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ABSTRACT. Following the Brown-Warner simulation approach and using Chilsély security return data we examine the
specification and power of three parametric t-tests comnemfjloyed in event studies: the standardized, the cross-séetimha
the portfolio t-test. Our findings show that although individual secueiiurns and security abnormal returns are evidently non-
normal, the cross-sectional mean abnormal returns converge to iandhe sample size increases. Thus, in event studygsett
involving event period of one day, methods based on the use of pacanrtesiis seem to be well specified, at least at the 5%
significance level. In terms of power, our simulation ressitow the standardized t-test always more likely to deétegiresence

of an abnormal return that its two parametric competithies cross-sectional and the portfolio t-test. We also findiever, that

the power of the three t-tests is very sensitive to eftteesample size or the length of the event period.
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Midiendo retornos diarios en el mercado accionario ckéno: el método de estudio de eventos

RESUMEN. Siguiendo el enfoque de simulacion de Brown y Warner y usatdmos diarios del mercado accionario chileno,
examinamos la especificacion y el poder de tres estamistominmente utilizados en estudios de evento: el test estadda

el de corte transversal y el de portfolio. Nuestros resultad@stran que aunque los retornos y excesos de retornos a nivel
individual evidentemente no distribuyen normal, la media muesireverge hacia la normalidad en la medida que el nimero de
acciones del portfolio muestral aumenta. Asi, las pruebadistitas tipicamente utilizadas en estudios de evento deaun di
estarian bien especificadas, al menos para un nivel deicageif del 5%. En términos del poder del test, el teahéatizado
siempre se muestra mas poderoso para capturar la presentiarélerno anormal que sus dos competidores: el test de corte
transversal y el de portfolio. También encontramos, sin eqabgue el poder de las tres pruebas estadisticas analizatay e

sensible tanto al tamafio muestral como al nimero de diasvpligcre el evento.
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Introduction

Over the last twenty years, the performance ofetrents-study methodology has been the subject
of a number of studies. The main concern of thieaech is to examine the power and the degree of

specification of test statistics used in short-amd long-run event studieBrown and Warner (1985)

Dyckman, Philbrick and Stephan (1984Campbell and Wasley (1992nd Cowan and Sergeant (1996)

analyze how the particular properties of daily ktogturns affect the performance of several testistics

employed in short-run event studies. On the otterdhBarber and Lyon (1997 Kothari and Warner

(1997) Brav (2000)and Jegadeesh and Karceski (2004) examine therpemice of alternative test

statistics used in long-horizon event studies.tiddise studies, however, assess the specificatbpa@aner

of test statistics using daily stock return daiadr from developed equity markets.

As Campbell and Wasley (1993%pint out, normality of abnormal returns is a k&ssumption

underlying the use of parametric test statisticéhm event-study metho@rown and Warner (198%5nd

Dyckmanet al. (1984) study the effect of nonnormality in daily returatd on tests performance using

samples of randomly selected New York Stock ExchgiNyY SE) and American Stock Exchange (AMEX)
securities. They report that the nonnormality peablhas not a substantive impact on the power of the
short-run events study methodology and that thencomparametric t-test used in these studies is well
specified under the null hypothesis. They alsodat that the parametric t-test has a statistioalep
comparable to the theoretical power obtained unldernormality assumption. HoweveEampbell and

Wasley (1993)and Maynes and Rumsey (1998nd that with thinly traded samples the convendb

standardized and portfolio t-tests are poorly dpeti They report that these parametric tests tejeicue
null hypothesis too often with NASDAQ and Torontto& Exchange samples, respectively. Moreover,

Cowan and Sergeant (1998&lso report a similar misspecification of the paiv t-test for thinly traded

samples using NYSE-AMEX and NASDAQ daily stock retufiles.
Extension of this research to Latin American sdgugturns data is not a clear-cut. Given that the

usefulness of the event study method is directlgted to the market's ability to quickly reflect we



information, the particular thin trading of the ilcaAmerican stock market can have a substantiahaghpn
statistical properties of daily security returnsfact, although empirical research using evertystuethod

is increasingly incorporating Latin American setwrdaily returns data, some characteristics of éhes
securities clearly differ from those traded in égunarkets of developed countriés.

This paper examines statistical properties of datpck returns and how the particular
characteristics of these data affect the empifeaformance of the short-run events-study methapolo
when security returns data are drawn from a LatineAican equity market: the case of Chile. Thus, our
study has two main objectives: First, we examinemadity in the actual distribution of daily secyrit
returns and daily excess security returns drawm fiiwe Chilean equity market. Given the more extensi
thin trading we observe in Latin American equityrkeds, it is reasonable to expect a more severeedeg
of nonnormality in the distribution of these setypBxcess returns than those found by previousoasitin
NYSE-AMEX daily excess returns. Second, we analiee performance of the events-study method
conducted in the Chilean equity market. We addtesse issues that determine the capacity of anteven
study to detect abnormal returns: The portfoliesihe magnitude of an eventual abnormal performanc
and the event date uncertainty. We examine theactien over ranges of all these three variables
simultaneously to determine their effect on theeaesher's capacity to identify abnormal performance
when event studies are conducted in thinly tradetkets.

