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1. Introduction
Many studies investigate long-horizon stock-price performance. Several report large ab-

normal returns following corporate events. The interpretation of such findingsis controversial.
Significant long-horizon abnormal returns are inconsistent with market efficiency. Kothari and
Warner (1997) and Barber and Lyon (1997) report simulation results suggesting that many com-
monly used methods tend to find positive or negative abnormal performance when noneis pres-
ent.

This paper evaluates two new approaches to improving test specification and compares
their performance to earlier test designs. First, we propose replacing the commonly used, simple
paired difference test statistic with an equally simple two groups test statistic. The paired differ-
ence test implicitly controls for pairwise dependence between the return on a stock and the return
on asize- and book-to-market-matched benchmark portfolio or control stock. Absent any other
specification problem, ignoring positive pairwise dependence would lead to aweak test, that is,
one that does not reject afalse null hypothesis often enough. However, atypical long-horizon
event study sample manifests another type of dependence that the paired difference test ignores.
Specifically, overlapping time periods create positive dependence between the returns of differ-
ent stocks in the sample (see Fama, 1998). By ignoring positive cross-sectional dependence while
controlling for positive pairwise dependence, the paired difference test can be expected to pro-
duce too many rejections of atrue null hypothesis. We refer to this effect as the overlapping ho-
rizons bias. The two groups test omits any adjustment for either type of dependence, allowing
their interaction to potentially produce a better specified test. Our simulation results show that

two groups tests indeed do generally exhibit better specification than paired difference tests.



The second approach to improving test specification is winsorization of abnormal returns,
which we use to address the skewness bias described by Barber and Lyon (1997). Winsorization
isawell-known procedure that sets alimit on how far away from the rest of the sample an ex-
treme observation is allowed to be. More extreme observations are set equal to the limit, in effect
giving the most extreme observations a lower weight but not removing them from the sample.
Individual stock buy-and-hold long-horizon returns experience much larger extreme positive ob-
servations than extreme negative observations, resulting in substantial positive skewness.
Benchmark portfolio returns, being broad averages, are less skewed than the individual stock re-
turns from which they are subtracted to determine abnormal returns. As aresult, long horizon
abnormal returns are highly positively skewed like raw returns. The positive skewness leads to
negatively biased test statistics (that is, excessive rejections of the null in favor of alower-tail
aternative; see Barber and Lyon for a detailed explanation). For example, in 1000 samples of 50
stocks with random event dates, tests of non-winsorized, buy-and-hold abnormal returnsrelative
to an equally-weighted, firm size- and book-to-market matched benchmark, the paired difference
test rgjects the lower-tail null hypothesis about ten times as often as the upper-tail null.

Winsorization allows the investigator to explore the sensitivity of the inference to ex-
treme returns. A plethora of studies finds abnormal performance following various corporate
events. Extreme observations and the resulting positive skewness could account for these find-
ings. Reporting the results of tests on both winsorized and non-winsorized abnormal returns
should help readers judge the robustness of the conclusions.

Barber and Lyon (1997) identify two additional biasesin previously studied tests. First,
the new listing bias occurs when the long-horizon return of a benchmark portfolio reflects new

listings that occur after the event date. Sample stocks, by definition, include only those already



trading as of the event date. Empirically, new listings tend to have lower long-horizon returns
than other stocks, thereby biasing abnormal returns of sample stocks upward. We eliminate this
bias by matching each sample stock with a benchmark portfolio of stocks already trading on the
event date, and excluding subsequent new listings from the benchmark portfolio.

The rebalancing bias stems from the practice of using an equally weighted market index
or benchmark portfolio, which is rebalanced to equal weights each month or even daily. This
rebalancing leads to an inflated long-horizon benchmark return and thus a downward-biased ab-
normal return. (See Barber and Lyon, 1997 and Caninaet al., 1998 for more detailed discussion.)
The tests in this paper avoid the rebalancing bias with equal-weighted benchmarks by not rebal-
ancing after the event date.E|

Another contribution of this paper isthe consideration of sample size as afactor in the
specification of long-horizon event study tests. Sample sizes vary widely across existing studies,

but the effect of sample size on specification has not been studied.EI

Asthe sample size increases
sufficiently, the distribution of the sample mean should resemble the normal and the skewness
bias should be small. However, whether the skewness biasis too small to detect in relatively
large samplesin practice is an empirical question. The question is also complicated by the poten-
tial for different biasesto interact. For example, suppose that a sample of 200 stocks has alarger
expected return than the matched benchmarks because of a sample selection bias of which the

researcher is unaware. Thiswould tend to bias tests toward finding positive abnormal perform-

ance and away from finding negative abnormal performance. However, the skewness bias may

1 A contemporaneous paper by Lyon, Barber and Tsai (1999) uses similar approaches to eliminating the new listing
and rebalancing biases.

2 Sample sizes range from less than 50 stocks (Clark and Ofek, 1994; Ikenberry and Lakonishok. 1993) to more than
3,500 stocks (Loughran, 1993; Loughran and Ritter, 1995; Brav, Geczy, and Gompers, 1995).
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offset the effect of sample selection bias, leading to an apparently well specified test. If the sam-
ple sizeisincreased to 1000, the skewness bias diminishes but the sample selection bias need
not. Thus, test specification can vary with a change in the sample size.

Finally, we study the effect of holding period length, which also varies across studies, on

Bl

test performance.” The overlapping horizons bias is expected to increase with the holding period
as the number of contemporaneous horizons increases. Tests may appear well specified in shorter
holding periods because the overlapping horizons problem is small, but specification can deterio-
rate as the holding period is increased. Moreover, because return skewness increases for longer
holding periods, we expect the skewness biasto increase as well, all else held constant. Thus,
tests that are misspecified in shorter holding periods are expected to become even worsein
longer holding periods due to the interaction of the two biases.

This paper uses the simulation method introduced by Brown and Warner (1980) and
adopted by many event methodol ogy studies since: randomly select firms and event dates, and
compute test statistics based upon actual return data. This type of simulation cannot cleanly iso-
late each potential bias, but has the advantage of revealing the combined effects of biases present
in actual data. Additionally, we gain insights into the relative effects of individual biases by
jointly varying the sample size and the holding period, and by comparing tests that should be dif-
ferently sensitive to particular sources of bias.

We report results for simulations of paired difference and two groups tests for buy-and-

hold abnormal returns cumulated over one-, three-, and five- year periods for samples of 50, 200

® Commonly used longer periods are three years (Cusatis, Miles, and Woolridge, 1993; Loughran and Ritter, 1995;
Desai and Jain, 1997; Teoh, Welch, and Wong, 1998) and five years (Spiess and Affleck-Graves, 1995; Loughran
and Ritter, 1995; Brav, Geczy, and Gompers, 1995; Agarwal, Jaffe, and Mandelker, 1992).



and 1000 stocks. Previous long-horizon simulation research is limited to samples of 200 or fewer
stocks; this paper is the first to examine 1000 stock samples. The tests use equal- and value-
weighted benchmark portfolios, matched on size and book-to-market ratio, as well as control
stocks. We find test misspecification even with benchmark portfolios void of new-listings and
rebalancing biases, consistent with previous research (Kothari and Warner, 1997; Barber and
Lyon, 1997). We document a negative relation between the magnitude of skewness bias and
sample size and find significant skewness bias even in samples as large as 1000 stocks. There
also is evidence of overlapping horizons bias, which like the skewness bias becomes serious with
longer holding periods. However, atwo groups test of winsorized returns using value-weighted,
size and book-to-market matched benchmark portfoliosis successful in reducing these biases.
The test is powerful and nearly always exhibits appropriate specification at the reported portfolio
sizes and holding periods. It also is more powerful and better specified for large sample sizes

than the control-firm approach offered by Barber and Lyon.

