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Abstract

Our simulation results show that tests for long-horizon (i.c., multi-year) abnormal
security returns around firm-specific events are severely misspecified. The rejection
frequencies using parametric tests sometimes exceed 30% when the significance level of
the test is 5%. Our results are robust to many different abnormal-return models.
Conclusions from long-horizon studies require extreme caution. Nonparametric and
bootstrap tests are likely to reduce misspecification.
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1. Introduction

This paper studies the specification of tests for long-horizon (i.e., multi-year)
abnormal security returns around firm-specific events, using samples of ran-
domly selected NYSE/AMEX securities and simulated random event dates.
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Long-horizon tests focusing on pre-event periods are important for understand-
ing whether unusual performance preceded or caused an event. Tests for
post-event abnormal performance provide evidence on market efficiency. A rap-
1dly growing literature suggests delayed stock price reaction to at least a dozen
events, with abnormal performance apparently persisting for years following
events. As surveyed later, the events include repurchase tender offers
(Lakonishok and Vermaelen, 1990), spinoffs (Cusatis, Miles, and Woolridge,
1993; Hite and Owers, 1983), dividend initiations (Michaely, Thaler, and
Womack, 1995), open market repurchases (Ikenberry, Lakonishok, and Ver-
maelen, 19995), stock splits (Desai and Jain, 1995; Ikenberry, Rankine, and Stice,
1996), initial public offerings (e.g., Ritter, 1991), proxy contests (Ikenberry and
Lakonishok, 1993), seasoned equity offerings (e.g., Speiss and Affleck-Graves,
1995), short interest announcements (e.g., Asquith and Meulbroek, 1995),
NYSE/AMEX listing of the firm’s common stock (Dharan and Ikenberry, 1995),
dividend omissions (Michaely, Thaler, and Womack, 1995), and mergers (Jensen
and Ruback, 1983; Agrawal, Jaffe, and Mandelker, 1992).

Our main result is that long-horizon tests are misspecified. For example, in
samples of 200 securities, procedures based on the Fama-French three-factor
model show abnormal performance over a 36-month horizon for 34.8% of the
samples, using two-tailed parametric tests at the 5% significance level. The results
are similar using other procedures and the general conclusions are not sensitive to
the specific performance benchmarks. Further, the tests can show both positive
and negative abnormal performance too often. Moreover, the abnormal perfor-
mance persists throughout the horizon following a simulated event.

The persistence of both positive and negative abnormal performance follow-
ing simulated events is also a regularity we identify in our survey of the
long-horizon literature. This raises the possibility that previous findings are due
to test misspecification rather than mispricing. At a minimum, conclusions from
existing long-horizon studies require extreme caution. This warning is rein-
forced in an independent simulation study by Barber and Lyon (1996a), who
also find that many commonly used long-horizon tests are misspecified. Further,
both our findings and Barber and Lyon (1996b) indicate that the direction and
magnitude of bias in long-horizon studies can be sensitive to sample character-
istics. These characteristics include book-to-market, size, exchange listing, and
time period.

We identify multiple sources of test misspecification, and the joint effect is that
parametric test statistics do not satisfy the assumed zero mean and unit normal-
ity assumptions. The bias toward overrejection is related to both sample
selection and survival. For example, we show that requiring prior return data
(pre-event survival) can cause estimated post-event abnormal returns to be
systematically positive in random samples. In addition, long-horizon buy-and-
hold abnormal returns are significantly right-skewed, although cumulative
abnormal returns are not.
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We offer specific recommendations for addressing misspecification and con-
ducting better long-horizon event studies. We recommend consideration of
nonparametric or bootstrap procedures (e.g.. Ikenberry, Lakonishok, and
Vermaelen, 1995). We discuss these procedures because they have been used in
a few studies and seem likely to reduce misspecification, but we do not explicitly
simulate the procedures.

Section 2 outlines the issues with long-horizon event studies. Section 3 speci-
fies our simulation procedure. Section 4 presents the main results on the
misspecification of the test statistics. Section 5 gives further details on the
systematically nonzero mean abnormal performance measures. Section 6
focuses on the biases in the estimated standard deviation of the mean abnormal
performance. Biases in both mean abnormal performance and its standard
deviation are related, in part, to sample firms’ survival characteristics. Section 7
concentrates on robustness checks. Section 8 surveys the long-horizon event-
study literature, relates our results to this literature, and offers suggestions on
better tests. Section 9 presents conclusions and discusses implications for future
research.

2. Long-horizon event studies: The issues

Long-horizon event studies involve many related considerations that do not
arise or are less important with short horizons. This section outlines the issues.
Many of these issues have been raised elsewhere (e.g., Ball, 1978; Dimson and
Marsh, 1986; Chan, 1988; Ball and Kothari, 1989; Chopra, Lakonishok, and
Ritter, 1992; Ball, Kothari, and Shanken, 1995; Brown, Goetzmann, and Ross,
1995; and Bernard, Thomas, and Wahlen, 1995). The precise effect of each issue
and the interaction among them are difficult to specify a priori. Accordingly, we
use simulation procedures with actual security return data. This is a direct way
to study the joint impact, and is helpful in identifying the potential problems
that are empirically most relevant.

Both short- and long-horizon tests generally focus on a test statistic, such as
the ratio of the sample mean cumulative abnormal return to its estimated
standard deviation. With long horizons, it is more difficult to obtain an unbiased
estimate of each component of this ratio. The potential sources of bias are
discussed below. These biases, rather than the efficiency of the estimators and
the power of the tests against alternative hypotheses, represent this paper’s main
concern.

2.1. Abnormal returns: Model specification

Over a long horizon, the variation in expected return estimates across differ-
ent benchmark models can be large (e.g., Ball, 1978, p. 112; Fama, 1991, p. 1602).
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Thus, long-horizon results are potentially very sensitive to the assumed model
for generating expected returns. The failure to use the correct model could result
in systematic biases and misspecification (Fama and French, 1993, pp. 54-55),
although the market model could, in principle, circumvent this problem
(Schwert, 1983, p. 10). We examine a variety of abnormal return models. The
degree of misspecification is not highly sensitive to the model employed. We also
study the distributional properties of long-horizon abnormal returns from these
models. There appears to be skewness, but it does not drive test misspecification.

2.2. Abrnormal returns: Cumulation

Our baseline results use the standard procedure of cumulating event window
security-specific abnormal returns by adding them. An alternative procedure
sometimes employed in long-horizon studies is a ‘buy-and-hold’ procedure, in
which a security’s buy-and-hold return is defined as the product of one plus each
month’s abnormal return, minus one. Buy-and-hold returns have been recom-
mended because additive cumulation procedures are systematically positively
biased due to the bid-ask spread (e.g., Roll, 1983; Blume and Stambaugh, 1983;
Conrad and Kaul, 1993). We also investigate buy-and-hold returns. These are
more highly skewed than cumulative returns, but the general conclusions from
simulations are similar.

2.3. Survival

Over time, there are changes in the sets of firms that exist and have security
return data. Brown, Goetzmann, and Ross (1995) argue that merely condition-
ing a sample on criteria related to whether a firm survived can give the
appearance of abnormal performance around events (also see Jain, 1982). We
examine several aspects of survival biases.

First, minimum data requirements (e.g., return, Compustat) often must be
imposed in sample formation. Our results show that data requirements impose
detectable biases in mean abnormal returns and the standard deviation of
returns for long-horizon studies. Second, long horizons raise the possibility of
parameter shifts, affecting both abnormal return measurement and variances.
Systematic parameter shifts are likely when events are correlated with past
performance {e.g., stock splits, new securities issues). Even if the true parameter
shifts are not systematic. this can affect the properties of the estimators. Our
investigation shows that there are systematic shifts in measured return variances
over time. and the shift for a given firm is related to whether or not it survives.
These shifts appear to be a significant factor in the misspecification of long-
horizon tests.

Finally. with long-horizon tests the issue of how to weight firms that do not
survive the period (‘drop-outs’) can potentiaily affect the specification of test
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statistics. The similarity of results using both cumulation and buy-and-hold
strategies suggests that misspecification is not highly sensitive to this issue, but
we caution that our NYSE/AMEX random samples do not appear to have
a severe drop-out problem. The issue could still be important, for example, in
event studies for which the sample firms are small, financially troubled, or
takeover targets.

2.4. Variance estimation

Even in the absence of abnormal performance, the variance of long-horizon
cumulative abnormal returns and the possible range of values is wide (see Brown
and Warner, 1980, Fig. 1, for illustrations). As with cumulative abnormal
returns, estimates of this variance and hence the test statistic can differ widely
across different benchmark models for the variance. Properties of long-horizon
cumulative abnormal return variances (or buy-and-hold return variances) are
not fully understood. Our simulations suggest that standard event-study vari-
ance estimation methods underestimate the true variance. For a variety of
reasons, the test statistics do not conform to standard parametric assumptions
and overreject the null hypothesis of no abnormal performance.

3. Baseline simulation procedure

This section describes the paper’s baseline simulation procedures. We discuss
sample construction, abnormal performance models, and the test statistics
under the null hypothesis of no abnormal performance. Since long-horizon
event studies are a large class and there is no standardized methodology, the
baseline simulation procedures do not replicate the methodology employed in
every study. Later in the paper, we examine the sensitivity of baseline results to
test procedure variations, but the conclusion of misspecification is unchanged.