The examination is conducted using a simulatiorr@gugh analogous to that introducedBrpwn

and Warner (1980)Unlike a Monte Carlo simulation where the resbarcsamples artificially generated

values from a specified theoretical probabilitytdi®ition, the Brown-Warner approach randomly silec
event dates and stocks to simulate event studig®utiassuming a particular distribution of stoeturns.
Our contribution attempts to help select statisgists, reducing the probability of misspecificatiand

increasing the power of tests when studies invoktn American equity market securities. Althoudiist

! For example, recently Bhattachamstaal. (2000) document a significant negative (positielirn bias on the good
(bad) news announcement explained by a severeeimsatling in the Mexican stock market. They codelthat this

problem in event studies can bias the researchartbfalsely conclude that corporate news annousnésrare a
non-event.



technique overcomes the theoretical question)atval us to examine the statistical validation dfedient

alternative methods. After all, @Brown and Warner (1980, p.210hdicate, “...the performance of

alternative models (in event studies) is an emgliguestion.”

Il The Issue

As McWilliams and Siegel (1997point out, an important assumption underlying thse of

parametric t-tests in the events study methodolieggormality of excess returngama (1976, p.2])

conversely, documents evidence that the distribgtiof daily returns exhibit substantial departuresn

normality, suggesting that they aia-tailed relative to a normal distributioldrown and Warner (1985)

support the same result for the case of NYSE-AMIaXy excess return3hey document that daily returns
depart considerably from normality in term of skes®s and kurtosis. Additionally, Cowan (1992),

Campbell and Wasley (1993ndCowan and Sergeant (199)ow that this is also the case for NASDAQ

daily excess returns. Even though these findimgsat consistent with the normality assumptiomioess

returns,Dyckmanet al. (1984) and Brown and Warner (198%kport that the degree of nonnormality in

daily NYSE security excess returns does not reptegeserious problem for a correct test specificati
They also show that the portfolio and the standadlit-tests have an empirical power comparablédo t
theoretical power obtained under the normality aggion. This result is based on the Central Limit
Theorem that guarantees that if the excess reiartise cross-section of securities are independendt
identically distributed the distributions of thergale mean excess return will asymptotically coneeima
normal distribution.

Extension of these findings to a Latin Americancktonarket, however, is not clear. ABrutia

(1995) and Rouwenhorst (1999)ndicate, Latin American stock markets have higheerage ex-post

returns but, at the same time, their number ofdistompanies, market capitalization, amounts traded



level of integration are relatively small. Thusjsitreasonable to expect a more severe degredrefjirent
trading and nonnormality in the distribution of gdty excess returns.

Campbell and Wasley (1993nd Cowan an&ergeant (19963how that in markets with thinner
trading there is a significant degree of nonnortyat the daily returns securities that persistsreat the

portfolio level. As a result, the t-statistics useavent studies depart from their theoreticat normal
distribution under the null hypothesis. This carals® the case of t-statistics used in the Chitack

market.

Il. Experimental Design

As Brown and Warner (1980and Dyckmanet al. (1984) argue, given the problems of using an

analytical approach to compare different propertéslternative return-generating models (RGM), the
simulation approach provides a useful method faalidg with conditions where either the analytical
approach becomes extraordinarily difficult or ttzeng approach yields results suggesting just dinesti
but not magnitudes. In this paper we resemblepbsitive approach of Brown and Warner (1980, 1985)
analyze the specification and statistical powethoée different RGM when event studies are conducte

using samples from the Chilean stock market.

3.1 Abnormal Returns

An event study attempts to measure the effect oblaserved event on the firm market value. In
general, the main purpose of any event study fntbempirical evidence that shows whether a séguri
performance is statistically different from what wa be expected under the assumptions of one specif

RGM. As MacKinlay (1997, p.13)ndicates, “the usefulness of such a study coma® the fact that,

assuming rationality in the market place, the dfigican event will be reflected immediately in @sse

2 Empirical research using event study method is increasingdyporating Latin American security daily returns datdch are
now available from ECONOMATICAY Some examples of recent event studies conducted with Ami@mican stock returns are
Castillo (2005), Moran (2003), Bhattachasteal (2000), Parisi and Pérez (2000), Saens (1999) and Celis @tudaa (1998).



prices.” Thus, if the event conveys new —relevaimfermation to the market place, the mean or the
variance of the security excess returns must refiecnew economic conditions.

For firmi and event datethe conditionahbnormalreturn is given by:

ARt = Rit - E(Rit /Qt—l) 1)

Where AR, R: and E(R/Q:1) are the abnormal, actual and normal (expectedymrdor timet,
respectively. Notice tha®:is theconditional information set in periddand that the approach followed for
the event study methodology assumes that securitieens are generated by some RGM.