2. Methods and data

2.1, Testsstatistics studied
When the abnormal return of a stock is defined as the difference between the holding-

period compound return and the corresponding benchmark return, a natural way to test the null

hypothesisisto use asimple paired difference Z statistic (t test for smaller samples),

AHPAR
L=Ta
O-HPAR/ N

where AHPAR is the average holding period abnormal return (defined more precisely below) and

6‘2% is the cross-sectional sample variance of the holding-period abnormal returns. The null



hypothesis of the ssimple paired difference Z statistic is that there is no difference between the test
stock and the benchmark. The procedure is common in the literature, and both Barber and Lyon
(1997) and Kothari and Warner (1997) apply such atest to buy-and-hold abnormal returns. The
rationale for using the variance of differences, as opposed to the variances of the stock and
benchmark holding-period returns, is that the observations are not independent, but pairwise de-
pendent. In the case of abnormal returns, the stock return and benchmark return are expected to
be positively dependent. Ignoring the dependence would cause the sample standard deviation to
be overestimated. The paired difference test implicitly controls for the pairwise dependence.

If the holding periods of stocks in the sample overlap, however, thereis a potential cross-
sectiona dependence among the returns of sampled stocks. In typical event study samples, the
number of nontrivially overlapping horizons will be considerabl e.mAssumi ng that the cross-
sectiona dependence between stocks with overlapping holding-period returnsis positive and that
the correlation persistsin the abnormal returns, the effect will be to increase the variance of the
sample mean return. Conventional test statistics do not adjust for the dependence, so they can
underestimate the variance, which inflates the absolute value of test statistics and causes the tests
to rgject the null hypothesis too often (see Brown and Warner, 1980). This overlapping horizons
bias should not be large when the holding period is one year, but as the holding period lengthens,
the biasis expected to grow.

To compensate for cross-sectional dependence, we consider atwo groups difference of

means test,

* For example, there can be only nine completely distinct three-year holding periods between 1965 and 1992.
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AHPAR

A2 A2 "
OHPR + OHPR(benchmark)
N N

ZzG =

The null hypothesisis that the means of the two populations, the stocks and the benchmarks, are
equal. In atwo groups test, any pairing of the datais disregarded. The null hypothesis for which
the statistic is derived is that the means of the two populations are equal. The two populations are
assumed independent; there is no correction for either pairwise dependence or cross-sectional
dependence. Both kinds of dependence are expected in long-run returns. However, since the two
kinds affect the variance in opposite directions, the lack of a correction for either can potentially
improve test specification relative to atest that corrects for only one form. In arandom sample
with no cross-sectional dependence, the test will be less powerful than a paired difference test.
More generally, the two groups test admittedly is a crude approach to the issue of dependence.
Arguably, it would be better to try and model the data more thoroughly. However, long-run re-
turns exhibit such dramatic departures from the usual distributions as to render such modeling
excessively complex. The two groupstest has the virtue of being smple and easy to calculate.

A

Whether it istoo simpleisan empirical question.

2.2. Population sampled
We develop simulation samples from NY SE, AMEX and Nasdaq stocks listed on the

1995 CRSP daily file from 1965 through 1995 minus n where n is the year(s) in the holding pe-
riod. Stocks of firmsincorporated outside the U.S., American Depository Receipts, Americus
Trust components, closed-end funds, unit investment trusts and real estate investment trusts are

excluded. To be eligible for the test and benchmark simulation samples, a stock must appear on

® Lyon, Barber and Tsai (1999) consider atest statistic based on more detailed modeling; however, it addresses only
one source of bias, skewness.



the CRSP daily return file for the first day of the holding period. No requirements for prior or
subsequent return data are imposed. However, because we consider size- and book-to-market
matched benchmarks, some stocks drop out of the simulation samples for lack of market price

and share data (from the CRSP file) and book-to-market data (from Compustat files).

2.3.  Smulation sample selection
To simulate long-run event studies, we randomly select stocks and event dates. For the

one-year holding period tests, stocks are sorted into deciles based on the number of trading days
from 1965 through 1994 that the stock islisted on the CRSP daily file. The processisthe same
for three- and five-year holding periods, except the ending date becomes 1992 or 1990 respec-
tively. Stocks are randomly selected in proportion to the number of available trading days. Thus,
a stock with twice as many CRSP trading days as another would be twice as likely to be selected.
For each stock selected, an event date (the holding-period start date) is randomly selected from
within the available dates for that stock. We believe this sampling procedure is representative of
samples found in many studies of corporate events and produces results that can be compared to
Barber and Lyon (1997) and Kothari and Warner (1997).

We examine portfolios sizes of 50, 200 and 1000 stocks. For each portfolio size, we draw
1000 random stock-event date combinations. Stocks are replaced after being selected, but event
dates are not replaced. Thus, the same combination of a stock and event date does not appear
twicein aset of 1000 samples. Separate samples are drawn for the one-, three-, and five-year

holding periods.

2.4.  Computation of returns
For one-, three-, and five-year holding periods, we construct a n-year holding-period da-

tabase which replaces each 1995 CRSP daily return with a buy-and-hold return that starts on that



day being replaced (t) and ends n years (252n trading days) later. The n-year buy-and-hold return

of stock j beginning at the close of day t-1is

HPR, =[] (v+r,. )71

where rji+| isthe return on day t+¢ from the CRSP daily returnsfile. In other words, for each
CRSP trading day, we compute an n year buy-and-hold return for each stock. Test stocks are
drawn from this database, as are the benchmark portfolios.

If astock stopstrading before the end of the holding period, its daily return seriesisfilled
in with the delisting return when available, followed by a market return (see Shumway, 1997 for
adiscussion of the potential importance of the delisting return). We assume that the proceeds
from the delisting are invested in a value-weighted market index portfolio, from the delisting
date through the end of the n-year holding period. Daily value-weighted market index portfolio
returns are constructed from the n-year holding-period return database weighted by the market
value at the end of the previous trading day. An index return is used because it ssimulates afeasi-
ble strategy for an individual trader who could invest the residual proceeds in a passively man-

aged fund that mimics a broad market index.

2.5.  Choice of benchmarks
The benchmarks that we consider are a portfolio of all stocks that match the test stock on

size and book-to-market equity, and a control stock that also matches the test stock on size and
book-to-market equity. These are the main benchmarks that long-run event studies use. Portfolios
matched on size and book-to-market are popular because Fama and French (1992, 1993) report
that these characteristics explain much of the cross-sectional and time-series variation in stock

returns.