3.1. Sample construction

We construct 250 samples of 200 securities each. We select securities ran-
domly and with replacement from the population of all securities having any
return data on the Center for Research in Security Prices (CRSP) NYSE/AMEX
monthly returns tape. Each time a security is selected, we generate a random
event month (i.e.. month ‘0’) between January 1980 and December 1989, using
the uniform random number generating function. Events concentrated in this
period have been the focus of some long-horizon event studies (e.g., Ikenberry,
Lakonishok, and Vermaelen, 1995). Performance is evaluated over a three-year
period following an event. Data-availability considerations require us to use
December 1989 as the latest event month.
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We include a security in the sample only if there are return data for months
— 24 through 0. The 24-month period ending in month — 1 in event time is the
estimation period for parameters of the models used to estimate abnormal
returns. Abnormal performance is estimated for up to 36 months beginning in
the event month. This is the test period. To minimize the effect of survival bias
on our results, if a firm does not survive 36 months, abnormal performance is
estimated for as many months as data are available.

While we require pre-event data and use pre-event parameters, our results are
not sensitive to these requirements. Procedures that do not require pre-event
parameters, e.g., matched-portfolio procedures, are discussed in Section 7.2.
Previous work (Ikenberry, Lakonishok, and Vermaelen, 1995) suggests that
matched-portfolio procedures are also misspecified.

3.2. Expected return models

We use four models that are commonly employed in the literature to estimate
security-specific abnormal returns: market-adjusted model, market model, capi-
tal asset pricing model (CAPM), and Fama-French three-factor model (FF).
Researchers have used the first three models for many years. Recently, Fama
and French (1992, 1993) provide evidence that the extensively documented
inadequacies of the Sharpe-Lintner CAPM in describing the cross-section of
expected returns are remedied by an expanded form of the CAPM that includes
size and book-to-market factors, and some recent event studies adjust for both
size and book-to-market factors.

Market-adjusted model. The abnormal return for security i in month 1 is
‘MARI'! = Rir - Rm! s (1)

where R;; is the monthly return inclusive of dividends for security i in month
t and R, is the monthly return on the CRSP equal-weighted index in month ¢.

Market model.  The abnormal return using the market model is
MMARy = Ry — o2 — BiRp 2

where x; and fi; are market model parameter estimates obtained by regressing
monthly returns for security i on the equal-weighted market returns over the
24-month estimation period (i.e.,, months — 24 to — 1).

CAPM. The abnormal return using the CAPM is

CAPMAR, = R,y — Ry — i [Ryy — Ry (3)
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where f; is from the CAPM regression model (i, slope from a regression of
(Riy — Ry,) on (R, — R,,) for the estimation period) and Ry, is the one-month
T-bill return used as a proxy for the risk-free return.

Fama—French three-factor model. Abnormal return using the Fama-French
(FF) three-factor model is

FFMAR, = Ry — Ry, — By [Rp — Ry, ] — P HML, — B SMB,.  (4)

where ;1. fi2, and ;3 are estimated by regressing security i’'s monthly excess
returns on the monthly market excess returns, book-to-market, and size factor
returns for the estimation period; HML, and SMB, are the Fama—French
book-to-market and size factor returns. HML, is the high-minus-low book-to-
market portfolio return in month t and SMB, is the small-minus-big size
portfolio return in month ¢. The construction of size and book-to-market factors
is similar to that in Fama and French (1993) and details are available on request.

3.3. Test statistics

We test the null hypothesis that the cross-sectional average abnormal return
in the event month is zero and that the average abnormal returns cumulated
over different periods up to 36 months following the event month are zero. For
month 0, the test statistic is the ratio of the average abnormal return in the event
month to its estimated standard deviation. We estimate the one-month standard
deviation from the time series of portfolio average abnormal returns over the
estimation period. The test statistic for the event month (illustrated using
market-adjusted returns) is

MAR, /c(MAR,,). (5
where
1 N,
MAR, =+ Y MAR,, (6)
Mri=1
- 0.5
o(MAR,,) =[ Y (MAR, — AngAR,,,)Z/ZS} , (7)
t=-24
1 -1
Avg(MAR,,) = % Y MAR,. (8)
“Te= 24

and N, is the number of securities that are available in month t. Data availability
criteria ensure that, for months — 24 through 0, N, is 200. In the following 35
months, however, the number of securities is expected to decline because of
delistings due to mergers, acquisitions, takeovers, bankruptcies, etc.
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The average abnormal return over a multi-month period is obtained by
cumulating the monthly abnormal returns. The test statistic to assess the
statistical significance of abnormal return performance over a multi-month
period of length T months beginning with the event month ‘0’ is

CMAR,/o(MAR, )« T"? . 9

where
T-1
CMAR,; = Y MAR,,, (10)
t=0
and o(MAR,,) is given by Eq. (7). We assume that the test statistics are
distributed unit normal in the absence of abnormal performance.

4. Baseline simulation results

This section reports the main results of the paper. We present rejection
frequencies from the baseline simulations using the four models and provide
descriptive evidence on the cumulative abnormal returns (CARs) and their test
statistics. All four models are severely misspecified. CARs over long horizons
(e.g., three years) are on average positive for randomly selected securities. The
distribution of test statistics has a positive mean and it is fat-tailed relative to
a unit-normal distribution. The indications of abnormal performance are stron-
ger the longer the horizon.

4.1. Rejection frequencies

Table 1 reports the percentage of 250 samples for which the null hypothesis of
zero abnormal performance is rejected using one- and two-sided tests at 5% and
1% significance levels for each model. Panel A shows that all four models
significantly overreject the null hypothesis, and rejection rates increase with the
horizon length. For example, the rejection rate using the market model rises
from 9.2% over one month to 35.2% over 36 months. The corresponding
rejection rates using the FF three-factor model are 12.0% and 34.8%. Generally
similar results are obtained at the 1% significance level. The rejection rates for
a 36-month horizon range from 8.4% to 20.4%.

Panels B and C report rejection frequencies using one-sided tests. The rejec-
tion frequencies in panel B are the percentages of samples for which the models
show positive abnormal performance (i.e., reject the null hypothesis when the
alternative is that CAR > 0). Panel C shows the percentages of samples for
which the models show negative abnormal performance (i.e., reject the null
hypothesis when the alternative is that CAR < 0). Comparison of panels B
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Table 1
Percentages of 250 samples for which the null hypothesis of zero mean cumulative abnormal
performance is rejected

Rejection rates using one- and two-sided tests of cumulative abnormal performance over 1, 12, 24,
and 36 months in 250 samples of 200 securities each using tests at the 5% and 1% significance level.
Securities are selected randomly and with replacement from the CRSP monthly return tape. To be
included in a sample, a security must have at least 25 monthly returns available continuously ending
in a randomly selected event month “0” from January 1980 to December 1989. Abnormal returns are
estimated using four models: market-adjusted model. market model, capital asset pricing model
(CAPM). and Fama-French three-factor model (FF). The standard error in calculating the test
statistic is obtained using abnormal returns for the 24-month estimation period.

Abnormal return cumulation period

Model I mth 12mths 24 mths 36 mths 1 mth 12mths 24 mths 36 mths
Panel A: » = 5%, two-sided Panel A: » = 1%. two-sided
Market-adjusted 6.0 11.2 16.0 18.4 1.2 44 4.8 8.4
Market model 9.2 20.8 26.8 352 24 11.2 16.4 21.2
CAPM 8.4 12.4 15.6 20.8 1.2 5.2 6.4 8.4
FF 12.0 18.4 24.4 34.8 7.6 10.4 204
Pancl B: x = 5%. one-sided test, Panel B: x = 1%, one-sided test,
CAR >0 CAR >0
Market-adjusted 6.0 13.6 18.8 26.0 1.2 5.2 7.2 1.2
Market model 8.8 22.8 27.6 35.2 28 10.0 18.4 22.
CAPM 8.0 12.4 19.2 284 24 48 9.2 12.8
FF 1.2 19.6 26.8 34.0 20 9.6 13.2 21.6
Panel C: » = 5%, one-sided test. Panel C: x = 1%, one-sided test,
CAR <0 CAR < 0
Market-adjusted 52 3.6 28 24 0.4 2.0 1.2 0.4
Market model 6.8 4.8 6.4 8.4 1.2 24 3.2 48
CAPM 6.0 5.6 32 2.8 1.2 2.0 0.8 0.0
24 32

FF 9.2 7.2 8.0 6.4 2.8 2.0

The models and abnormal returns for each model are:
Market-adjusted model:  MAR;, = Ry — R,y

where R, is the monthly return inclusive of dividends for security i in month t, and R, is the monthly
return on the CRSP equal-weighted index in month &

Market model: MMAR;, = R, — %, — BiR,

where x; and f3; are market model parameter estimates obtained by regressing monthly returns for
security i on the equal-weighted market returns over the 24-month estimation period from event
month —24to — 1.

CAPM: CAPMAR, = Ry — Ry, — Bi[Rue — Rp1]
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and C reveals a high degree of asymmetry in the results. The four models all
conclude positive abnormal performance over a three-year period in 26% to
35.2% of the samples at the 5% significance level (panel B), suggesting positive
mean CARs. In contrast, negative abnormal performance is observed in only
2.4% to 8.4% of the samples (see panel C). Generally, the rejection rates are
close to those expected in the absence of abnormal performance, although some
of the models significantly overreject the null in panel C. Thus, there can be
a tendency to find both positive and negative abnormal performance too often.