Then, it is necessary to specify a model that ggasnormal returns before abnormal returns can
be measured. This model can be based on simplstistlt relationship as the market model or on more
theoretical economic models as the Capital AssetrigrModel (CAPM) and the Arbitrage Pricing Model
(APT).®

We report abnormal performance measures baseccdhrée RGM

A. OLS Market Model

u|

AR, =R, -a-f, R, @
whereCD, andE are OLS values from the estimation period.
B. Market-Adjusted Returns Model

AR =R~ Ry (3)
where R, is the market index return for day

C. Mean-Adjusted Returns Model

8 Unfortunately, obtaining a more accurate model of the processagmy actual returns is not a sufficient condition for that
model to generate a well specified and powerful tesbobanal return. First, as Brown and Warner (1980) indicatee tisea
measurement error in each of the variables on which retieend in the model. For example, in the case of the CAPRIplas
(1977) argues, it is not possible to observe directly the mpdolio. Second, the efficiency of using either a stat$tor an
economic model depends seriously on the additional statistic assaspbouts;, the error term. If the assumed sampling
distribution under the null hypothesis is incorrect we are exptmsebtain false inferences.



AR, =R, -R 4)
where § the simple average of security i's daily returnghim estimation period.

These three RGM are discussed in Brown and Wafrg80) and MacKinlay (1997).

3.2 Test Statistics

The test statistics for day 0 analyzes whetheratrtime portfolio mean excess return in day O is
equal to zero. We study the specification and paféhree parametric t-tests: The standardizedctbss-
sectional and the portfolio t-test.
A. The Standardized t-tegk)

Following Patell (1976) and Dodd and Warner (198@)ny authors use a standardized abnormal
return (SAR) where each abnormal security returmasmalized by its estimation period standard
deviation:

AR

it

The standard deviatioBD(AR, ) of each abnormal return is given by:

S(AR )=, /ﬁ ¥ AR; 6)

WhereT, is the number of days in the estimation periodusTtihe day O of the standardized t-test

6, = iNZi“q SAR, (7)

N

The standardized t-test assumes that the individdalormal returns are cross-sectionally
independent and identically distributed. By the @€arLimit Theorem, the standardized t-test conesrtp
unit normal under the null hypothesis of no abndmataurn. Brown and Warner (1985) report that test

is well specified under the null hypothesis for N\*BMEX daily security returns data. However,



Campbell and Wasley (1993) and Cowan and Sergd®%6] document that the standardized test is
misspecified for NASDAQ samples.
B. The Cross-Sectional t tegk)

As the standardized t-test, this method also assuthat the day O abnormal returns are

independent and identically distributed. The tistat is estimated by dividing the average evemteuke
abnormal return AR, ) by its contemporaneous cross-sectional standavigiion.

g,=—"R 8)
SD(ARv)

The cross-sectional test ignores the estimatioigemriance and the standard deviat®B(ARo)

is given by:

SD(ARq) =Jﬁg(mo - AR)? ©)

This procedure, however, has some limitationshéf variance differs across sample securities or
security abnormal performances are correlated adnmss the test statistic is likely to be missfiiec.
C. The Portfolio t-testdg)

For each day, the cross-sectional average excess retui sécurities is computed. The portfolio

t-testis the ratio of the mean excess returt= to its estimated standard deviation:

g = ARo

3 T ——— 10
SD(AR:) (10)

Where for each day the cross-section average exeesga ofN securities is obtained as:
- 1 N
AR =—3% AR, (11)
N i=1

And the standard deviation is computed over amasitbn period of Jdays. Thus,

1
T, -1

SD(AR:) = J f(ﬁt - AR)? (12)



— 1 —TO
AR=—73 AR (13)
TO t=1

If ﬁare independent, identically, and normally distréal) the test statistic is distributed t-

student with (-1) degrees of freedom and is asymptotically uoitwal under the null hypothesis. Brown
and Warner (1980) call this method “Crude Dependehdjustment” because, according to this test, the
standard deviation of the day O average excessnrésuestimated from the values of the mean excess
returns using for each security the estimationqoermThus, the portfolio t-test explicitly takesardaccount
any potential cross-sectional dependence in therisgspecific excess returns. However, Campbetl an
Wasley (1993) find that, although less pervasiventin the standardized t-test, misspecificatiomlsn

present in the portfolio t-test when event studhetude thinly traded samples.

3.3 Data and Sampling Procedure

The data come from daily closing prices seriesstocks traded in the Santiago Stock Exchange
from January 1985 to July 2003. As market proxyuse the domestic index of stock prices IPSA, which
includes the 40 most traded stocks in the Chilearket.

Series of 161 observations —trading and not tradayg— are drawn randomly with replacement to
conform portfolios of 10, 20, 30, 40 and 50 segash. Event dates are assumed to take place witl eq
probability on each trading day from 01/02/198®%30/2003. Each stock series is selected by géngra
two random numbers; the first number identifieew +a date— and the second number a column —a-stock
over the feasible database. With these directioes obtain the initial observation of a 161 daily
observations series. This process is repeatedamveover again until conform one portfolio.