We consider both equal-weighted and value-weighted benchmark portfolios. Each has
commendable properties for purposes of long-horizon event studies. Event study means and test
statistics conventionally are equal-weighted. Assume that identical past and future survival crite-
riaare applied to event study samples and indices or benchmark portfolios. On average across
many studies, the composition of equal-weighted benchmarks will perfectly match the composi-
tion of test samples, theoretically ensuring a zero mean. A significant source of misspecification
isthereby eliminated. However, except in simulation studies like this one, neither identical sur-
vival criteria nor averaging across many samplesisthe norm. For example, takeover bidders tend
to be firms that have survived. Vaue-weighted benchmarks al so better represent actual invest-
ment opportunities.

Some studies use single control-firm stocks as benchmarks. Barber and Lyon (1997) re-
port that the substitution of a control stock for a control portfolio improves the specification of
statistical tests. The improvement comes from greater similarity of return skewness between
sample stocks and individual stocks. Portfolio returns manifest less skewness than individual
stocks. Therefore, in addition to benchmark portfolio tests, we study tests using control stocks

matched on the basis of size and book-to-market ratio.

2.6.  Construction of benchmark portfolio returns
We consider size and book-to-market buy-and-hold benchmark portfolios constructed

from our n-year holding-period return database. Again following Fama and French (1993), 50
size and book-to-market portfolios are formed by annually ranking eligible stocks within the size
deciles into quintiles based on their most recent fiscal year-end book-to-market ratio available at
the end of February. We use the end of February as the book-to-market ranking date to allow up

to afour month lag in the publication of annual financial statements.
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For each benchmark portfolio, we compute an equal-weighted return and a value-
weighted return. The equal (or value) weighted benchmark return is the arithmetic (or weighted)
mean of all n-year buy-and-hold stock returns available starting on the event date for a particular
benchmark portfolio. Averaging the full holding-period returns available on the specific trading
date avoids the need to cumulate or compound benchmark subperiod returns, thus eliminating the
rebalancing bias that Barber and Lyon (1997) identify. Moreover, the new listing biasis avoided
because only the stocks appearing in the benchmark at the start of the holding period are in-
cluded ®

In addition to portfolio benchmarks, we examine control-firm benchmarks. One stock is

randomly selected from the appropriate portfolio and matched to the test stock.

2.7.  Benchmark matching and abnormal return calculation
The average compounded, or holding-period abnormal return,

AHPAR =1 3 (HPR ~HPR o).

incorporates the actual value change of each stock during the holding period, with any dividends
reinvested.

When our simulations call for winsorized abnormal returns, we winsorize at plus or mi-
nus three standard deviations from the sample mean. The rationale for three standard deviations
isthat in a sample from anormal distribution, nearly all observations would be expected to fall

within three standard deviations of the mean. By using standard deviation as the limiting criterion

® Our method of constructing benchmark returns differs from that used by Barber and Lyon (1997). They use a
method commonly found in existing studies which treats stock returns and benchmark portfolio returns differently.
Stock returns are developed using buy-and-hold methods, similar to our study. However, their benchmark portfolios
returns are computed by compounding cross-sectional average returns, thus introducing new-listing and rebalancing
biases.

11



for heavily skewed distributions, the upper and lower tails of the distribution are differentially
truncated. Specifically, positive abnormal returns, which are the source of the observed skew-
ness, are much more likely to be truncated than negative abnormal returns. Winsorizing at three
standard deviations from the sample mean affected only the upper tail of our distributions. In
preliminary experiments, we found that 3.0 standard deviation limits produced better test specifi-
cation than 2.5, 3.5 or 4.0 standard deviations.

When matching the benchmark portfolios or control firmsto stocks, it is critical for the
researcher to consider the effect of the event on size and book-to-market ratio. For example,
Mitchell and Stafford (1998) and Rau and Vermaelen (1998) show that many acquiring firms
change their size and book-to-market classifications as a result of the acquisition. Simulation
studies like this one use random event dates, and thus they do not account for an event-induced
shift in classification. This does not necessarily limit the generality of the conclusions, because
studies investigating actual events can compensate for such a shift. For example, if amerger
causes an acquirer to change in size and book-to-market ratio, the benchmark portfolio with the
same size and book-to-market ranking as the merged firm, not the pre-merger acquiring firm,
should be used.

Events do not necessarily induce only discrete shiftsin size and book-to-market, however.
It isalso possible that classifications drift gradually over aperiod of years. Such adrift may be
unrelated to the event, but occur for non-event firms in the same size- and book-to-market cate-
gory. In this case, matching on size and book-to-market ratio at the event date, and maintaining
the match for several years, can make the benchmark return be a noisier measure of expected re-
turn. When the drift is not event-related, simulations using random event dates will suffer as

much or as little as actual event studies, so the applicability of our findings should be maintained.
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On the other hand, size and book-to-market may drift in a systematic way for along time
because of an event. For example, suppose that mergers systematically result in plant closings or
asset write-downs over a period of years, but the implementation of these decisions contains no
news about firm value and the market is efficient. The market-value consequences of the deci-
sions would be fully anticipated at the event date, but the book value of the firm would decline if
not offset by increasesin other assets. Thus, the book-to-market ratio could gradually drift
downward. Such a systematic event-induced drift would cause event firms and benchmarks to be
mismatched in the actual event study but not in a simulation with random event dates.

Researchers potentially can compensate for event-related ranking drift by appropriately
selecting a sequence of benchmarks. For example, Brav and Gompers (1997) alow the size and-
book-to-market benchmark portfolio to change quarterly. Such periodic re-matching of event
firms and benchmarks implies that a buy-and-hold investment strategy for the event firmsis be-
ing compared to arebalanced strategy for the benchmark. Suppose that a sequence of equal-
weighted size and book-to-market benchmark portfoliosis used. The wealth resulting from buy-
ing and holding one benchmark portfolio for a period isrolled over into adifferent portfolio,
which starts the new period with equal weights. Thus, the attempt to compensate for benchmark-
matching bias due to event-induced drift re-introduces the rebalancing bias that a buy-and-hold
benchmark strategy avoids. We do not claim that the trade-off between the two biases should al-
ways be resolved in favor of a buy-and-hold benchmark strategy. As Fama (1998) points out,
neither buy-and-hold nor rebalanced procedures are immune to “bad models’ problems. How-

ever, simulation analysis of methods other than buy-and-hold is beyond the scope of this study.
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2.8.  Method of artificially inducing abnormal returns
To evaluate the power of the tests, we artificially induce various levels of positive and

negative abnormal return. For example, to induce a 10% abnormal return, we simply add 10% to
each stock’s HPR before performing the remaining calculations to arrive at atest statistic. This
could be interpreted as ssimulating either a 10% abnormal return on a single day or equivalent

smaller daily abnormal returns compounded over the holding period.

3. Results

3.1. Descriptive statistics of returns
To understand the problem of non-normal return distributions and its relation to sample

sizes, we provide descriptive statistics for raw and abnormal returnsin Table 1. We report only
the three-year holding period for size and book-to-market matching procedures. Evidence from
one- and five-year holding periods yields similar insights. In order to highlight the changes across
sample sizes, we include sample sizes of 25, 100 and 500 stocks in addition to the 50, 200 and
1000 used for the main simulations. We show the mean, standard deviation, centered coefficient
of skewness and centered coefficient of kurtosis of the 1000 simulation samples for each sample
size. Large samples (size=N) from anormal distribution have expected centered coefficients of
skewness and kurtosis of zero and variances of the sample coefficients equal to 6/N and 24/N,
respectively. Given our 1000 simulation trials, 95% confidence limits for skewness and kurtosis
are plus or minus 0.152 and 0.304, respectively.