4.2. Abnormal performance measures and their test statistics

The test statistic to assess the statistical significance of mean abnormal
performance in Table 1 is the ratio of the (cumulative) average abnormal
performance to its estimated standard deviation. The null will be overrejected if
the measured average abnormal performance is systematically nonzero or the
standard deviation used to calculate the test statistic is too small, or both. It is
also possible that, if the mean and the standard deviation are correlated, the test
would be misspecified; we do not investigate this additional source of misspecifi-
cation,

Table 2 presents evidence on mean abnormal performance (panel A) and the
test statistics (panel B). Since the evidence suggests anomalous behavior, we

table 1 (continued)

where f§; is from the CAPM regression model [ie. slope from a regression of (R, — R;,) on
(R,: — Ry;) using 24 monthly observations for the estimation period]. and R, is one-month T-bill
return used as a proxy for risk-free return:

FF: FFMAR, = R, — Ry, — By [Roe — Rpi] — Bis HML, — f5i; SMB,

where HML, and SMB, are the Fama—French book-to-market and size factor returns and S, fi2,
and fi;; are estimated by regressing security i's monthly excess returns on the monthly market excess
returns, book-to-market, and size factor returns for the 24-month estimation period.

The test statistic for the event month is (illustrated using market-adjusted returns):

] N,
MAR, 6IMAR,) where MAR, = v S MAR,.

Nz
1 1

ALY I
qlMAR,,,):l: Y (MARﬂ,fAz'gA/IAR,,):'B—I . Avg(MAR,)=— Y MAR,.
4

5
1= - 24 24

1= - 24
and N, is the number of securities that are available in month 1.

The test statistic to assess the statistical significance of abnormal performance over a T-month
period beginning with the event month "0 is

CMAR,¢ r
—————L— where CMAR, = Y MAR,.
G()\/IAR,,)*T - (0
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Table 2
Mean abnormal performance measures and test statistics

Mean and standard deviation of cumulative average abnormal returns {CARs) over 1, 12, 24, and 36
months in 250 samples of 200 securities each are reported in panel A. The last three columns report
the 25', 50™, and 75" percentiles of the 36-month CARs. Mean and standard deviation of the test
statistics of the CARs are reported in panel B. The last three columns report the 25, 50", and 75"
percentiles of the 36-month test statistics. Securities are selected randomly and with replacement
from the CRSP monthly return tape. To be included in a sample, a security must have at least 25
monthly returns available continuously ending in a randomly selected event month “0” from
January 1980 to December 1989. Abnormal returns are estimated using four models: market-
adjusted model, market model, capital asset pricing model, and empirical capital asset pricing
model. Standard deviation in calculating the test statistic uses the time series of portfolio abnormal
returns for the 24-month estimation period.

Panel A: CARs (%)
CAR 1 CAR 12 CAR24 CAR36 CAR36 CAR36 CAR36

Model Stddvn  Stddvn  Stddvn  Std dvn Q! Median Q3

Market-adjusted 0.02 1.1 2.09 3.37 - 0.46 343 7.21
0.72 2.75 4.02 5.18

Market model 0.07 1.42 262 3.66 - L1 3.95 8.85
0.77 331 5.26 7.35

CAPM 0.03 0.95 2.01 332 —0.53 322 745
0.74 2.78 4.11 5.37

FF 0.03 0.85 2.28 391 —-0.19 3.83 8.37

0.82 313 4.80 6.58

Panel B: Test statistics

Test Test Test Test Test statistic 36
stat | stat 12 stat 24 stat 36 e
Model Std dvn Std dvn Std dvn Std dvn Q1 Median Q3
Market-adjusted 0.03 0.46 0.61 0.81 —0.09 0.82 1.66
1.04 1.14 .17 1.25
Market model 0.11 0.60 0.78 0.90 —-0.27 0.91 222
1.16 1.43 1.58 1.79
CAPM 0.05 0.41 0.61 0.82 —0.12 0.80 1.79
1.11 1.20 1.24 1.33
FF 0.05 0.37 0.70 0.99 —0.05 0.94 203

1.26 1.40 1.50 1.69

The models, abnormal return measures, and test statistics are defined in footnotes to Table | and in
the text.

further examine mean abnormal performance measures, test statistics, and
distributional properties of abnormal returns in Sections 5 and 6.

Panel A reports the mean over 250 simulations of the cumulative average
abnormal returns (C ARs) over various intervals and its cross-sectional standard
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deviation. Under the null hypothesis, we expect the CARs to be zero. In
contrast, they are positive and increase monotonically with the cumulation
period. The CAR using the market model averages 0.02% for the event month,
but it rises to 1.11% in 12 months, and finally reaches 3.37% in three years. The
FF three-factor model yields the highest CAR, 3.91% over a three-year period.

For a perspective on the economic significance of the misspecification, we
report the 25™ and 75" percentiles and median of 36-month CARs in the last
three columns of Table 2. Median 36-month C ARs are close to the means for all
four models, which suggests an absence of skewness. The 75 percentiles are
more than 7%. Thus, in more than one out of four cases, tests would erroneously
indicate economically significant abnormal performance.

Panel B of Table 2 reports the mean and cross-sectional standard deviation of
the test statistics for the four models over different horizons. Test statistics from
well-specified tests should have a zero mean and approximately unit standard
deviation, but the observed test statistics have a positive mean and are fat-tailed
relative to a unit-normal distribution. The positive mean is expected because
mean CARs are positive. We observe a dramatic increase in both means and
standard deviations of the test statistics with the cumulation period. The average
test statistic in the first month using the market model is 0.11 (cross-sectional
standard deviation = 1.04). This increases to 0.90 (cross-sectional standard devi-
ation = 1.79) in three years. The high and increasing standard deviation with the
horizon suggests that the estimated standard error is too small.

5. Detailed evidence: Mean abnormal performance

This section investigates factors underlying the positive cumulative abnormal
return measures in panel A of Table 2. We find that the positive mean abnormal
performance is not explained by cumulation bias: tests using buy-and-hold
returns, which potentially reduce cumulation bias, are at least as misspecified as
those using cumulative abnormal returns (Section 5.1). The cross-sectional
distribution of CARs is not positively skewed, so skewness is not the cause of
positive mean CARs. For buy-and-hold abnormal returns, however, the cross-
sectional distribution of abnormal returns is right-skewed, and the misspecifica-
tion of the tests using buy-and-hold abnormal returns appears to be due in part
to right-skewness (Section 5.2). There is evidence that the positive mean abnor-
mal performance is related to sample-selection biases (Section 5.3) and calendar
time-period effects, particularly for the 1980s (Section 5.4).

5.1. Cumulation bias and buv-and-hold returns

Cumulated returns are biased upward and the bias is an increasing function of
the proportionate bid-ask spread of the sample firms (Blume and Stambaugh,
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1983; Roll, 1983; Conrad and Kaul, 1993). The bias per period is approximately
s*/4, where s is proportionate bid—ask spread. Since the average spread on
NYSE/AMEX securities is less than 2% (Keim, 1989), back-of-the-envelope
calculations suggest that the implied bias in the 36-month cumulative abnormal
return is only about 0.36%.!

Buy-and-hold returns mitigate bias in abnormal performance measures due
to cumulation (Blume and Stambaugh, 1983; Roll, 1983; Conrad and Kaul,
1993) and are often used in long-horizon studies. The properties of buy-and-
hold returns and associated test statistics have not been studied in the literature,
however, and are likely to differ from those using cumulative abnormal returns.
For example, as shown in Section 5.2, the distribution of buy-and-hold (i.e.,
compounded) returns over long periods is highly skewed. Further, test statistics
using buy-and-hold returns typically use the cross-sectional standard deviation
of sample securities” abnormal returns (e.g.. Michaely, Thaler, and Womack,
1995; Loughran and Ritter, 1995). This measure differs from the time-series
standard deviation of portfolio returns employed in tests using cumulative
abnormal returns, but results below suggest that tests using this measure are
also not well-specified.

Buy-and-hold tests. We repeat the baseline simulations using buy-and-hold
abnormal returns. Abnormal performance is defined as the cross-sectional
average of the buy-and-hold abnormal returns of 200 securities (see below). If
a firm did not survive the entire 36-month test period, then its buy-and-hold
abnormal performance over the n months that it survived is used. The test
statistic (illustrated using market-adjusted returns) is given by

BHMAR,+/6(BHMAR ),

where the 36-month buy-and-hold abnormal performance using the market-
adjusted model is?

200
BHMAR,; = — BHMAR;y .
pl 200 igl iT
35
BHMARII = l—[ [1 + MAR”] s 1 -

=0

'We caution the reader that the cumulation bias implied by the average bid-ask spreads understates
the actual bias because bias is a nonlinear function of proportionate spread. The greater the
dispersion in proportionate spreads among the securities in a portfolio, the greater is the understate-
ment of the bias estimated using the average proportionate spread for the portfolio.

“We compound monthly abnormal returns to obtain a long-horizon buy-and-hold abnormal return.
This is the same as the abnormal performance index (API). An alternative is to define the
buy-and-hold abnormal return as the difference between the buy-and-hold raw return on a security
and the buy-and-hold return on an index. Unlike our measure, this measure can be less than
— 100%. It is used by Barber and Lyon (1996a), but their resuilts are similar to ours.
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and the cross-sectional standard deviation of the 36-month mean abnormal
returns is

200 0.5
6(BHMAR,;) = 1% [ > (BHMAR; — BHMAR,,,-)Z} .

i=1

If each security’s buy-and-hold abnormal return is independent and identically
distributed, then the test statistic should be approximately unit normal. We
caution, however, that since all firms do not survive the 36-month test period,
the 36-month abnormal returns in our simulations are not identically distrib-
uted. In addition, there is overlap in the 36-month test period across the 200
sample securities, which suggests that the independence assumption is also likely
to be violated.

