | 331 241 | 117
20 50 870| 741 66.6 | 51.0 365 | 203
20 75 929 | 837 75.1| 59.6 47.1 | 315

Panel B: Level 2, Abnormal returnsfrom [.00375,.00625]
Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 410 | 191 264 | 111 14.3 35
2 50 60.5 | 445 435 | 248 216 | 10.0
2 75 69.5| 554 526 | 337 304 | 136
5 25 70.6 | 46.9 509 | 281 305 | 11.0
5 50 864 | 731 70.2 | 50.5 480 | 28.0
5 75 929 | 80.1 794 | 67.7 56.1 | 36.2
20 25 955 | 914 82.7| 740 571 | 394
20 50 995 | 985 95.6 | 905 754 | 585
20 75 99.8 | 99.8 982 | 951 853 | 735

Panel C: Level 3, Abnormal returnsfrom [.0025,.0075]
Number of | Number of || 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 389 | 17.8 255 | 104 135 3.3
2 50 585 | 415 410 | 246 195 9.5
2 75 67.7 | 52.8 498 | 321 289 | 125
5 25 714 | 482 518 | 281 30.7 | 113
5 50 865 | 731 705 | 514 485 | 28.2
5 75 931 | 805 805 | 67.9 56.1 | 36.9
20 25 959 | 925 84.1| 754 582 | 414
20 50 96| 988 96.2 | 915 776 | 60.3
20 75 99.8 | 99.8 985 | 95.8 86.8 | 753

See notes to table 2 for definitions.



Table 8: Power: Percentage of 1,649 smulationswhere Hpy : 1Y, 4 = 0 was
rejected by Theil F-statistic when abnormal performance was introduced

Reections based on empirical distributions summarized in Table 4

Model: riy = o + ﬂi Mt + 7 Ait it

Panel A: Level 1, Abnormal returns from [.00125,.00375]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 14.5 4.2 10.3 24 6.9 15
2 50 248 | 10.2 16.5 55 10.2 3.2
2 75 314 | 164 20.6 8.0 11.2 3.8
5 25 329 | 131 214 6.7 135 31
5 50 509 | 293 33.7| 133 17.0 6.4
5 75 61.8 | 395 430 | 247 21.2 7.6
20 25 68.0 | 52.6 449 | 323 232 | 107
20 50 87.1| 717 64.0 | 50.2 342 | 19.0
20 75 926 | 849 73.6 | 585 416 | 251

Panel B: Level 2, Abnormal returnsfrom [.00375,.00625]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 334 | 117 20.6 5.7 111 21
2 50 554 | 339 347 | 16.6 18.1 7.0
2 75 66.0 | 49.5 438 | 239 237 | 10.2
5 25 67.3 | 36.7 441 | 188 25.3 7.3
5 50 85.7| 67.0 65.1| 39.2 364 | 16.3
5 75 928 | 817 77.0| 61.0 43| 21.7
20 25 955 | 91.0 80.8 | 69.9 489 | 29.7
20 50 995 | 98.6 951 | 897 68.9 | 51.1
20 75 99.8 | 99.8 982 | 95.6 80.8 | 64.7

Panel C: Level 3, Abnormal returnsfrom [.0025,.0075]

Number of | Number of || 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 39.0| 175 254 9.2 13.0 31
2 50 60.2 | 41.0 412 | 227 218 9.8
2 75 67.7 | 54.3 4905 | 314 205 | 147
5 25 714 | 474 526 | 27.2 31.0| 10.7
5 50 870 | 703 703 | 475 443 | 232
5 75 936 | 827 79.0| 65.9 515 | 317
20 25 96.1| 922 84.1| 753 574 | 40.8
20 50 996 | 98.7 96.2 | 91.0 736 | 59.6
20 75 99.9 | 998 985 | 96.2 831 | 69.6

See notes to table 2 for definitions.