Raw returns Table 1 shows that the mean of 1000 sample mean raw returnsis around
58% triennially and does not vary much across sample sizes. The mean raw return is positively
skewed and leptokurtic, especially in small samples. For example, in samples of size 25, the av-

erage centered skewness and kurtosis coefficients are 2.430 and 15.363, respectively. The coeffi-
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cients decline substantially as the sample size increases from 25 to 1000, but even at sample sizes
of 1000 stocks the sampling distribution of the sample mean is significantly skewed (0.337) and
leptokurtic (0.386) relative to the normal distribution.

Abnormal returns Using size and book-to-market matching procedures, abnormal returns

for equal-weighted, value-weighted and control stock matching are reported in Table 1. The ab-
normal returns have a positive mean, skewness, and kurtosis. These abnormal return statistics are
expected to be zero under the standard event study null hypothesis. The buy-and-hold abnormal
return (BHAR) based on the equal-weighted benchmark portfolio has the mean nearest zero for
each sample size, around 1% triennially, followed by the control stock-based BHARs at 4%, and
value-weighted benchmark portfolio-based BHARs at 6%. The centered coefficient of skewness
is positive and significant for each matching procedure and for all sample sizes. The smallest
skewness for samples of 25 stocks comes from BHARS using the value-weighted portfolios and
is2.516. In samples of 50 or larger, BHARS using control stocks are less skewed than the other
matching portfolio abnormal returns. Consistent with the central limit theorem, skewness de-
creases monotonically with increasing sample size. For example, the average centered skewness
coefficient of the mean abnormal return using control stocks decreases from 3.530 in samples of
25, t0 0.407 in samples of 200, to 0.200 in samples of 1000. Like skewness, the centered coeffi-
cient of kurtosis reported in Table 1 is positive and significant for each matching procedure and
for al sample sizes. A monotonic declinein kurtosisis present as sample size increases, which
again is consistent with the central limit theorem.

Winsorized abnormal returns Table 1 reports the descriptive statistics for BHARs based

on value-weighted benchmark portfolios after winsorizing at three standard deviations. Winso-

rizing reduces the mean BHARS, to about one-half of a percent triennially in most sample sizes.
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The reduction in the mean is not surprising given positive skewness and truncation based on
standard deviation. The effects of winsorizing on the second and higher moments are substantial
aswell. The standard deviation of the sample mean declines by about 25%. The skewness coeffi-
cient decreases from 2.516 to 1.545 in samples of size 25, and from 0.376 to 0.158 in samples of
1000. The kurtosis coefficient experiences similar reductions. While the sampling distribution of
the winsorized mean abnormal return is closer to the normal distribution than that of other ab-

normal returns examined, it remains non-normal, particularly at smaller sasmple sizes.

3.2.  Specification of tests
Although it isimportant to understand the distribution of abnormal returns underlying the

test statistic, ultimately it is the performance of the test statistic itself that iscritical. Table 2 re-
ports the specification of paired difference and two groups tests for one-, three-, and five-year
holding periods using equal- and value-weighted size/book-to-market benchmark portfolios and

size/book-to-market matched control stocksIZI

We report only five percent significance level tests;
the one percent significance level testsyield similar conclusions. The numbersin the table are
percentages of 1000 samplesin which atest rejects the null hypothesis when no abnormal return
isartificialy induced.
3.2.1. Paired difference tests

Equal-weighted benchmark Table 2 shows that when the benchmark is the equal -

weighted size and book-to-market matched portfolio, the paired difference test is negatively bi-

ased. It rgects the null hypothesis against alower-tail alternative significantly more often than

" The paired difference and two groups tests are biased for all holding periods and sample sizes when the benchmark
is the market index alone or size alone. This holds for both equal- and value-weighted benchmarks. Thus, we do not
present market index and size matching procedures nor further analyze them.
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five percent, but the rgjection rate against an upper-tail alternative is significantly less than five
percent. For example, using a one-year holding period, and a sample of size of 50, the null isre-
jected in 12.3% of lower-tail tests, but only 1.8% of the time in upper-tail tests. The rejection rate
against atwo-tail alternative significantly exceeds five percent for all but the 1000 stock portfo-
lios. The pattern of rgjection rates is generally consistent with the skewness bias decreasing as the
sample size increases. When the holding period isfive years, the lower-tail and two-tail rejection
rates decrease, and the upper-tail rate increases monotonically, across sample sizes. For example,
the lower-tail rejection rate drops from 12.7% in samples of 50 stocks to 6.9%, just barely indis-
tinguishable from 5%, in samples of 1000 stocks. In general, the equal-weighted benchmark re-
sults are consistent with Barber and Lyon (1997). Thus, while our benchmarks are purged of the
new listing and rebalancing biases, the skewness bias still renders the test significantly misspeci-
fied.

Value-weighted benchmark Tests using value-weighted size and book-to-market bench-

marks are positively biased for both one- and two-tail testsin samples of size 1000. Thisbiasin-
creases as the holding period is extended. For example, the upper-tail rejection rates for 1000
stock portfoliosis 9.6% for one-year holding periods and 32.7% for five-year holding periods. As
the sample size decreases, the positive bias is reduced so that at 50 stocks there is anegative bias
for one-tail tests. Again, the biasis larger for longer holding periods.

Recall that the skewness bias, given positive long-horizon return skewness, causes tests to
be negatively biased. The observed increase in positive bias as sample sizeincreasesin Table 2 is
consistent with a decrease in the skewness bias. Moreover, the skewness bias has alarger nega
tive effect in longer holding periods. However, the overlapping horizons bias also has a larger

effect in longer holding periods, and the net of these effects tends to inflate the test statistic in the
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same direction as the sample mean. The mean abnormal return using benchmark portfolios are
positive, so tests based upon them are positively biased in most situations.

The skewness bias and the overlapping horizons bias (combined with the positive mean
abnormal return) offset each other to produce an apparently unbiased two-tailed test, for example
at the 200 stock sample size. The potential for offsetting biases to produce correct specification
that is not stable across sample sizes or holding periods suggests the need for caution in inter-
preting the results of simulation studies.

Control stocks Table 2 also shows that paired difference tests using a size- and book-to-
market-matched control stock are usually correctly specified for samples of 50 stocks. However,
as the sample size increases, the tests become positively biased in one- and three-year holding
periods, rejecting the null in 13.3-13.5% of upper-tail tests in samples of 1000. The increasing
positive bias is consistent with the skewness bias diminishing in larger samples. It is not clear
what other effects may be influencing the results, because the pattern is reversed in the five-year
holding period. In samples of 1000 stocks, the null hypothesisis rejected in 1.2% of upper-tail
tests but 10.4% of lower-tail tests.