Table 3 reports results of simulations using buy-and-hold returns. The aver-
age 36-month abnormal return using the market model is an astounding
27.80%, whereas it is 4-6% using the remaining three models. These figures are
slightly larger, not smaller, than the average CARs reported in Table 2. All four
models overreject the null hypothesis of no abnormal performance at the end of
three years using two-sided tests at the 5% significance level. The tests show
positive abnormal performance 26% to 91% of the time using one-sided tests at
the 5% significance level. These rejection frequencies are comparable to those
using CARs reported in Table 1 for all the models except the market model.

5.2. Skewness and distributional properties of long-horizon returns

The observed positive means of the long-horizon cumulative returns and
especially the buy-and-hold abnormal returns motivate us to examine their
cross-sectional distributional properties. We focus on the skewness of the
cross-sectional distribution of long-horizon abnormal returns because it might
contribute to misspecified tests.

We examine the distributional properties of one- and 36-month abnormal
returns. We obtain a random sample of 50,000 firm event-months from
19801989, which corresponds to the sample period in our baseline simulations.
This sample size equals the aggregate number of firm-events selected randomly
in the baseline simulations (250 samples of 200 firms each), but the sample used
in this section is selected independently applying the same sample-selection
criteria as before. Fifty thousand long-horizon abnormal returns (one following
each security’s event month) are calculated either by summing the monthly
abnormal return estimates (i.e., CARs) or by compounding the monthly obser-
vations (i.e., buy-and-hold abnormal returns). If a firm is delisted before the
36-month test period, its performance is calculated for the period it survived.
Substituting the return on a benchmark (e.g., the equal-weighted index) for the
months from the last month of a firm’s survival till 36 months, as in Barber and
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Table 3
Buy-and-hold abnormal performance measures and rejection frequencies

Mean buy-and-hold abnormal performance and rejection rates of the null hypothesis over one and
36 months in 250 samples of 200 securities each using cross-sectional tests at the 5% significance
level. Securities are selected randomly and with replacement from the CRSP monthly return tape.
To be included in a sample, a security must have at least 25 monthly returns available continuously
ending in a randomly selected event month ‘0’ from January 1980 to December 1989. Abnormal
returns are estimated using four models: market-adjusted model, market model, capital asset pricing
model, and Fama-French three-factor model.

Rejection frequencies in %

Mean B-&-H- EE— —
abnormal return % One-sided One sided
[Mean test statistic] Two-sided B-&-H ret >0 B-&-H ret <0
Model 1 mth 36 mths 1 mth 36 mths 1 mth 36 mths | mth 36 mths
Market-adjusted 0.05 4.38 24 17.2 2.8 264 3.6 1.6
[0.03] [0.86]
Market model 0.08 27.80 4.0 76.8 4.8 912 32 0.0
[0.08] [251]
CAPM 0.05 5.48 4.8 21.6 4.0 30.8 3.6 1.2
[0.031 [1.08]
FF 0.05 6.13 4.0 23.2 32 34.0 32 0.8

[0.04]  [1.14]

The models and abnormal returns for each model are:
Market-adjusted model: MAR, = R;, ~ R,

where R, 1s the monthly return inclusive of dividends for security i in month t, and R, is the monthly
return on the CRSP equal-weighted index in month ;

Market model: MMAR;, = R;, — %, — B R,
where x; and f8; are market model parameter estimates obtained by regressing monthly returns for

security i on the equal-weighted market returns over the 24-month estimation period from event
month —24to — I:

CAPM: CAPMAR, =R, — Ry, — B[R — R/
where fi; is from the CAPM regression model [i.e. slope from a regression of (R, — Ry) on

(R, — Rj,) using 24 monthly observations for the estimation period], and Ry, is one-month T-bill
return used as a proxy for risk-free return:

FF: FFMAR, =R, ~ R, — f;;[Ryy — Ry ] — fiis HML, - f,3SMB,
where HML, and SM B, are the Fama-French book-to-market and size factor returns and f;,. fii2,

and fi;5 are estimated by regressing security i’s monthly excess returns on the monthly market excess
returns. book-to-market, and size factor returns for the 24-month estimation period.
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Lyon (1996a), would not change the long-horizon abnormal return because the
abnormal return in each of these months is (expected to be) zero.

Panel A of Table 4 reports summary statistics for event-period parameter
estimates and the cross-sectional distributions of one-month abnormal returns.
The average market-model alpha is — 3 basis points, suggesting a slight below-
normal performance of the firms that survived the two-year estimation period.
The average beta is one. The average one-month abnormal return estimates
using the four models are 10 to 14 basis points, which are small in absolute
magnitude, but statistically significant. The distributions of one-month abnor-
mal returns using all models are significantly right-skewed and fat-tailed.

The average three-year CARs for the random samples are consistently posi-
tive and about 4% (see panel B). The CAR distribution is slightly negatively
skewed. The skewness statistic ranges from — 0.18 for market-model CARs to
— 0.56 for the CAPM CARs. The median CARs range from 7% to 10%. Note
also that CARs can be less than — 100%, and the CAR distributions are
fat-tailed relative to a normal distribution.

From panel B, 36-month buy-and-hold abnormal returns have larger positive
means than CARs. The distributions of buy-and-hold abnormal returns are
significantly skewed to the right. The median buy-and-hold abnormal returns
are negative using all four models, which illustrates that nonparametric tests
that do not adjust for the expected negative median returns would be misspeci-
fied. The distributions are also severely fat-tailed, with kurtosis coefficients in

table 3 (continued)

The test statistic for the event month is (illustrated using market-adjusted returns):

200

¥ MAR,.

MAR,, 6(MAR,) where MAR — )
200,

pt

200 0.5
Y (MAR; — MAR,)’
= _

i=

a(MAR,) = (] 199)1:

and 200 is the number of securities in the sample.

The test statistic to assess the statistical significance of abnormal performance over 7 = 36 months
beginning with the event month is
BHMAR,;
o(BHMAR,, ;)

where the 36-month buy-and-hold abnormal performance using the market-adjusted model is

200 3s
BHMAR, =5 Y BHMAR. . BHMAR; = [[[1 + MAR,] ~ 1.
=V =1 r=0
and the cross-sectional standard deviation of the 36-month abnormal returns, 6(BHMAR,7), is
calculated same way as a(MAR,,) except that BHM AR,y are used.
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Table 4
Distributional properties of 1-month and 36-month abnormal returns

Descriptive statistics for a sample of 50.000 one-month abnormal returns and market-model
parameters, alpha and beta, are reported in panel A, and for 36-month cumulative abnormal returns
and buy-and-hold abnormal returns are reported in panel B. A random sample of 50,000 firm-event
months is obtained without replacement from the CRSP monthly return tape. To be included in the
sample, we require continuous return data for at least 25 months ending in the event month from
January 1980 to December 1989. Abnormal returns are estimated using four models: market model.
market-adjusted model, capital asset pricing model, and Fama-French three-factor model. Fifty
thousand long-horizon abnormal returns (one following each security's event month) are calculated
either by summing the monthly abnormal return estimates {i.e.. CARs} or by compounding the
monthly observations (i.e., buy-and-hold abnormal returns). If a firm is delisted before the 36-month
test period, its performance is calculated for the period it survived.

Panel A: Market-model parameters and 1-month abnormal returns

b3 p MM MA CAPM FF
Mean -0.03 1.00 0.14 0.10 0.11 0.11
Std dvn 2.20 0.56 11.09 10.76 10.91 11.37
t-stat —2.84 398.6 2.87 2.08 2.33 2.18
Min — 16.61 — 143 — 843 — 89.5 —92.1 —928
Q! —1.21 0.62 —58 -39 — 5.6 - 60
Median 0.11 0.96 —05 —05 —-04 —04
Q3 1.30 1.31 5.1 5.0 5.1 5.4
Max 17.89 7.98 291.1 284.1 284.1 28355
Skewness —0.42 0.86 1.63 1.69 1.32 1.44
Kurtosis 2.34 3.38 19.36 19.75 18.86 17.29
Panel B: 36-month CARs and buy-and-hold abnormal returns
CAR Buy-and-Hold

MM MA CAPM  FF MM MA CAPM FF
Mean 4.1 39 4.0 39 28.7 5.3 6.5 6.5
Std dvn 93.4 64.1 66.5 69.8 174.0 66.2 67.7 724
t-stat 9.72 13.63 13.57 12.33 36.85 18.0 21.61 20.19
Min — 5785  —4365 —4353 5611 —-1000 —99.6 —997 999
QI — 432 —263 —27.6 —28.7 —449 —344 363 —381
Median 7.2 74 10.1 9.6 —43 —35 - 1.0 -30
Q3 554 394 422 433 50.9 30.8 349 34.6
Max 967.8 861.5 860.1 881.8 92022 1199.8 1601.7 1769.6
Skewness - 0.18 —043 —0.56 —0.53 13.1 295 2.90 3.28
Kurtosis 336 511 4.52 4.7 23.13 26.36 31.39

3 366.8

excess of 23 for all four models. The higher means appear to be due to a few
extremely high returns as seen from the maximum buy-and-hold abnormal
returns of more than 1,100% using all four models.
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The mean buy-and-hold abnormal return using the market model is very
large, 28.7%. The estimated constant term, alpha, of the market model reflects
ex post average abnormal performance and estimation error. Neither is expected
to persist into the future, but the estimated test-period abnormal performance
contains the compounded value of alpha. The resulting buy-and-hold abnormal
performance is right-skewed with a large mean.>

5.3. Sample-selection bias and survival

We include firms even when they do not survive the entire 36-month
test period, but there nevertheless are selection biases in our samples. The
‘randomly’ selected samples of 200 firms exclude firms with returns unavailable
for the entire 24-month estimation period. These firms either were listed during
the estimation period or the test period, or were delisted during the estimation
period. Thus, the firms that were listed on the New York and American stock
exchanges following initial public offerings or after moving from other ex-
changes are not included in random samples. Research suggests that these firms’
post-listing performance has been systematically negative in the 1970s and 1980s
(Loughran and Ritter, 1995), although Brav and Gompers (1995) question the
economic significance of this conclusion. If post-listing underperformance is not
due to test misspecification, a systematic exclusion of these firms from our
samples will impart an opposite positive bias to the average CAR for the
included firms.