The period -156 through -6 of each series (150 )Jd&yghe estimation period, in which the

parameters of expected return models are estimatkd.period -5 through +5 (11 days) and the dae0 a

4 As Kothari (2001) and Kothari and Warner (2005) indicate, the leofgite estimation period is arbitrary. This has to be long
enough to contain a “reasonable” number of observations to estimaparameters of the model and short enough to avoid an
eventual instability of these parameters. In generalitdrature uses a length between 120 days (Dyclehah 1984) and 250
days (MacKinlay, 1997).



the event period and the event date. In orderdludle a security in a sample it must have at léasdaily

returns in the entire 161 days period, and no mgseeturn data in the last 10 days.

| | | | >
-156 -5 0 +5
Estimation Period Event Window Post-Evesatiéd
(150 days) (11 days)

3.4 Simulating Abnormal Performance

In order to artificially introduce a given ldvef abnormal return we follow the Brown-Warner
procedure. A constant sample-wide abnormal perfoo@afrom 0% to 2.5%- is added to the actual day 0
return for each security. For example, to simulbf&? abnormal return, 0.015 is added. This proaedur

allows us to analyze the power of test statisticgffferent abnormal returns level.

V. Results

4.1.  Time Series Properties for Individual ChileanSecurities

Table 1 documents some statistical properties dfy daturns and daily abnormal returns for
individual securities selected with replacementrfrthe Chilean stock market. Parameter estimates are
computed based on 500 samples of 50 securitiedpnaly selected. Using the time series of estimation
period data, we calculate the mean, standard devjaskewness and kurtosis coefficients, and the
studentized range. Each value on table 1 represkatsnean of 25,000 estimates. In the case of daily
abnormal returns, they are based on the threeelifféRGM we examine in this paper.

Results on table 1 indicate that for the case ef@hilean stock market daily returns and daily
abnormal returns of individual securities depagin#icantly from the theoretical normal distributioFor
example, mean values for the skewness and kurtwséficients equal or exceed 0.30 and 6.38,

respectively. Additionally, the studentized rangage 6.93 or greater. All the skewness and kurtosis

10



coefficients and the studentized range for theydaiturns and daily abnormal returns exceed the 99
percentile of the respective distribution under tttgmality hypothesis. Departures from normalite ar

comparable to those documentedBnown and Warner (1985, table lit less severe than those showed by

Campbell and Wasley (1993, table fgr individual NYSE and NASDAQ daily security rems,

respectively?

Table 1

Properties of daily returns and daily excess reatdion individual Chilean securities when no abndrpeformance is
introduced. For each security parameter estimatedpased on time-series data in the estimatiorgeEach number
in the table shows the mean of 25.000 estimatesurifies and event dates are randomly selectedh f@placement)
from 02/01/1985 through 07/31/2003.

Performance Measure Mean Standard Skewness Kurtosis Studentized
Deviation Range
Returns 0.0014 0.0225 0.40 6.92 7.08
OLS Market Model -0.0001 0.0206 0.32 6.55 6.98
Market-Adjusted 0.0003 0.0198 0.30 6.38 6.93
Mean- Adjusted 0.0000 0.0225 0.40 6.92 7.08

Table 1 also shows that the results are not seaditi different measures of performances. For
example, the mean abnormal return using the th@bl s 0.0 % with a very similar standard deviation

around 2.1 %. These finding are also consistettt tiose inBrown and Warner (1980, 1985)hich

suggest that simple statistic models as the mepustad returns model often produce comparable tsetul

those of more sophisticated models.

4.2 Properties of Sample Mean Excess Returns

5 As Brown and Warner (1984) and Campbell and Wasley (1993) indioatbe cases of skewness and kurtosis coefficients, and
the studentized range, the"and 99 percentiles for a normal population are:

Variable
0.950.99Skewness0.060.13Kurtosis3.523.87Studentized Range6.156.85

11



Table 2 shows cross-sectional properties of thepkamean of daily excess return at day zero.
Similar to table 1, the different measures of albmarperformance are based on three different RGM.
Parameter estimates are computed based on 500esawipb0, 40, 30, 20 and 10 securities. For each
sample, the mean sample estimate is the simpleageesf the abnormal performance measures for the
individual securities in the sample. Mean, standdediation, skewness and kurtosis coefficients, tued
studentized range are computed based on 500 vafilles sample mean estimate, one for each sample.

As we should expect under the Central Limit Theqregaults of table 2 show that departures from
normality are less severe for cross-sectional neamess returns than for individual excess retufos.
samples of 50 securities and using the OLS marlagten the cross-sectional distribution of the sampl
mean excess returns seems close to normal. Resuétsle 2 also indicate that departures from ndityna
still persist for portfolios less or equal than gcurities. For example, the cross-sectional distions of
day-0 mean abnormal performance for portfolios 0f sgcurities exhibit skewness above 0.23. These

departures, however, are less pronounced than tewmemented irCampbell and Wasley (1993, table 1)

using NASDAQ daily security returns.

4.3 Properties of the Test Statistics

For the OLS market model table 3 summarizes their@apdistributions of each test statistic
based on 500 portfolios when no abnormal performaadntroduced. Under the null hypothesis of no
abnormal performance, the distribution of each statistic should be unit normal. For a portfoliaes
equal to or above 30 securities the empirical ithigtion of the standardized statistic shows small
departures from its theoretical distribution. Hoervtable 3 also indicates that as the portfolie si
decreases the degree of nonnormality of the stdrmial test increases severely. Results in tabls@ a
show that the cross-sectional test presents ayhiggdative skewness and that departures from nidymal

for the portfolio test persist even for sample siae40 securities.