Holding the sampl e size constant, the upper-tail rejection rate decreases as the holding pe-
riod increases, from 7.0% to 3.0% in samples of 50 stocks, from 9.1% to 2.7% in samples of 200,
and from 13.3% to 1.2% in samples of 1000. Asthe upper-tail rejections decrease, lower-tail re-
jections increase in asimilar fashion. The increasing negative bias is consistent with the skew-
ness bias increasing as the holding period increases, with an insufficiently large positive mean
abnormal return, or an insufficient increase in the overlapping horizons bias, to offset it.

The results for the control-stock tests differ from those of Barber and Lyon (1997), who

report correct, and reasonably symmetric, upper- and lower-tail rgjection rates. The differencein
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results could be the result of dlightly different matching procedures between their study and ours.
However, our results and theirs are roughly consistent for samples of 200 stocks or fewer, where
similar to Barber and Lyon (1997) we observe much smaller biases than in equal-weighted
benchmark tests, correctly specified two-tail tests, and only mild to moderate biases in the upper-
tail tests. The more dramatic difference occurs in samples of 1000 stocks, which Barber and Lyon
do not investigate. The somewhat severe biases of the tests in large samples casts doubt on the
claim that replacing index or portfolio benchmarks with control stocksis a sufficient safeguard

against erroneous conclusions caused by extreme buy-and-hold return distributions.

3.2.2. Two groups tests
Table 2 shows that two groups tests based on equal-weighted portfolios matched on size

and book-to-market tend to be negatively biased to conservative for upper-tal tests. The negative
biasis more strongly observed for the 50 stock sample size and does not systematically change
over the different holding-periods. Upper-tail rejection rates for all holding periods and sample
sizes range from 0.3% to 1.9%, all below the 95% binomial confidence limit for a 5% signifi-
cance level. Lower-tail rejection rates are within the confidence limit for al but the 50 stock
sample size, which is overstated. The two-tail tests tend to be understated, ranging from 2.1% to
3.8%.

In contrast, the two groups tests using value-weighted benchmarks are positively biased
for the 1000 stock sample size particularly for the longer holding-periods. The upper-tail (two-
tail) rgjection rate for 1000 stocks for five-year holding period is 25.2% (12.8%). The smaller-
sample-size rgjection rates are conservative for the upper-tail and two-tail tests but tend to be ap-
propriately specified for lower-tail tests for al holding periods. The range of upper-tail and two-

tail rgjection rates for 50 stocksis 1.0% to 3.2%.
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The control-stock two groups tests are generally well specified for the 50 and 200 stock
sample sizes, with some tendency toward conservative rejection rates for lower-tail tests at one-
and three- year holding periods and for upper-tail tests at the five-year holding period. However,
when sample sizes increase to 1000 stocks, the test results are less well-behaved. The upper tail
tests for 1000 stocks are 10.8% and 12.0% for one- and three-year holding periods and 0.9% for
five-year holding period.

The control-stock two groups test is equivalent to the common procedure of collecting a
matching, non-event sampleto seeif it experiences significantly different post-event perform-
ance from the event sample. The results suggest that while the test often works well, non-event-
related extreme returns on event stocks or control stocks are likely to create unpredictable results
in large samples. Thus, researchers should not assume that they can rely on a control sample to
verify the robustness of long-horizon event study results.

Asour analysis of the overlapping horizons bias leads us to expect, the biases with two
groups tests are less than the corresponding biases in the paired difference tests. For example, the
equal-weighted benchmark, paired difference test has alower-tail rejection rate in 200-stock
samples of 9.3% to 11.4%, depending on the holding period. The corresponding two-groups test
rejection rates range from 5.1% to 6.5%, all within the 95% binomial confidence interval for a

5% significance level.

3.2.3. Testsusing winsorized abnormal returns
Table 3 shows the paired-difference and two-groups test rejection rates using winsorized

abnormal returns based on size and book-to-market matching for equal- and value-weighted port-
folios and control stock portfolios. The results show profound misspecification for all the paired

difference tests. Tests with equal- and value-weighted benchmark portfolios exhibit a negative
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bias whereas the rgjection rates with control stocks are too high for upper-, lower-, and two-tail
tests. Consistent with overlapping horizons bias, these misspecifications tend to increase as the
holding period increases. For example, the lower-tail rejection rates for 200 stocks using equal-
weighted control stock portfolios increase from 8.6% for one-year to 13.3% for three-year to
24.6% for five-year holding periods. The biases tend to increases as the portfolio size increases.
The two-tall regjection rates for three-year holding period control stock portfolios increase from
17.4% for 50 stocks to 21.3% for 1000 stocks. An exception occurs with the tests using value-
weighted benchmarks for three- and five-year holding periods, for which the biases decrease as
sample size increases.

The two-groups test results tend to be correctly specified with the exception of the tests
using equal-weighted portfolios, which demonstrate a negative bias. The two-tail rejection rates
for value-weighted and control stock portfolios range from 3.1 to 7.4% (both just outside the
95% confidence limit). However, these tests are conservative in most upper-tail value-weighted
portfolios (except in 1000-stock samples with three- and five-year holding periods). The upper-
tail rgjection rates with one- and three-year holding periods and control stocks are misspecifiedin
the larger samples.

The overall impressions from Table 3 are that winsorizing abnormal returns at three stan-
dard deviations tends to reduce upper-tail rejection frequencies and increase lower-tail rejection
frequencies. Winsorized two groups tests using value-weighted benchmark portfolios matched on
size and book-to-market is the least likely to produce excessive rejections of the null hypothesis,

though the tests are not correctly specified in all situati ons.EI

8 When event-date clustering (perfectly overlapping horizons) occurs, none of the tests analyzed in this paper is ap-
propriately specified. Simulations with common event dates for all stocksin a sample (not reported) indicate that
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3.3.  Power of tests
Table 4 reports the power of two groups tests based on size-and book-to-market bench-

mark portfolios, and the paired difference test using control stocks. We report the power of
value-weighted size and book-to-market matched paired difference and two groups tests using
winsorized data. We did not find the control-stock test or the unwinsorized, value-weighted
benchmark test reported in the table to be close to well-specified, but we report their power for
comparison. We report only the three-year holding period as the insights gained from other
holding periods are similar.

Table 4 shows that the power of the unwinsorized, equal-weighted test and the winso-
rized, value-weighted test are asymmetric, but the nature of the asymmetry varies with the ab-
normal return and the sample size. Both tests reject more often in the lower tail than the upper
taill when the absolute value of induced abnormal return is small and the sample sizeissmall. As
the sample size and absolute value of abnormal return increase, the pattern reverses. The pattern
is consistent with the reduction in the skewness bias as the sample size increases. The winsorized
value-weighted test is more powerful in most situations than the control-stock test and the equal-
weighted test. In 50-stock samples, the control-stock test is more powerful when we induce a
positive 10% abnormal return, but as previously discussed, the control-stock test is positively bi-
ased in this situation. In 1000-stock samples, the two-tailed winsorized test detects abnormal re-
turns of positive and negative 10% in 77.1% and 63.8% of cases, respectively, versus 47.8% and

48.5% for the equal-weighted test and 58.1% and 20.1% for the control-stock test.

winsorized two-groups tests that use size- or size and book-to-market benchmark portfolios generally are better
specified than most other tests, particularly with smaller samples. However, none of the tests can be recommended
for this situation.
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34. Summary of test results
We have shown that long horizon tests are highly sensitive to the choice of testing proce-

dures, and that many tests are misspecified, even when the benchmarks are purged of new list-
ings bias and rebalancing bias. The result is consistent with the findings of Barber and Lyon
(1997) for benchmarks that do suffer from the two biases. The results also show that the third
bias documented by Barber and Lyon (1997), the skewness bias, is necessary but not sufficient to
explain the behavior of the tests. Specifically, as the sample size increases, the skewness of the
sample mean decreases, making tests less negatively biased, holding other effects constant. The
lessening of the skewness bias may allow other biases to emerge. For example, atest that is
negatively biased in small samples, like the paired difference test based on value-weighted
matching portfolios, can switch to being positively biased. The positive bias occurs because the
abnormal return has a positive mean either due to benchmark mismatching or by chance, com-
bined with an underestimated standard error. A downward-biased standard error can result from
the overlapping horizons effect, which increases with the length of the holding period.