Another characteristic of the two sets of firms excluded from our samples is
that they are likely to be relatively small market-capitalization stocks. Small
firms underperformed relative to the market (or the CAPM benchmark) in the
1980s (see, for example, Fama and French, 1995, p. 141). Systematic exclusion of
the small firms from our ‘random’ samples would bias upwards the estimated
abnormal performance using some of the models.

We study securities’ average test-period returns conditional on various inter-
vals of estimation-period survival. We begin with all firms with nonmissing
return data on the CRSP monthly return tape for the month of January 1980
without requiring any past data (i.e.. zero survival period). For this sample, we
calculate one-month, one-year, two-year, and three-year test-period cumulative
returns beginning in January 1980. If a firm did not survive the entire test period,
its returns for the period of its survival are included. We then move the window

*The observed properties of buy-and-hold abnormal returns motivated us to consider continuously
compounded returns as a statistical means of “correcting’ the properties. The mean three-year
continuously compounded market-adjusted return is — 15% and the median is — 3.5%. The
distribution is significantly negatively skewed and fat tailed. Therefore. tests using continuously
compounded returns are unlikely to be well-specified.
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forward one month at a time until December 1990. The grand means of the
one-month and the one-. two-, and three-year cumulative return observations
are reported in the first row of panel A of Table 5. The number of observations in
each sample is 317,709.

We then repeat the above experiment with only firms having at least 12
months of continuous prior return data. The sample size declines to 296,341.
This procedure is repeated for two-, three-, and four-years of prior survival. The
average returns conditional on these survival intervals are reported in rows
2 through 5 in panel A of Table 5. Note that both no-data requirement and
four-year-data requirement sample periods begin each month starting from
January 1980 till December 1990. Thus, there is no difference in the calendar

Table 5
Cumulative and buy-and-hold average returns over different post-sample formation horizons as
a function of prior survival requirements

The sample is obtained as follows: We begin with all firms with nonmissing return data on the CRSP
monthly return tape for the month of January 1980 without requiring any past data (i.e., zero
survival period). For this sample of firms, we calculate one-month and one-, two-, and three-vear
test-period cumulative returns beginning in January 1980. If a firm did not survive the entire test
period, its returns for the period of its survival are included. We then move the window forward one
month at a time until December 1990. The grand means of the one-month and one-, two-, and
three-year cumulative return observations are reported in the first row of panel A. The number of
observations in each sample 1s 317,709. We then repeat the above experiment with only firms having
at least 12 months of continuous prior return data. The sample size declines to 296,341. This
procedure is repeated for two, three, and four years of prior survival. The average returns condi-
tional on these survival intervals are reported in rows 2 through 5. Panel B reports average
buy-and-hold returns for the same samples as in panel A.

Prior survival Test period return over
period — .

requirement Observations I mth 1 yr 2 yrs 3 yrs

Panel A: Cumulative average returns

None 317,709 1.13% 14.2% 27.0% 40.8%
I yr 296,341 1.19 14.7 279 422
2 yrs 277,170 1.23 15.2 289 434
3 yrs 260,827 1.28 15.7 297 444

4 yrs 247,856 1.33 16.0 30.2 45.1

Panel B: Buy-and-hold average returns

None 317,709 1.13% 15.3% 29.3% 48.8%
1 vr 296,341 1.19 159 30.3 50.3
2 yrs 277.170 1.23 16.3 312 51.7
3 yrs 260,827 1.28 16.8 321 529

4 yrs 247856 1.33 17.2 32.7 537




320 S.P. Kothari, J.B. WarneriJournal of Financial Economics 43 (1997) 301-339

periods over which average returns, conditional on various lengths of data
availability periods, are calculated.

The results in Table 5 strongly suggest that conditioning a sample on prior
return data availability is associated with higher future mean returns. As the
prior data availability requirement is increased from zero to four years, the
average future three-year return increases from 40.8% to 45.1%. In panel B of
Table 5, similar results apply with buy-and-hold average returns. For example,
the average three-year return conditional on no data requirement is 48.8%. This
increases to 53.7% with a four-year data requirement.

One implication of the results in Table 5 is that average returns for a random
sample of firms meeting a past-data requirement will exceed those for random
samples with no past-data requirement. Thus, market-adjusted returns will be
systematically positive. The difference between the cumulative average three-
year return for the sample with a two-year data requirement and the sample
without any data requirement is 2.6%. This is comparable to the observed mean
market-adjusted three-year CARs reported in Tables 2-4. Thus, sample-selec-
tion bias is an important determinant of the misspecification we document. This
conclusion is unchanged if market-adjusted returns are used directly. For
example, we obtain a mean three-year market-adjusted return of 3.3% for the
sample with a two-year prior-data requirement.

The increase in average returns as a function of a seemingly innocuous data
availability requirement is quite unexpected, but the results for market-adjusted
returns are also consistent with independent work by Barber and Lyon (1996a,
Table 5). They report a three-year mean CAR of 3.46% using the equal-weighted
market-adjusted model. This increases to 6.27% by the end of five years. While
Barber and Lyon do not require any past return data, their criteria for a sample
firm’s inclusion impose other past-data requirements. In particular, they require
that financial data be available on the Compustat tapes to enable them to
calculate the book-to-market ratio (see also Kothari, Shanken, and Sloan, 1995,
for a discussion of biases introduced by the Compustat data availability require-
ment).

Turning attention to mean three-year buy-and-hold abnormal returns, the
mean reported in our Table 4 is much larger than the —0.10% average
buy-and-hold abnormal return reported by Barber and Lyon (1996a, Table 7).
The difference in their mean and that reported in Table 4 in this study could
be because they include NASDAQ stocks (see Barber and Lyon, 1996b, for
a detailed analysis).

Although market-adjusted returns provide a dramatic illustration, abnormal
returns that are systematically nonzero because of pre-event survival-related
biases would not be surprising for other benchmarks. Although we cannot
examine our other benchmarks because they require estimation-period para-
meter estimates, we discuss matched portfolio tests in Section 7.2. Survivor
biases are a potential issue with these procedures if the survival criteria for
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inclusion in a sample differ from the survival criteria for firms in a matched
portfolio. For example, Loughran and Ritter (1995) compare initial public
offering stocks’ performance against a portfolio that had survived at least five
years. Such pre-event survivor biases are one possible explanation for the
misspecification of matched portfolio tests.

5.4. Calendar time period and other effects

To examine whether our baseline simulation results are sensitive to calendar
period (e.g., 1980s) effects, we repeat the simulations for different time periods,
including 1965-89, 1928--1962, and 1928-89. To save space, results of these and
other sensitivity checks in this section are not shown in the tables. Generally,
most models appear misspecified over the different periods. The 36-month
average CARs are roughly 2% and rejection frequencies are somewhat lower in
other periods, particularly pre-1962, than in the 1980s.

The slightly better specification of the tests in the pre-1962 period, which use
only NYSE stocks, motivated us to examine whether the tests in the post-1962
period are misspecified because AMEX stocks are included in the simulation
samples. Results of simulations using only NYSE stocks in the 1965-89 period
are similar to those for NYSE/AMEX stocks for all the models except the
market-adjusted model. Since the average beta of the random samples of NYSE
stocks, estimated using the CRSP equal-weighted NYSE/AMEX index, is 0.88,
market-adjusted returns are on average negative (¢.g.. 36-month average CAR is

— 0.82%). Therefore, the market-adjusted model concludes negative abnormal
performance excessively.

We also repeat simulations separately for other decades. restricting the event
month to the 1950s, 1960s, or 1970s. All four models exhibit excessive rejection
rates in the 1970s. The market-adjusted model is quite well-specified in the 1950s
and 1960s, while the market model exhibits excessive rejection rates in all the
ten-year periods and the performance of CAPM is mixed.

We also investigate whether risk nonstationarity explains our baseline results.
In order for beta increases to explain the observed abnormal performance of
3-4% in 36 months, assuming a risk premium of 8% per annum, the CAPM
beta must increase by 0.13 to 0.17 from the estimation period to the test period.
A priori, this seems unlikely for portfolios consisting of 200 randomly selected
securities. Indeed. we find average beta changes of only 0.02 or less.

6. Detailed evidence: The estimated standard deviation
The reader will recall that the test statistics are fat-tailed relative to a unit-

normal distribution and that this behavior worsens with horizon length. There
are three reasons why the standard deviations from the estimation-period
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returns, which are used to calculate the test statistics, are too small. The most
important is that there are survival-related variance shifts (Section 6.1). In
addition, firms that drop out during the test period affect the estimated standard
deviation (Section 6.2), and test-period prediction errors are more variable than
fitted residuals from the estimation period (Section 6.3).

6.1. Survival and individual security variance shifts

The baseline simulations impose a 24-month pre-event data availability
requirement, and these returns are used to estimate the standard deviation. (As
discussed in Section 6.3, the misspecification of the test is not sensitive to the
length of the estimation period.) Detailed empirical analysis reveals, however,
that for the firms that survive a given period, ex post return variance (i.e.,
estimation-period variance) is considerably lower than the variance uncondi-
tional on further survival (i.e., test-period variance). The measured variance of
the estimation-period returns thus underestimates the test-period variance. This
bias likely arises because a firm is included in our sample only if it survived the
previous two years. The ex post variance therefore does not reflect the typically
high variability of failing firms, which would be reflected in an unconditional
estimate of return variance.