Table 2
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Cross-sectional properties of sample-wide meanrafeilgerformance measures on day 0 using threerelift return-
generating models (RGM) when no abnormal performaasdntroduced. Each number in the table is base800
estimates of the mean, one for each sample. $iesuaind event dates are randomly selected (witlecement) from
02/01/1985 through 07/31/2003.

Size Performance Mean Standard Skewness Kurtosis Studentized)arque-Bera
Measure Deviation Range Test

50 Market Model 0,0002 0,0031 0,04 3,03 6,06 0,17
Market-Adjusted 0,0005 0,0031 0,06 3,18 5,78 0,92
Mean-Adjusted 0,0002 0,0033 0,09 3,05 6,17 0,72

40 Market Model 0,0000 0,0036 0,09 3,59 6,99 7,88
Market-Adjusted 0,0004 0,0034 0,03 3,59 7,12 7,26
Mean-Adjusted 0,0000 0,0038 0,17 3,93 7,72 20,69

30 Market Model 0,0001 0,0040 0,24 3,38 6,56 7,96
Market-Adjusted 0,0005 0,0039 0,25 3,36 6,02 7,84
Mean-Adjusted 0,0002 0,0043 0,23 3,76 6,68 16,41

20 Market Model 0,0000 0,0051 0,15 3,12 5,85 2,11
Market-Adjusted 0,0005 0,0049 0,23 3,57 7,35 11,43
Mean-Adjusted 0,0002 0,0054 0,36 3,27 6,18 12,42

10 Market Model -0,0002 0,0065 0,18 3,70 7,21 12,96
Market-Adjusted 0,0001 0,0063 0,20 3,93 7,52 21,20
Mean-Adjusted -0,0002 0,0074 0,05 3,97 6,40 19,86

4.4 Specification of the Tests

For a given sample, when no abnormal return isemtesve test whether the hypothesis of no
abnormal return is accepted or rejected. Givenracpéar RGM, the null hypothesis should be tru¢hié
securities of the random sample do not, on avemgdence any abnormal return. Thus, rejectingnthie

hypothesis of no abnormal performance on day 0 vitherirue constitutes &@ype lerror.

Table 3
Summary measures for the empirical distributiomath test statistic, one for each sample, with Easipes from 50

to 10 securities. The procedure to detect abnompesformance is the OLS market model and no abnormal
performance has been introduced. Each number iralthe represents the simple average of 500 estimat

13



Mean Standard  Skewness Kurtosis StudentizedJarque-Bera

Deviation Range Test
Standardized 0,0997 1,01 0,04 3,00 6,24 0,14
Cross-Sectional 0,0203 1,00 -0,31 2,70 5,47 9,73
Portfolio 0,0606 0,98 0,00 3,02 6,11 0,01
Standardized -0,0057 1,03 0,14 3,33 6,45 4,00
Cross-Sectional -0,0360 1,05 -0,16 3,05 6,03 2,06
Portfolio -0,0117 1,00 0,07 3,63 7,05 8,69
Standardized 0,0156 1,02 0,08 3,11 7,12 0,82
Cross-Sectional -0,0404 1,02 -0,20 2,78 6,10 4,44
Portfolio 0,0127 0,97 0,21 3,34 6,30 6,20
Standardized 0,0151 1,08 0,23 3,33 6,83 6,56
Cross-Sectional -0,0499 1,09 -0,17 3,01 6,86 2,27
Portfolio 0,0074 1,00 0,26 3,21 5,86 6,71
Standardized -0,0251 0,99 0,26 3,54 6,83 11,64
Cross-Sectional -0,0848 1,07 -0,08 3,40 6,80 3,84
Portfolio -0,0245 0,90 0,32 3,55 6,38 14,64

Table 4 shows the frequency of rejection usingeltiéferent tests to detect abnormal performance.
Notice that implicit in the three t-tests used &iett abnormal performance is the strong assumigiain
security returns have a normal distribution. Isthssumption is not correct, then the samplingibligion
of test statistics assumed for the hypothesis tegisirts from the true distribution and false iefere may
result®* The numbers in table 4 indicate that when adésize 5% is used, Type | error rates range from

3.2% to 6.4%. Thus, these results reveal that uemg tail test at the 0.05 significance the threst t

® As Brown and Warner (1980, pp.216) indicate, when the null hygetisesrue, even though the empirical distribution of a
specific test statistic is consistent with the assurhedretical distribution, the proportion of rejections will notgoecisely equal
to the test level. The reason is that the proportiotsédfia random variable —a Bernoulli process— with a meglialeo o and
standard deviation equal to(1- ). For a test of size, if the proportion of rejection distributes normal and the i properly
specified, the empirical percentage of rejection for edt¢heon sample should be into the interval:

axgt@- %)[—a (lr; a)}

For example, for a significance level @f= 5%, if the outcomes for each of the 500 samples are indepgnues@O trials), the
rejection rates follow a Bernoulli process with mean @08 standard deviation 0.0097. Then, if the test are progeehified the
proportion of rejections should be between 2.7% and 7.3% approkir@@é of the time.