Even the control-stock test advocated by Barber and Lyon (1997) can suffer from skew-
ness bias, though to a considerably smaller degree than most benchmark portfolio tests. Moreo-
ver, the use of matched control stocks instead of benchmark portfolios involves a different source
of instability. Randomly occurring extreme returns on either a sample stock or a control stock are
equally probable. This helps reduce the average skewness bias, but can increase the frequency of
unpredictable results.

The most promising testing approach that we have uncovered isto match value-weighted
benchmark portfolios to sample firms on size and book-to-market, winsorize the abnormal re-

turns at three standard deviations to reduce skewness, and conduct a two groups test instead of a
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paired difference test. The resulting statistic comes closer to the standard normal distribution and
produces lower type | error rates and better power than the control-stock test. However, the speci-
fication of the test is not perfect, and winsorization may disturb some researchers sinceit in-
volves changing some data from what is observed, at least for the purpose of computing a test
statistic. In response, we would point out that the contorted distributions of long-horizon stock
returns should give pause to anyone considering the use of any parametric test, as Kothari and
Warner (1997) emphasize. The combination of winsorization, value-weighted benchmark port-
folios, and the two groups test, cautiously applied, seemsto usto be a reasonable approach at
least for examining the robustness of results and perhaps as the main test.
4. Concluding remarks

Consistent with previous research (Kothari and Warner, 1997; Barber and Lyon, 1997),
our simulations provide further evidence that most paired difference tests of long-horizon ab-
normal returns based on benchmark portfolios tend to find abnormal performance more often
than the nominal significance level when noneisinduced. The poor specification occurs even
though our benchmark portfolios are purged of the new listing bias and rebalancing bias and our
procedures attempt to mimic feasible investment strategies.

No benchmark portfolio construction method overcomes the skewness bias discussed in
Barber and Lyon (1997). We find that sample sizeis an important determinant of the magnitude
of skewness bias. The larger the sample size, the smaller is the skewness bias. Further, we find
evidence that although a control stock approach reduces skewness bias, it still can produce incor-
rectly specified results, probably because random extreme returns in the sample stocks and the

control stock do not always offset each other, even in large samples.
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We report evidence of an overlapping horizons bias that previously has not been analyzed
in detail. Asthe length of the time horizon increases, the potential for cross-sectional dependence
among the returns of sample stocks increases due to partially contemporaneous holding periods.
If the cross-sectional dependence in returnsis positive, conventional test statistics will underes-
timate the variance, causing the tests to rgject the null hypothesis too often. However, the skew-
ness and overlapping horizons biases interact with each other and with any benchmark matching
bias to produce unpredictable results in conventional tests.

Finally, we offer two suggestions to improving the quality of inference in long-horizon
studies. First, we report that winsorizing abnormal returns at three standard deviations, using
value-weighted benchmark portfolios matched to sample stocks on size and book-to-market, and
computing atwo groups statistic, provides a parametric procedure that is better specified, and
often more powerful, than previously proposed tests. The procedure is not correctly specified in
every instance, but we believe it to be potentially useful to researchers who want a parametric

teSt.EI

Second, we recommend researchers carefully consider their sample size when selecting test
procedures and evaluating the results. Our simulations are limited to 1000 and smaller stock port-
folios whereas researchers have used samples three to four times larger. While increases in sam-

ple size beyond 1000 should produce smaller changes in return distribution than those under

1000, the magnitude of the effect of such large sample sizes remains undocumented.

® |kenberry, Lakonishok and VVermaelen (1995) and Rau and Vermaelen (1998) apply a nonparametric bootstrapping
method to long-horizon event studies. Lyon, Barber and Tsai (1999) present simulation evidence that suggests that
bootstrapping tests can be well-specified and powerful, while Brav (1999) cautions that these tests may be sensitive
to post-event residual variation. We leave further analysis of bootstrapping methods to future research.
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Table 1
Descriptive Statistics of Three-Year Holding-Period Raw and Abnormal Returns

This table contains descriptive statistics for three-year holding-period returns, and abnormal returns
using size and book-to-market matched benchmark portfolios and control stocks. Sample size varies
from 25 to 1000 stocks. Mean, standard deviation, and skewness and kurtosis coefficients are given for
1000 samples of each size. For raw returns and abnormal returns using value-weighted benchmark
portfolios, statistics are shown with and without winsorizing at three standard deviations.

Sample size
25 50 100 200 500 1000
Raw returns:

No winsorizing
Mean 0.593 0.576 0.580 0.584 0.588 0.586
Std. Dev. 0.318 0.224 0.171 0.120 0.076 0.055
Skewness 2.430 1.492 2.089 1.070 0.442 0.337
Kurtosis 15.363 6.525 14.709 3.456 0.644 0.386
Winsorizing at three standard deviations
Mean 0.563 0.531 0.527 0.528 0.532 0.532
Std. Dev. 0.273 0.182 0.131 0.092 0.061 0.045
Skewness 1.474 0.600 0.514 0.302 0.102 0.130
Kurtosis 6.926 1.917 1.639 0.260 0.298 0.139

Abnormal returns using size and book-to-market matching:
Vaue-weighted portfolios

Mean 0.069 0.052 0.056 0.060 0.062 0.060
Std. Dev. 0.310 0.218 0.168 0.117 0.072 0.052
Skewness 2516 1.631 2.247 1.169 0.468 0.376
Kurtosis 15.672 7.222 16.710 4.072 0.667 0.444
Equal-weighted portfolios

Mean 0.016 0.019 0.009 0.004 0.004 0.005
Std. Dev. 0.366 0.234 0.166 0.117 0.072 0.052
Skewness 6.772 3.198 1.567 1.360 0.725 0.517
Kurtosis 97.390 30.929 7.907 5.549 1.963 0.911
Control stock

Mean 0.048 0.057 0.040 0.035 0.034 0.037
Std. Dev. 0.440 0.294 0.211 0.147 0.092 0.067
Skewness 3.530 1.108 0.397 0.407 0.233 0.200
Kurtosis 44.418 8.721 1.573 0.897 0.458 0.130

Winsorized abnormal returns using size and book-to-market matching:
V alue-weighted winsorized portfolios

Mean 0.039 0.007 0.003 0.004 0.007 0.007
Std. Dev. 0.263 0.174 0.126 0.088 0.056 0.041
Skewness 1.545 0.720 0.571 0.365 0.044 0.158
Kurtosis 1.225 2.364 2.179 0.349 0.130 0.134
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Table 2
Specification of Paired Difference and Two-Groups Tests at 5% Significance Level

This table reports percentage rejection frequenciesin 1000 samples for paired difference and two-groups tests using one, three, and five year
compounded holding-period returns with zero induced abnormal return. The tests report abnormal returns computed as the difference between the
return of a sample stock and the return on a size and book-to-market matched benchmark. The benchmarks include equal-weighted and value-
weighted portfolios and arandomly selected control stock matched to the sample stock. Three sample sizes for each of the holding periods are
reported: 50, 200 and 1000 stocks. Upper and lower one-tail results and two-tail results are presented. A 5% significance level isused. Bolded
rejection frequencies exceed the binomial upper 95% confidence limit and italicized fall below the lower 95% limit.