Table 6 reports the average standard deviation of monthly returns and
monthly abnormal returns (market model residuals or prediction errors) esti-
mated for a 24-month estimation period and 36-month test period for all the
stocks on the CRSP monthly return tape beginning in 1964. Each year all stocks
with return data for the prior 24 months are included in the sample. Since a time
series of returns is needed to estimate standard deviation over the test period, we
only include stocks with return data over 12 months immediately following the
estimation period. That is, there is a modest data requirement beyond the
estimation period.

There are 51,592 firm-year observations that meet the above criteria. Estima-
tion-period abnormal returns are defined as residuals from a market-model
regression and test-period abnormal returns are prediction errors. The average
standard deviation of estimation-period monthly returns is 11.1%, compared to
11.8% in the test period, an increase of 6.3%. The corresponding increase in the
standard deviation of abnormal returns is from 9.1% to 10.4%, a jump of
14.3%.

The results for subsamples formed on the basis of whether or not the firm
survived the three-year test period reveal that nonsurvivors’ return variability in
the test period is substantially higher than in the estimation period. For
example, during the 1980s, the nonsurvivors™ standard deviation of returns
(abnormal returns) rose by 35% (50%). Out of a total of 19,182 firm-year
observations in the 1980s, 2,566 or about 13% were delisted during years 2 and
3 after the estimation period. The survivors’ standard deviation of returns also
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rises, but the increase is a modest 3.9%. The results for various subperiods
reported in Table 5 are similar.

Given the variance shift between estimation and test period, there are several
ways of addressing the bias in estimated standard deviation of abnormal
returns. Use of a standard deviation estimated from test-period or the post-test-
period returns might mitigate the overrejection of the null hypothesis of zero
abnormal performance. Test-period standard deviations can be estimated
cross-sectionally or using time series data. The simulation results reported
earlier using buy-and-hold returns employed cross-sectional test-period stan-
dard deviations, but did not produce any significant reduction in the overrejec-
tion rates. Results using standard deviations estimated from test-period and
post-test-period time series of returns are presented later in the paper. None of
the procedures alters the degree of misspecification of the tests and each of the
procedures suffers from somewhat different theoretical weaknesses.

6.2. Drop-out firms and variance estimation

Since some of the firms from the initial samples of 200 firms do not survive the
36-month test period, the sample size declines throughout this period. Variabil-
ity of portfolio returns is a decreasing function of sample size. This is another
reason the standard deviation calculated using the estimation-period portfolio
return data understates the standard deviation of the test-period returns. The
numbers of survivors and nonsurvivors reported in Table 6 suggest that the
sample size is reduced by approximately 15% by the end of the three-year test
period. The implied standard deviation of the mean in the test period’s last
month would be approximately 8.5% [ = (200/170)>> — 1] higher than that
during the estimation period due solely to a sample size decline. Smaller
increases are expected in the early months of the test period.

While the estimation-period standard deviation is a downward-biased esti-
mate in the tests because of drop-out firms, note that in the tests of buy-and-hold
abnormal performance, returns of all firms, including drop-out firms, were
included in calculating the cross-sectional standard deviation (see Table 3).
These tests were misspecified too. Therefore, it is unlikely that drop-out firms
would fully explain the misspecification of the long-horizon tests.

Use of the standard deviation estimated from the time series of test-period
abnormal returns can, in part, correct the problem arising from an increase in
return variability due to drop-out firms. Note, however, that the true standard
deviation of the portfolio changes during the test period because the sample size
is changing over the test period due to drop outs. Table 7 reports rejection
frequencies in the event month and over three years based on tests that employ
the time series of test-period portfolio abnormal returns to calculate the stan-
dard deviation. The standard deviation calculation is exactly as in Eqgs. (7)+9),
except that the 24 monthly estimation-period observations are replaced by the
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Table 7
Tests for 1-month and 36-month abnormal performance using test-period standard errors

Rejection rates of the null hypothesis over one and 36 months in 250 samples of 200 securities each
using tests at the 5% significance level. Securities are selected randomly and with replacement from
the CRSP monthly return tape. To be included in a sample. a security must have at least 25 monthly
returns available continuously ending in a randomly selected event month ‘0" from January 1980 to
December 1989. Abnormal returns are estimated using four models: market-adjusted model, market
model, capital asset pricing model, and Fama—French three-factor model. The standard error used
in calculating the test statistic is based on the time series of abnormal returns for the 36-month test
period.

Two-sided One-sided, CAR > 0 One-sided. CAR <0

Model 1 mth 36 mths 1 mth 36 mths 1 mth 36 mths
Market-adjusted 1.2 9.6 2.8 16.4 24 0.8
Market model 24 23.6 4.4 272 2.8 6.4
CAPM 1.2 10.8 3.6 16.0 1.6 04

FF 1.2

2 13.6 3.6 17.6 0.8 1.2

The models and abnormal returns for each model are:
Market-adjusted model: MAR,, = R;; — R

m!
where R, is the monthly return inclusive of dividends for security i in month ¢, and R, is the monthly
return on the CRSP equal-weighted index in month

Market model: MMAR;, = R, — % — PR
where %; and f; are market model parameter estimates obtained by regressing monthly returns for
security i on the equal-weighted market returns over the 24-month estimation period from event
month —24to — 1:

CAPM: CAPMAR, = Ry — Ry, — Bi[Ros — R,/
where fi; is from the CAPM regression model [ie. slope from a regression of (R, — Ry} on

(R — Ry;) using 24 monthly observations for the estimation period]. and R, is one-month T-bill
return used as a proxy for risk-free return;

FF: FFMAR, = Ry — Ry = Bii [Row — Rye] — B HML, — B3 SMB,

where HM L, and SM B, are the Fama-French book-to-market and size factor returns and f;,, f:s,
and f};; are estimated by regressing security i's monthly excess returns on the monthly market excess
returns, book-to-market. and size factor returns for the 24-month estimation period.

The test statistic for the event month is (illustrated using market-adjusted returns):

[N
MAR,, o{MAR,) where MAR, - > MAR,.
Nei=1
35 0.5 35
g(MAR,) = L Y (MAR, — .41.';]]\’[4}3,,)2!35] . Atg(MAR,) = T Y MAR,.
=0 SV =0

and N, 1s the number of securities that are available in month 1.
The test statistic to assess the statistical significance of abnormal performance over a T-month
period beginning with the event month ‘0’ is:
CMAR P
—— T where CMAR, = Y MAR,.
T(MAR)*T'?

=0
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36 from the test period. The null hypothesis of no abnormal performance in the
event month is underrejected by all four models using the two-sided test at the
5% significance level. Since the test-period standard deviation reflects the effect
of a decline in sample size with the length of the test-period and because none of
the 200 sample firms is missing in the event month, the test-period standard
deviation is too high for the event month. This results in rejecting the null too
infrequently.

All four models exhibit excessive rejection frequencies over three years. The
market model performs the worst, whereas the CAPM and market-adjusted
models exhibit comparable performance. All four models’ rejection frequencies
are lower than those using the estimation-period standard deviation. Thus, the
use of test-period standard deviation mitigates, but does not eliminate, the
incidence of overrejection.

Table 7 also reveals that the four models’ rejection rates are not symmetric.
The tests conclude positive abnormal performance in three years too often, but
negative performance is concluded too infrequently. This is due in part to the
positive mean CARs that rise with the cumulation period for reasons discussed
earlier.

6.3. Prediction error variability

Prediction errors are more variable than fitted residuals from a regression
(e.g., Maddala, 1988, p. 52). The fewer the number of estimation-period observa-
tions, the greater the difference between the variability of residuals and predic-
tion errors: the higher the volatility of the market return in the test period
compared to the estimation period, the higher the prediction error variability.
This naturally contributes to excessive rejection frequencies, but does not
entirely account for the excessive rejection frequencies observed earlier for at
least two reasons. First, the market-adjusted model, which does not entail
parameter estimation, also rejects the null hypothesis too often. Second, the
observed rejection rates are too high to be explained entirely by the understate-
ment of prediction errors’ variability. We also note that the results in Table 7
reveal that using test-period standard error (which is free from the understate-
ment problem) also yields excessive rejection.

Other things equal, a longer estimation period yields more precise parameter
estimates for the return-generating process and a more accurate estimate of the
variability in abnormal returns. We therefore repeat the simulations using
a 48-month estimation period. This also imposes a more stringent data avail-
ability requirement and thus survival-related biases discussed in Section 6.1
could be more serious than in the baseline simulations.

Rejection frequencies based on one- and two-sided tests at the 5% significance
level and using estimation- and test-period standard deviations are reported in
Table 8. The time period is restricted to the 1980s. The null hypothesis of no
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Table 8
Tests for 1-month and 36-month abnormal performance using a 48-month estimation period

Rejection rates of the null hypothesis over one and 36 months in 250 samples of 200 securities each
using tests at the 5% significance level. Securities are selected randomly and with replacement from
the CRSP monthly return tape. To be included in a sample. a security must have at least 49 monthly
returns available continuously ending in a randomly selected event month "0’ from January 1980 to
December 1989. Abnormal returns are estimated using four models: market-adjusted model, market
model, capital asset pricing model, and Fama-French three-factor model. The standard error used
in calculating the test statistic is based on the abnormal returns for either the 48-month estimation
period or the 36-month test period.