14



statistics are well specified under the null hyesik of ho abnormal performance. However, results i
Table 4 also indicate that symptoms of misspedificaarise using a significance level of 1% fortbtite
standardized and the portfolio t-test. For examie,Type | error rate for the standardized tesgjea from

2.4 t0 3.6% and from 1.4 to 2.8% for the standa&diiand portfolio t-test, respectively.

4.5 Power of the Test

We also examine how the test statistics performnathe null hypothesis is false. To simulate an
abnormal performance a particular abnormal retariniroduced into the mean abnormal returns of the
sample. Then, the hypothesis of no abnormal pedooa is tested again. Thus, failing to reject thik n
hypothesis of no abnormal return when it is falsestitutes aype llerror.

Table 4 shows, for three tests and three RGM, tagukncy with which the hypothesis of no
abnormal performance in day O is rejected. For gtanfor a significance level ai=5% and using the
OLS market model, when we introduce a 0.5% levehlmiormal performance, the rejection rate for the
standardized test is 59% compared to 44% and 38%docross-sectional and the portfolio test. Mosgp
the higher power of the standardized test doeslepénd on the level of significance. For a tesi=i%,
and also with 0.5% of abnormal performance, the odtrejection of the standardized test ranges 86
using the mean-adjusted model to 50% using the ehadjusted model. Thus, our findings indicatd tha
using Chilean daily security return data the statided t-test is more likely to detect abnormauretthan

both the cross-sectional and the portfolio t- test.

4.6 Sensitivity Analysis
A. Comparing Alternative RGM

Table 4 also compares the power of detecting abaloperformances among three different
methods to detect abnormal performance. In gendnal, rejection frequencies indicate that both the

market-adjusted returns model and the OLS markateinshow somewhat better performance than the

15



mean-adjusted return method. For example, usin@ralardized t-test of size 5% and 0.5% of abnormal
performance, the mean-adjusted returns model sefbetnull hypothesis 49% of the times while theSOL
market model and the market-adjusted method regisfection rates of 59% and 64%, respectively.sEhe
findings also seem to be robust with respect tmghs in the significance levél.

Thus, our results suggest that in terms of proeetumeasure abnormal performance there is some
evidence indicating a better performance of thosghouds that consider the systematic risk of each
security. However, the improvement power of thdstesing these two methods over the simpler mean-
adjusted model is limited. When an abnormal perforoe of 2.5% is introduced, the three RGM allow us
to identify this abnormal return all of the timesgardless of the test size.

B. Different Sample Sizes

Results in Table 5 show that the specificationhef tests is not particularly sensitive to the numbe
of securities in the sample. When a test of sizeb¥sed no special misspecification of either s¢stistic
is found in samples from size 50 to 10 securit®me symptoms of misspecification arise only afa 1
level of significance. For example, for a portfofize of 20 securities the standardized and cresisesal
tests seems to be misspecified with error ratesa¥ and 2.6%, respectively.

As we should expect, the power of the tests alle &rongly when the sample size decreases.
Using the standardized test of size 5% and 1% levabnormal performance, decreasing the sampée siz

from 50 to 10 securities reduces the rejectionudesqy from 99% to 42%.

" However, as Brown and Warner (1980, 1985) point out, it is pod$iaitghese results dependent significantly on the fact that in
this simulation work the precise time at which the abnorntatmmeoccurs is known with certainty.
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Table 4

A comparison of three alternative RGM and thre¢ statistics for detecting abnormal excess retMadues in the
table indicate the percentage of 500 samples wterenull hypothesis of no abnormal performance ap @ is
rejected. Sample size is equal to 50 securitibie@h stock securities and event dates are rarydsehbcted (with
replacement) from 01/02/85 through 07/31/03.

Panel A
Two tailed testpn=0.05

Artificial level of abnormal performance (%) intnaced at

day 0
Performance Measure  Test Statistic 0.0 0.5 1.0 1.5 2.0 2.5
OLS Market Model Standardized 5.0 58.6 98.6 100 100 100
Cross-Sectional 4.8 44.0 90.4 99.2 99.8 100
Portfolio 4.0 38.4 89.6 99.8 100 100
Market-Adjusted Standardized 5.6 64.4 98.8 100 100 100
Cross-Sectional 6.4 49.4 92.6 99.6 99.8 100
Portfolio 6.0 42.6 92.2 100 100 100
Mean-Adjusted Standardized 5.0 49.4 94.2 100 100 100
Cross-Sectional 4.2 37.0 85.8 99.0 99.8 100
Portfolio 3.2 32.0 83.8 99.6 100 100

Panel B
One tailed tesy=0.01

Artificial level of abnormal performance (%) intnackd at

day 0
Performance Measure Test Statistic 0.0 0.5 1.0 1.5 2.0 2.5
OLS Market Model Standardized 2.4 44.2 96.0 100 100 100
Cross-Sectional 1.4 30.0 82.6 98.2 99.6 100
Portfolio 2.4 23.0 79.8 99.0 100 100
Market-Adjusted Standardized 3.6 50.0 98.0 100 100 100
Cross-Sectional 2.0 35.0 86.2 98.8 99.8 100
Portfolio 2.8 29.8 85.6 99.4 100 100
Mean-Adjusted Standardized 2.6 35.8 90.8 100 100 100
Cross-Sectional 1.4 23.4 75.4 98.4 99.6 100
Portfolio 1.4 18.8 73.6 98.6 100 100

A test of significance is well-specified under thal hypothesis at the 5% (1%) level if the peroaitejections falls
between 2.7% and 7.3% (0.0 and 2.2%).