Rejection rates at 5% significance

1 year holding period 3 year holding period 5 year holding period

Alternative Sample size Sample size Sample size
Weighting and benchmark hypotheses 50 200 1000 50 200 1000 50 200 1000
Equal-weighted size/book-to-market upper-tail 1.8 2.2 25 12 29 3.6 13 21 31
matched, paired difference test lower-tail 12.3 9.3 89 11.3 114 7.6 12.7 10.0 6.9
2-tail 9.4 6.9 5.3 7.3 84 5.7 9.6 7.2 52
Vaue-weighted size/book-to-market upper-tail 2.8 31 9.6 24 7.9 30.3 29 8.0 32.7
matched, paired difference test lower-tail 8.0 55 24 7.7 3.8 0.5 9.3 3.0 0.2
2-tail 5.6 4.3 5.6 6.3 4.1 18.8 7.5 4.7 20.2
Size/book-to-market matched upper-tail 7.0 9.1 133 5.8 7.6 135 3.0 27 12
control stocks, paired difference test lower-tail 35 2.6 2.0 4.4 33 16 5.9 7.6 104
2-tail 5.4 6.0 8.2 55 5.0 8.0 5.0 5.3 6.7
Equal-weighted size/book-to-market upper-tail 0.8 12 11 0.3 16 19 0.6 12 14
matched, two-groups test lower-tail 7.4 51 4.3 6.4 6.5 5.0 75 5.6 4.1
2-tail 35 31 2.8 3.6 3.8 2.7 4.7 2.8 2.1
Value-weighted size/book-to-market upper-tail 1.0 2.2 6.4 17 4.5 24.8 16 5.8 25.2
matched, two-groups test lower-tail 4.2 29 16 4.8 16 0.3 5.8 13 0.1
2-tail 29 2.2 29 3.2 2.0 131 31 20 12.8
Size/book-to-market matched upper-tail 4.7 6.9 10.8 5.2 6.4 12.0 2.2 2.0 0.9
control stocks, two-groups test lower-tail 24 2.3 15 32 25 13 4.4 55 84
2-tail 3.3 4.1 5.0 3.7 39 6.8 29 3.6 4.6
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Table 3
Specification of Paired Difference and Two-Groups Tests at 5% Significance Level Using Returns Winsorized at Three Standard
Deviations

This table reports percentage rejection frequenciesin 1000 samples for paired difference and two-groups tests using one, three, and five year
compounded holding-period returns with zero induced abnormal return. The tests report abnormal returns computed as the difference between the
return of a sample stock and the return on a size and book-to-market matched benchmark. The benchmarks include equal-weighted and value-
weighted portfolio and arandomly selected control stock matched. The returns for the sample and benchmark have been winsorized at three
standard deviations. Three sample sizes for each of the holding periods are reported: 50, 200 and 1000 stocks. Upper and lower one-tail results
and two-tail results are presented. A 5% significance level is used. Bolded rejection frequencies exceed the binomial upper 95% confidence limit
and italicized fall below the lower 95% limit.

Rejection rates at 5% significance

1 year holding period 3 year holding period 5 year holding period

Alternative Sample size Sample size Sample size
Weighting, benchmark, and test hypotheses 50 200 1000 50 200 1000 50 200 1000
Equa-weighted size/book-to-market upper-tail 2.0 17 0.3 15 14 04 16 14 0.0
matched, paired difference test lower-tail 15.0 19.8 40.9 139 233 43.1 16.1 233 42.8
2-tall 10.9 19.9 30.6 9.4 17.3 335 12.1 16.5 321
Vaue-weighted size/book-to-market upper-tail 32 22 23 25 45 9.4 35 6.1 8.9
matched, paired difference test lower-tail 10.2 11.8 19.0 9.8 8.3 7.4 11.9 9.9 6.8
2-tall 74 82 13.3 7.8 7.2 9.9 94 85 87
Size/book-to-market matched upper-tail 14.2 185 313 13.0 14.9 19.0 7.7 6.7 17
control stocks, paired difference test lower-tail 12.7 8.6 5.4 12.0 133 105 222 24.6 38.4
2-tall 18.9 19.9 27.9 17.4 194 21.3 20.9 21.7 31.4
Equal-weighted size/book-to-market upper-tail 0.7 0.9 0.1 04 0.7 0.3 0.6 0.8 0.0
matched, two-groups test lower-tail 8.7 11.0 27.8 8.0 153 334 8.6 13.6 28.7
2-tall 43 5.4 17.7 4.7 10.1 23.0 5.9 7.9 19.2
Vaue-weighted size/book-to-market upper-tail 11 14 12 16 21 5.8 15 3.0 5.2
matched, two-groups test lower-tail 5.6 6.8 11.7 59 55 5.4 7.6 5.6 3.0
2-tail 3.6 33 6.1 35 35 5.8 4.7 3.2 4.0
Size/book-to-market matched upper-tail 54 7.0 9.6 53 5.6 7.8 25 16 01
control stocks, two-groups test lower-tail 21 11 0.5 27 2.6 21 45 54 11.9
2-tall 31 44 5.1 4.0 35 4.1 34 33 7.4
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Table 4
Power of Parametric Tests for Three-Year Holding-Period Returns

This table reports percentage rejection frequencies in 1000 samples for paired difference and two-groups
tests using three year compounded holding-period returns. Abnormal performance isinduced by adding a
positive or negative 0%, 10%, 30% or 50% over the three years, to the actual return. The tests report
abnormal returns computed as the difference between the return of a sample stock and the return on a
benchmark. The benchmarks include equal-weighted and value-weighted portfolios matched on size and
book-to-market ratio and a randomly selected control stock matched to the sample stock using size and
book-to-market ratio. Three sample sizes are reported: 50, 200 and 1000 stocks. Upper and lower one-tail
results and two-tail results are presented. A 5% significance level is used.