Two-sided One-sided. CAR > 0 One-sided. CAR <0

Model 1 mth 36 mths | mth 36 mths 1 mth 36 mths

Panel A: Estimation-period standard crrors

Market-adjusted 0.4 6.8 4.0 14.8 0.8 0.0
Market model 1.6 124 4.4 20.0 04 1.6
CAPM 1.2 9.6 4.0 17.6 0.8 0.0

FF 1.6 11.2 44 20.8 0.8 0.4

Panel B: Test-period standard errors

Market-adjusted 2.8 16.8 6.8 24.0 2.0 0.4
Market model 3.6 248 7.2 29.2 24 28
CAPM 3.6 19.2 6.4 27.6 2.8 0.4

FF 3.6 204 6.4 288 1.2 1.2

The models and abnormal returns for each model are:
Market-adjusted model: MAR;, = R;, — R,

where R, is the monthly return inclusive of dividends for security i in month r. and R,,, is the monthly
return on the CRSP equal-weighted index in month t:

Marker model:  MMAR;, = Ry, — % — iR

where x; and f; are market model parameter estimates obtained by regressing monthly returns for
security i on the equal-weighted market returns over the 24-month estimation period from event
month — 24 to — I

CAPM: CAPMAR, = Ry — Ry — Bi[Ru — R},

where f, is from the CAPM regression model [ie. slope from a regression of (R, — Ry) on
(R, — Ry, using 24 monthly observations for the estimation period]. and R, is one-month T-bill
return used as a proxy for risk-free return:

FF: FFMAR; =Ry — Ry — B[R — Ryl — fiz HML, — B3 SMB,
where HM L, and SM B, are the Fama French book-to-market and size factor returns and f;,. fii..

and f3;; are estimated by regressing security i's monthly excess returns on the monthly market excess
returns. book-to-market, and size factor returns for the 24-month estimation period.
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effect is rejected too infrequently in the event month, but it is rejected too
frequently by the end of 36 months by all models except the market-adjusted
model. However, in one-sided tests, all four models indicate positive abnormal
performance excessively (14.8% to 20.8%). In contrast, negative abnormal
performance in the event month as well as at the end of 36 months is indicated
too infrequently by all four models. The rejection rates at the end of 36 months
are very high for all four models using test-period standard errors (16.8% to
24.8%). Overall, the results reveal that the use of a longer estimation period does
not alter the inferences from the baseline simulations.

7. Robustness checks

This section summarizes additional robustness checks. Long-horizon tests
using nonrandom samples are misspecified and generate both positive and
negative estimated long-horizon abnormal performance (Section 7.1). Tests
using returns on portfolios matched by size and book-to-market do not alter the
overall conclusion of misspecification (Section 7.2). Finally, our general results
on misspecification are also robust to many other test procedure variations
(Section 7.3).

7.1. Nonrandom samples

Nonrandom samples can have firm characteristics that are correlated with the
determinants of firms’ expected rates of return. This can result in biased
abnormal returns if the correct benchmark is not used. Since previous research
indicates that the book-to-market ratio and firm size are correlated with firms’

table 8 (continued)

The test statistic for the event month is (illustrated using market-adjusted returns):

Ny
MAR,, a(MAR,) where MAR Y MAR,.

e
NoD

1 N 0.5 ] 1
U(MAR,,,):[: ¥ (MAR,,,fArgMARF)'/47} . Ag(MAR) =2 ¥ MAR, .

(= -a8 1= —48
and N, is the number of securities that are available in month ¢.
The test statistic to assess the statistical significance of abnormal performance over a T-month
period beginning with the event month 0" is
CMAR,, Tl
—— " where CMAR, = Y MAR,.
a(MAR,)x TV

=0
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average returns, we perform simulations using samples consisting of either high
or low book-to-market firms and small- or large-sized firms.

Low (high) book-to-market samples have securities with a book-to-market
ratio of 0.8 or less (one or more) at the beginning of the year of the randomly
selected event month. Approximately 40% of the population of stocks have
book-to-market ratios below 0.8 or above one. Because the total number of
securities available for obtaining low or high book-to-market samples is con-
siderably smaller than that in the baseline simulations, we allow the event
month to be anywhere between January 1970 and December 1989, instead of
only in the 1980s.

Table 9 shows that the estimated average abnormal performance is systemati-
cally negative for the low book-to-market samples (panel A), and it is positive
for the high book-to-market samples (panel B). From panel A, the 36-month
market-adjusted and CAPM CARs are about — 3% for the low book-to-
market samples using the market-adjusted and CAPM benchmarks. The CARs
using the market model are highly negative. Since the low book-to-market firms
assumed that status in part because of their unusually good performance during
the estimation period, their market model alphas are systematically positive.
about 0.4% per month. Consequently, the highly negative market model CARs
are due almost entirely to the estimated large, positive alphas. The FF three-
factor model produces only a modest 36-month negative abnormal performance
of —0.41%. From the right most column in panel A, all four models show
negative abnormal performance too frequently at the end of three years. The
CAPM and market-adjusted models each show negative abnormal performance
14.4% of the time, whereas the FF three-factor model’s rejection rate is 19.2%.

From panel B, the abnormal performance measures and rejection rates are
much more dramatic for the high book-to-market portfolios. The 36-month
mean abnormal performance ranges from about 7.3% using the FF three-factor
model to 25.7% using the market model. One-tailed tests at the 5% significance
level show positive abnormal performance in 48.6% to 99.6% of the samples.

Overall, the results in Table 9 suggest that long-horizon tests using nonran-
dom samples strongly show either positive or negative abnormal performance
when none is present. The observed abnormal performance of book-to-market
samples using the market-adjusted, CAPM, and market-model measures of
abnormal returns is not surprising. Fama and French (1992) and others have
documented a positive relation between average returns and book-to-market
ratios that cannot be explained using the CAPM. Interestingly, however, even
the FF three-factor model shows abnormal performance too often. This suggests
inadequacies either in existing benchmark models or in the implementation of
these models in long-horizon studies.

Simulations using large- and small-firm samples yield results similar to those
using nonrandom book-to-market firm samples in that the average abnormal
performance for the small- and large-firm samples is quite different. In the 1980s,
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Table 9
Cumulative abnormal return measures and rcjection frequencies for low and high book-to-market
firm samples

Mean cumulative abnormal returns (CARs) in percent, with mean r-statistic reported below, and
rejection rates of the null hypothesis over one and 36 months using tests at the 5% significance level
for 250 samples of 200 low” and ‘high’ book-to-market securities each are reported. If the book-to-
market ratio of a security is below 0.8 (above 1.0) at the beginning of the year of the randomly
selected event month, it is included as a low (high) book-to-market security. Securities are selected
randomly and with replacement. To be included in a sample, a security must have at least 25
monthly returns available continuously ending in a randomly selected event month ‘0" from January
1970 to December 1989. Abnormal returns are estimated using four models: market-adjusted model,
market model, capital asset pricing model, and Fama- French three-factor model. Standard devi-
ation in calculating the test statistic is based on the time series of abnormal returns for the 24-month
estimation period.

Rejection frequencies in %

Two-sided One-sided, One sided,
CAR >0 CAR <0

I mth 36 mths 1 mth 36 mths | mth 36 mths [ mth 36 mths

Panel A: Low book-to-market securities

Market-adjusted 0.06 — 297 3.6 9.2 3.6 6.0 24 14.4
0.08 —0.63
Markel model —046 —2133 104 96.8 1.2 0.0 17.6 98.0
—0.64 —4.86
CAPM 0.03 - 3.10 5.6 12.0 7.6 0.8 2.4 14.4
0.03 -0.70
FF 0.06 — 041 8.8 10.8 10.0 8.4 36 19.2
0.07 —0.08
Panel B: High book-to-market securities
Market-adjusted 0.22 9.87 8.2 529 10.2 65.1 35 0.0
0.29 204
Market model 0.71 2566 16.1 98.8 235 99.6 0.0 0.0
0.93 5.62
CAPM 0.26 1002 11.8 54.5 12.9 66.3 4.3 0.4
0.35 2.18
FF 0.22 734 145 40.4 14.1 48.6 6.7 0.8
0.30 1.678

The models and abnormal returns for each model are:
Market-adjusted model: MAR;, = R;, — R,

where R;, is the monthly return inclusive of dividends for security i in month ¢, and R, is the
monthly return on the CRSP equal-weighted index in month t;

Market model:  MMAR;, = Ry, — 2% — B R
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however, both small- and large-firm samples exhibit positive CARs at the end of
36 months, with large firms” CARs exceeding those of the small firms. This is
consistent with large firms outperforming the small firms in the 1980s.

7.2. Matched-portfolio-based tests

Matched-portfolio-based tests compare the average return on the sample
firms to that on a portfolio of firms matched on characteristics such as size and
book-to-market. Our FF three-factor-model-based test is one way of adjusting
for size and book-to-market, but a matched-portfolio approach is an alternative.
Matched-portfolio-based tests do not require pre-event data for parameter
estimation. Evidence on these tests is contained in three recent papers.

Ikenberry, Lakonishok, and Vermaelen (1995). Properties of matched-port-
folio tests can be inferred from the Tkenberry, Lakonishok, and Vermaelen event
study of open-market repurchases. The results are quite similar to those re-
ported here in that matched portfolios’ mean long-horizon abnormal returns are

table 9 (continued)

where %, and f; are market model parameter estimates obtained by regressing monthly returns for
security i on the equal-weighted market returns over the 24-month estimation period from event
month — 2410 — L

CAPM: CAPMAR, = R, — Ry — [i[Ro — R;]

where f5; is from the CAPM regression model [ie. slope from a regression of (R, — Ry,) on
(R, — Ry,) using 24 monthly observations for the estimation period], and Ry, is one-month T-bill
return used as a proxy for risk-free return;

FF: FFMAR, = R, — Ry — B[R — R; ] — Ba HML, — f3,; SMB,

where HM L, and SM B, are the Fama-French book-to-market and size factor returns and 1, fis.
and fi;5 are estimated by regressing security I’s monthly excess returns on the monthly market excess
returns, book-to-market, and size factor returns for the 24 month estimation period.