Table 9: Power: Percentage of 1,649 smulationswhere Hpy : Y, 4 = 0 was
rejected by SUMT dtatistic when abnormal performance was introduced

Reections based on empirical distributions summarized in Table 4

Model: riy = o + ﬂi Mt + 7 Ait it

Panel A: Level 1, Abnormal returns from [.00125,.00375]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 021.0| 093 | 0129| 058 08.2| 021
2 50 365| 21.2 231| 101 129 35
2 75 446 | 284 29.7 | 16.7 16.7 6.7
5 25 453 | 231 30.1| 121 164 4.6
5 50 63.3 | 435 48| 25.2 232 | 10.2
5 75 75.7 | 55.8 56.2 | 40.3 203 | 144
20 25 814 | 67.1 60.3 | 43.7 31.0| 143
20 50 945 | 895 78.7 | 63.3 469 | 27.0
20 75 98.6 | 94.7 86.2 | 75.3 56.1 | 404

Panel B: Level 2, Abnormal returnsfrom [.00375,.00625]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 549 | 381 351| 204 19.6 53
2 50 741 | 58.8 56.0 | 384 321 | 146
2 75 82.2 | 69.6 65.9 | 51.8 419 | 26.2
5 25 80.7 | 64.2 64.6 | 44.0 395 | 152
5 50 931 | 848 79.1| 64.0 55.2 | 334
5 75 985 | 925 878 | 794 61.0 | 46.0
20 25 99.2| 97.8 94.1| 857 67.1 | 50.3
20 50 100.0 | 99.9 993 | 975 86.1 | 69.7
20 75 100.0 | 99.9 99.9 | 993 923 | 831

Panel C: Level 3, Abnormal returnsfrom [.0025,.0075]

Number of | Number of || 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 548 | 39.7 35.7| 21.0 19.6 5.6
2 50 748 | 60.5 56.8 | 39.7 333 | 145
2 75 834 | 705 67.3| 52.8 433 | 27.3
5 25 81.6 | 659 65.8 | 45.2 409 | 154
5 50 935 | 857 80.3 | 655 56.4 | 34.9
5 75 98.7 | 935 889 | 805 62.0 | 47.2
20 25 994 | 98.2 95.0| 86.8 69.3 | 515
20 50 1000 | 989 95| 97.8 879 | 719
20 75 100.0 | 99.9 99.9 | 995 933 | 85.0

See notes to table 2 for definitions.




Table 10: Power: Percentage of 1,649 simulationswhere Hg, : >\, v = 0 was
rejected by SUMC statistic when abnormal performance was introduced

Reections based on empirical distributions summarized in Table 4

Moddl: riy = o + ﬂi Mt + 7 Ait it

Panel A: Level 1, Abnormal returns from [.00125,.00375]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 14.5 4.2 104 24 7.0 15
2 50 248 | 104 16.5 55 10.2 3.2
2 75 314 | 164 20.6 8.2 11.3 3.8
5 25 329 | 131 215 7.1 13.6 33
5 50 511 | 298 339 | 137 17.0 6.4
5 75 62.0 | 40.9 430 | 249 21.3 7.8
20 25 68.0 | 52.6 449 | 328 232 | 109
20 50 872 | 727 64.0 | 50.3 343 | 195
20 75 926 | 849 73.6 | 585 418 | 25.1

Panel B: Level 2, Abnormal returnsfrom [.00375,.00625]

Number of | Number of | 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 41.3 | 188 27.2 9.2 13.8 3.0
2 50 62.3 | 44.1 432 | 243 234 | 104
2 75 69.3 | 57.0 523 | 337 31.2| 16.6
5 25 71.3 | 46.6 527 | 281 314 | 110
5 50 86.7 | 70.2 69.4 | 48.2 443 | 244
5 75 931 | 835 788 | 66.1 520 | 320
20 25 95.6 | 916 828 | 738 55.7 | 394
20 50 995 | 98.6 953 | 90.3 723 | 574
20 75 99.8 | 99.8 982 | 95.6 817 | 67.8

Panel C: Level 3, Abnormal returnsfrom [.0025,.0075]

Number of | Number of || 1 Day Window || 2 Day Window || 5 Day Window

events/firm | firms (N) 5% 1% 5% 1% 5% 1%
2 25 39.0| 175 254 9.2 13.0 31
2 50 60.3 | 41.2 412 | 228 219 9.9
2 75 67.7 | 544 495 | 318 208 | 147
5 25 715 | 47.6 529 | 27.9 31.0| 113
5 50 871 | 705 70.3 | 48.7 445 | 234
5 75 93.7 | 837 79.0 | 66.0 51.7 | 318
20 25 96.1| 922 84.1| 75.6 574 | 412
20 50 996 | 988 96.2 | 91.0 736 | 60.0
20 75 99.9 | 998 985 | 96.2 83.2| 69.7

See notes to table 2 for definitions.