Table 5 also indicates that the relative power dfexknt test statistics also seems to be
independent of the sample size. In terms of poweminance of the standardized test over the cross-

sectional and the portfolio test does not change.
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C. Multiday-Event Periods

The simulations we have performed at this time nthkestrong assumption that the date at which
abnormal performance takes place is known withremrtainty. However, given that most of the tinfes
calendar date of the event cannot be identifiecctgxamost event study settings involve multidayeet
periods where the date itself becomes a randomablariTo analyze this, we also examine how ungsytai
about the precise date of the abnormal performaffeets the power of the event study technique.

Using the OLS market model as a RGM for each sicirithe 500 samples we select one day of
the event period at random and add a particulael le¥ abnormal performance in one specific day in
windows of 3, 5, and 11 day$:or example, for a window of 11 days we add aigaer level of abnormal
performance in one specific day (randomly seleciadhe interval from day -5 through +5. Thus, this
experiment simulates a situation where the abnopedbrmance occurs at some —unknown- date in the

event period including the event day.

8 For each security, the event day is a drawing from a unifastrilition.
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Table 5

The effect of different sample sizes for detecting ababercess return using the OLS market model. Valug¢kdriable indicate the
percentage of 500 samples where the null hypothesis of nonadldnoerformance on day 0 is rejected. Sample sizescara to 50, 40,
30, 20 and 10 securities. Chilean securities and event dates are randomly seitctegl@cement) from 01/02/85 through 07/31/03.

Two tailed test,a=0.05 Two tailed testp=0.01
Artificial level of abnormal performance (%) Artificial level of abnormal performance (%)
introduced at day 0 introduced at day 0
Portfolio Test Statistic 0.0 0.5 1.0 1.5 2.0 2.5 0.0 0.5 1.0 1.5 2.0 25
Size
50 Standardized 5.0 58.6 98.6 100 100 100 2.4 44.2 96.0 100 100 100
Cross-Sectional 4.8 44.0 90.4 99.2 99.8 100 14 30.0 82.6 98.2 99.6 100
Portfolio 4.0 38.4 89.6 99.8 100 100 2.4 23.0 79.8 99.0 100 100
40 Standardized 5.2 44 .4 94.0 100 100 100 3.0 31.6 89.2 99.8 100 100
Cross-Sectional 7.2 35.6 83.0 98.0 99.4 99.6 2.6 24.8 74.2 95.6 99.4 99.4
Portfolio 4.4 28.4 80.0 98.4 99.8 100 2.6 16.2 67.2 97.4 99.8 100
30 Standardized 5.2 36.0 86.4 99.6 100 100 1.8 22.2 77.2 99.6 100 100
Cross-Sectional 4.6 27.0 75.6 94.6 99.8 100 1.4 17.0 62.6 91.6 98.8 99.8
Portfolio 4.0 23.8 67.8 96.0 100 100 2.2 11.6 53.8 90.8 99.0 100
20 Standardized 6.2 26.6 70.0 96.0 100 100
Cross-Sectional 7.0 23.6 61.2 86.2 95.6 99.0 3.6 174 56.6 90.8 99.0 100
Portfolio 4.8 17.8 48.8 86.6 96.8 99.8 2.6 15.8 47.2 78.2 93.0 97.8
1.8 9.0 36.0 73.4 93.6 99.0
10 Standardized 5.2 14.2 42.0 76.2 92.8 98.6 2.0 7.2 27.4 64.4 87.2 97.0
Cross-Sectional 6.6 14.4 40.6 68.4 84.6 93.4 3.2 8.2 28.6 57.6 78.6 88.8
Portfolio 3.2 8.4 24.0 58.2 79.2 92.8 1.6 4.2 15.2 40.0 68.8 87.2

A test of significance is well-specified under the null hypdth#ghe percentage of rejections falls between 2.7 % &8#%b Tor a test size of 5% level and between 0.0% and 2.0%
for a test size of 1% level.
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Table 6 reports results in the multi-day settinggbnormal performance levels ranging from
0 to 2.5%. Similar to our findings involving a oday setting, numbers in table 6 indicate that
symptoms of misspecification arise for the threststevhen a test of size 1% is used. However,
results in table 6 also indicate that misspeciiicais more severe for the standardized t-test when
event periods are longer than one day. For examnglen a standardized t-test of size 5% is used,
Type | error rates range from 7.8 to 8.8%. As weusthexpect, the power of the three tests are much
lower than those where the precise date of abnopadibrmance was known with entire certainty.
For example, for a window of 11 days and a 5% alphkial, the portfolio t-test is able to detect the
presence of 1.5% abnormal performance only 27%etitnes, compared to the 100% of the earlier
table 4.