Panel A: 50 stock sample size Rejection frequencies at 5% significance

Induced abnormal returns (IAR)
for three year holding period

Test Alternative Sign of
Weighting and benchmark hypotheses 1AR 0.0% 10% 30.0% 50.0%
Paired difference tests
Equal-weighted size/book-to- upper-tail + 1.2% 7.8% 49.7% 93.5%
market matched lower-tail - 11.3 24.8 56.1 76.8
2-tail + 7.3 4.2 34.3 86.1
2-tail - 7.3 17.9 48.6 70.4
Vaue-weighted size/book-to- upper-tail + 24 11.6 61.0 97.1
market matched lower-tail - 7.7 195 49.4 76.2
2-tail + 6.3 6.2 445 92.8
2-tail - 6.3 13.9 42.1 70.3
Size/book-to-market matched upper-tail + 5.8 13.2 41.2 71.0
control stocks lower-tail - 4.4 8.5 29.9 59.6
2-tal + 55 8.0 28.8 59.6
2-tall - 55 6.7 211 49.0
Two-groups test
Equal-weighted size/book-to- upper-tail + 0.3 3.7 36.0 88.1
market matched lower-tail - 6.4 174 48.0 72.1
2-tail + 3.6 14 191 74.8
2-tail - 3.6 11.8 37.9 64.9
Vaue-weighted size/book-to- upper-tail + 17 6.3 49.8 95.2
market matched lower-tall - 4.8 134 43.3 73.0
2-tail + 3.2 31 30.2 86.0
2-tail - 3.2 8.1 34.4 65.4
Size/book-to-market matched, upper-tail + 5.2 10.7 36.8 67.8
control stocks lower-tail - 3.2 7.0 26.1 56.0
2-tail + 37 6.3 231 56.5
2-tail - 3.7 4.3 16.8 44.1
Paired difference test with winsorized data
Vaue-weighted size/book-to- upper-tail + 25 125 62.3 97.8
market matched lower-tail - 9.8 25.7 60.8 86.8
2-tail + 7.8 7.0 48.9 95.8
2-tail - 7.8 18.0 52.4 82.3
Two-groups test with winsorized data
Vaue-weighted size/book-to- upper-tail + 16 7.0 50.9 95.9
market matched lower-tall - 5.9 17.1 52.8 83.3
2-tal + 35 33 325 89.3
2-tal - 35 10.9 42.7 75.2
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Table 4 Continued

Panel B: 200 stock sample size

Rejection frequencies at 5% significance

Induced abnormal returns (IAR)
for three year holding period

Test Alternative Sign of
Weighting and benchmark hypotheses IAR 0.0% 10.0% 30.0% 50.0%
Paired difference tests4%
Equal-weighted size/book-to- upper-tail + 2.9% 20.4% 96.4% 99.8%
market matched lower-tail - 114 37.0 84.6 96.8
2-tail + 8.4 11.3 91.3 99.5
2-tail - 8.4 29.5 77.8 95.3
Vaue-weighted size/book-to- upper-tail + 7.9 435 99.2 99.9
market matched lower-tail - 3.8 21.3 74.2 94.0
2-tal + 4.1 26.6 98.2 99.7
2-tall - 4.1 14.6 65.9 92.2
Size/book-to-market matched upper-tail + 7.6 24.6 79.0 98.3
control stocks lower-tail - 33 16.6 63.9 92.6
2-tall + 5.0 16.0 66.7 96.6
2-tail - 5.0 105 52.8 88.3
Two-groups test
Equal-weighted size/book-to- upper-tail + 16 133 92.7 99.8
market matched lower-tail - 6.5 29.3 80.8 96.1
2-tal + 3.8 7.3 85.0 99.5
2-tail - 3.8 20.9 733 94.5
Vaue-weighted size/book-to- upper-tail + 45 345 98.7 99.9
market matched lower-tail - 16 16.0 69.4 934
2-tail + 20 18.3 96.9 99.7
2-tail - 2.0 9.3 61.4 90.5
Size/book-to-market matched upper-tail + 6.4 218 75.7 98.0
control stocks lower-tail - 25 13.6 61.6 91.8
2-tal + 39 13.8 63.6 96.1
2-tal - 39 8.0 49.3 87.4
Paired difference test with winsorized data
Vaue-weighted size/book-to- upper-tail + 45 38.2 99.3 100.0
market matched lower-tail - 8.3 41.4 94.4 99.5
2-tail + 7.2 23.8 99.0 100.0
2-tail - 7.2 32.6 91.6 99.3
Two-groups test with winsorized data
Vaue-weighted size/book-to- upper-tail + 21 26.7 99.0 100.0
market matched lower-tail - 55 329 925 994
2-tail + 35 15.8 97.2 100.0
2-tal - 35 231 86.9 99.3
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Table 4 Continued

Panel C: 1000 stock sample size

Rejection frequencies at 5% significance

Induced abnormal returns (IAR)
for three year holding period

Test Alternative Sign of
Weighting and benchmark hypotheses 1AR 0.0% 10.0% 30.0% 50.0%
Paired difference tests
Equal-weighted size/book-to- upper-tail + 3.6% 72.1%  100.0% 100.0%
market matched lower-tail - 7.6 63.9 98.1 99.9
2-tal + 5.7 59.5 100.0 100.0
2-tal - 5.7 55.4 97.8 99.9
Vaue-weighted size/book-to- upper-tail + 30.3 97.2 100.0 100.0
market matched lower-tail - 0.5 294 975 99.8
2-tail + 18.8 93.9 100.0 100.0
2-tail - 18.8 21.7 96.4 99.8
Size/book-to-market matched upper-tail + 135 70.7 100.0 100.0
control stocks lower-tail - 16 29.2 96.1 99.7
2-tail + 8.0 58.1 100.0 100.0
2-tail - 8.0 20.1 95.6 99.2
Two-groups test
Equal-weighted size/book-to- upper-tail + 19 63.5 100.0 100.0
market matched lower-tail - 5.0 58.5 98.1 99.9
2-tail + 2.7 47.8 100.0 100.0
2-tail - 2.7 48.5 97.7 99.8
Vaue-weighted size/book-to- upper-tail + 24.8 95.1 100.0 100.0
market matched lower-tail - 0.3 24.3 97.4 99.8
2-tail + 131 92.0 100.0 100.0
2-tail - 13.1 16.7 96.1 99.7
Size/book-to-market matched,  upper-tail + 12.0 67.7 100.0 100.0
control stocks lower-tail - 13 26.5 96.1 99.7
2-tall + 6.8 53.8 100.0 100.0
2-tail - 6.8 17.9 95.0 99.2
Paired difference test with winsorized data
Vaue-weighted size/book-to- upper-tail + 94 90.7 100.0 100.0
market matched lower-tail - 7.4 80.3 100.0 100.0
2-tail + 99 85.3 100.0 100.0
2-tail - 99 72.7 100.0 100.0
Two-groups test with winsorized data
Vaue-weighted size/book-to- upper-tail + 5.8 85.8 100.0 100.0
market matched lower-tail - 54 744 100.0 100.0
2-tail + 5.8 771 100.0 100.0
2-tal - 5.8 63.8 100.0 100.0

33



	Introduction
	Methods and data
	Tests statistics studied
	Population sampled
	Simulation sample selection
	Computation of returns
	Choice of benchmarks
	Construction of benchmark portfolio returns
	Benchmark matching and abnormal return calculation
	Method of artificially inducing abnormal returns

	Results
	Descriptive statistics of returns
	Specification of tests
	Paired difference tests
	Two groups tests
	Tests using winsorized abnormal returns

	Power of tests
	Summary of test results

	Concluding remarks
	tables.pdf
	Paired difference tests
	Paired difference tests