Table 6

A comparison of alternative test statistics whenghecise date of abnormal performance is unkndlsimg the
OLS market model as RGM, abnormal performancedohesecurity is introduced at random for one daindu
the event window. The numbers in the table shovp#reentage of 500 samples of 50 securities eaehevthe
null hypothesis of cumulative mean abnormal perforoe in the event period is rejected.

Panel A
Two tailed testp=0.05

Artificial level of abnormal performance (%) intnaced at day 0

Window Test Statistic 0.0 0.5 1.0 15 2.0 2.5
3 days Standardized 8.8 22.0 58.0 90.0 99.4 100
Cross-Sectional 5.4 14.2 43.8 76.2 93.4 99.0
Portfolio 6.4 15.2 42.0 73.0 93.2 99.2
5 days Standardized 8.4 16.8 41.0 72.8 92.6 98.2
Cross-Sectional 5.4 8.6 27.2 51.4 76.8 90.2
Portfolio 7.2 11.2 28.0 50.6 78.2 91.2
11 days Standardized 7.8 10.8 28.0 45.0 64.8 82.2
Cross-Sectional 4.2 5.8 13.0 26.6 42.6 61.2
Portfolio 5.0 8.4 17.0 27.4 44.0 63.2

A test of significance is well-specified under thell hypothesis at the 5% (1%) level if the perceft
rejections falls between 2.7% and 7.3% (0.0 an#o.2



Table 6

A comparison of alternative test statistics whanghecise date of abnormal performance is unknblsimg the
OLS market model as RGM, abnormal performancedohesecurity is introduced at random for one daindu
the event window. The numbers in the table shovp#reentage of 500 samples of 50 securities eaehevthe
null hypothesis of cumulative mean abnormal perforoe in the event period is rejected.

Panel B
Two tailed testpn=0.01

Artificial level of abnormal performance (%) intnacked at day 0

Window Test Statistic 0.0 0.5 1.0 15 2.0 2.5
3 days Standardized 4.4 13.4 46.8 81.6 97.4 99.8
Cross-Sectional 2.8 7.8 29.4 63.0 87.8 97.2
Portfolio 3.0 7.4 28.6 61.8 87.0 97.0
5 days Standardized 4.4 8.6 29.2 60.4 87.6 96.4
Cross-Sectional 2.6 4.8 16.8 394 66.0 84.2
Portfolio 3.8 5.8 18.2 38.4 64.8 84.6
11 days Standardized 3.8 5.0 17.0 33.0 51.6 70.8
Cross-Sectional 1.4 1.8 5.8 14.8 30.0 46.0
Portfolio 2.2 3.4 9.4 18.6 31.6 48.0

A test of significance is well-specified under thell hypothesis at the 5% (1%) level if the perceft
rejections falls between 2.7% and 7.3% (0.0 ané®.2

V. Summary and Conclusions

This paper examines the specification and powdhefevent studies technique using daily
Chilean security return data. We test several phoes with which this methodology measures
security price performance. Our findings indicat@ttalthough measures for individual security
returns and security excess returns are evidertdlynormal, the cross-sectional mean abnormal
returns converge to normality as the number of sées in the sample increases. Methods based on
the use of parametric tests for samples of 10 aersecurities seem to be well specified at least at
the 5% significance level. However, for a 1% sig@ihce level the three parametric tests we study
reject the null hypothesis too often when this higpsis is true.

Comparison across test statistics indicates impbgiower differences among the three tests.

For Chilean daily security return data, the stadidad t-test shows to be more powerful than both



the cross-sectional and the portfolio t-tests. Mueg, these results show to be robust to changes in
the portfolio size, the RGM or the length of theeetvperiod. As we should expect, our results also
indicate that the power of the three parametritstese study falls strongly when the sample size
decreases. For example, using the portfolio tegt w#5% and 1% level of abnormal performance,
diminishing the sample size from 50 to 10 secwgitieduces the rejection frequency between three
and four times.

One additional and interesting result is that immie of procedure to measure abnormal
performance there is some evidence indicating gebperformance of those methods that consider
the systematic risk of each security. However, ithprovement in specification and power of the
tests using these methods over the simpler meastadj model is only limited.

Finally, the specification and power of the tegsoalepend on the long of the event period.
We find a more severe misspecification for the d#adized t-test when the event period is longer
than one day. As expected, the power of the thests talso decreases strongly as the longer is the
event window. Results for 11-day event periods akveat in samples of 50 securities, when we
introduce a 1% of abnormal performance using adesize 5%, the null hypothesis of no abnormal
performance is rejected only 17 to 28% of the tiffleus, as Brown and Warner (1980) point out,
even if the researcher conducting an event studgyt@an take advantage of a more sophisticated
pool of computation techniques, a good use ofihig is still in determining more accurately event

dates.
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