The test statistic for the event month is (illustrated using market-adjusted returns):

1 N,
MAR, . 6{MAR,) where MAR, =5 Y MAR,.
o=

B 1 0.5 I 1
o(MAR,,,):[ Y (MAR,,,7Az'gMAR,,]3’231 . ,41:51(MAR,,):§ Y MAR,.

r= 24 “Tr=. 24

and N, is the number of securities that are available in month :.
The test statistic to assess the statistical significance of abnormal performance over a T-month
period beginning with the event month ‘0" is
CMAR ¢ L
—— T where CMAR,; = Y MAR,,.
G(MAR )+ T" -

=0
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systematically nonzero. This provides an independent robustness check. In
their paper, the sample buy-and-hold abnormal return is defined as the
difference between the buy-and-hold return and the corresponding return on
a portfolio of securities matched by book-to-market, size, and event date. To
assess statistical significance, this difference is compared to a bootstrap distribu-
tion of buy-and-hold abnormal returns. This bootstrap distribution consists of
buy-and-hold abnormal returns on 1,000 samples of randomly selected secur-
ities also matched by size, book-to-market, and event date to the sample
securities.

The mean four-year buy-and-hold abnormal return from the bootstrap distri-
bution is positive, and the mean of the bootstrap distribution for low book-to-
market firms is negative.* These results would be surprising for well-behaved
performance measures, but are not surprising in light of our previous results.
The use of a bootstrap distribution represents a state-of-the-art procedure to
recognize and attempt to adjust for such systematic biases in assessing statistical
significance. It remains an open question whether such procedures are appro-
priate. This is discussed in Section 8.2.

Barber and Lyon (1996a,b). In the Barber and Lyon simulations of long-
horizon event-study procedures, a wide variety of matching procedures are
examined, and the main focus is parametric statistical tests. There is dramatic
evidence of misspecification, and we view the general tenor of the results as
similar to ours. Barber and Lyon demonstrate that many of the commonly used
matching procedures are poorly specified and abnormal return estimates can be
systematically nonzero. Further, seemingly minor changes in experimental fea-
tures can have a major impact on specification. These include the benchmark for
measuring abnormal returns, cumulation procedures, the populations from
which securities are sampled (e.g., NYSE/AMEX versus NASDAQ), or calendar
time periods. Barber and Lyon isolate one parametric procedure that may be
well-specified, specifically to calculate abnormal returns as the buy-and-hold
return on a sample firm less the buy-and-hold return on a control firm with
similar size and book-to-market characteristics. However, they do not demon-
strate the robustness of this procedure to samples with other characteristics (e.g.,
earnings vield or past sales growth). Further, conclusions about whether a par-
ticular test is well-specified seem quite fragile, given their other evidence. This
reinforces both our arguments and those of Ikenberry, Lakonishok, and Ver-
maelen (1995) that bootstrap procedures might be a promising way to minimize
test statistic misspecification.

*See their Fig. 2. Although not reported in their paper, the mean four-year bootstrap buy-and-hold
abnormal return for their full sample is 1.95%. with 64.9% positive observations. For the lowest
book-to-market quintile sample, the mean return for the bootstrap distribution i1s — 4.31%. We
thank the authors for providing us with these details in private correspondence.
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7.3. Other variations in test procedures

We also perform numerous simulations by experimenting with different
estimation periods and different populations of firms from which samples are
selected. In particular, we use a 24-month post-test period as the estimation
period, and also the combination of 24-month pre- and post-test periods (i.e.,
a total of 48 months) as the estimation period. The use of the post-test period to
estimate model parameters requires that securities must survive the entire
36-month test period and the post-test estimation period to be included in the
random samples. We also repeat the baseline simulations using only the stocks
for which book value of equity data at the beginning of the year of the event
month are available on COMPUSTAT. The tenor of the results from these
simulations is similar to that discussed in the paper.

8. Implications for empirical research
8.1. Existing regularities: Survey and interpretation

Table 10 summarizes existing results on long-horizon abnormal performance
following events. We identify several empirical regularities in these event studies.
As discussed below, the general patterns seem consistent with misspecification,
but no claim is made that misspecification (rather than mispricing) drives the
results.

Persistence. From Table 10, reported abnormal performance persists for
years following 12 different types of events. Horizons over which performance is
tracked generally range from 24 to 60 months, and the abnormal performance is
generally significant over the entire period.® Persistence for the entire three-year
tracking period is detected in all of our simulations. Thus, persistence reported
in the literature is quite consistent with misspecification, and inconsistent with
mispricing unless the mispricing lasts beyond the tracking period. Further,
reports of persistence in so many different studies does not imply long-lived
mispricing if the common factor driving the results is test statistic misspecifica-
tion.

Positive versus negative abnormal performance. Reported post-event effects
are both positive and negative, depending on the type of event. From Table 10,

*Consistent with persistence, abnormal performance for the final vear of the horizon is sometimes
significant (e.g.. Speiss and Affleck-Graves, 1995, Table 2: Ritter, 1991, Table 1I: Dharan and
Tkenberry. 1995, Table I1), but the significance of final-year performance is often not reported and
this performance is sometimes insignificant (e.g.. Agrawal. Jaffe, and Mandelker. 1992, Table I).
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Table 10
Summary of reported long-horizon post-event abnormal performance
Includes only events with post-event performance deemed statistically significant by the authors

cited. Corresponding short-horizon announcement period results are also shown. This period is
generally one month or less.

Announcement-

Post-event period

abnormal abnormal Horizon

performance performance length
Event (%) (%) (months)
Repurchase tender offer® 36.2 13.8 24
Spin-off® 18.1 33 36
Dividend initiation® 12.1 34 36
Open market share repurchase? 12.1 3.5 48
Stock split® 12.1 33 36
Initial public offering’ —29.1 6.4¢ 36
Proxy contest” —13.1 4.2 60
Seasoned equity offering’ - 309 —30 60
Heavy short interest’ - 29.1 —21.0 24
Exchange listing® — 123 5.8 36
Dividend omission’ —19.6 -70 36

Merger™ —10.2 1.3 60

*Lakonishok and Vermaelen (1990, Table VI).

PCusatis, Miles. and Woolridge (1993, Table 4), Hite and Owers (1983, Table 2b).

“Michaely, Thaler, and Womack (1995, Table VII).

9lkenberry, Lakonishok, and Vermaelen (1995, Tables 2 and 3).

*Ikenberry, Rankine, and Stice (1996, Tables 1V and VI).

fRitter (1991, Tabie II).

gRuud (1993, Table 2).

"Ikenberry and Lakonishok (1993, Table $).

‘Speiss and Affleck-Graves, (1995, Table 2). Asquith and Mullins (1986. Table 2). Figures are for
primary offerings.

iAsquith and Meulbroek (19935, Table 8B, firms with short interest > 10%).

*Dharan and Ikenberry (1995, Table II), Kadlec and McConnell (1994, p. 621).

'Michaely, Thaler, and Womack (1995, Table VII).

™mAgrawal, Jaffe. and Mandelker (1992, Table [}, Jensen and Ruback (1983. Table 3. Panel B.2). The
statistical significance for the announcement period is not reported.

the estimated abnormal performance generally exceeds 10% in absolute value.
Events with positive post-event long-horizon performance include repurchase
tender offers, spinoffs, dividend initiations, open-market repurchases, and stock
splits. Events for which negative abnormal performance is documented include
mergers, initial public offerings, proxy contests, seasoned equity offerings, heavy
short interest, NYSE/AMEX listing of the firm’s common stock, and dividend
omissions.
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Both large positive and large negative abnormal performance are quite
consistent with misspecification. For randomly selected securities, our simula-
tions show a strong tendency to find positive abnormal performance too often,
with mean abnormal performance often exceeding 10%. For nonrandomly
selected securities (e.g., firms with unusual book-to-market ratios), we document
that the tendency to find both positive and negative abnormal performance can
be more pronounced. As discussed in Section 7.2, however, the direction of the
bias toward finding positive or negative abnormal performance is quite sensitive
to the characteristics of a given sample. Thus, it is difficult to generalize about
whether results for a particular study are driven by an overrejection bias, or
whether they occur in spite of an underrejection bias. For this reason, it seems
premature to claim that reported results for specific events can be attributed to
misspecification of long-horizon tests. Investigation of this possibility would
require additional study, specifically replication of existing studies using im-
proved procedures such as bootstrap (see below). Further, a few long-horizon
studies use bootstrap procedures but still find abnormal performance (e.g.,
Ikenberry, Lakonishok, and Vermaelen, 1995; Ikenberry, Rankine, and Stice,
1996). This makes it harder to dismiss all long-horizon results as a consequence
of parametric test misspecification.

Underreaction versus overreaction. For each type of event, Table 10 compares
abnormal performance in both the event and post-event periods. There is no
obvious sign pattern. In eight of 12 events, the long-horizon post-event abnor-
mal performance is in the same direction as the announcement effect, but in
three events it is in the opposite direction. Mergers are excluded because the
announcement effect is not clearly statistically significant. The lack of a clear
sign pattern is important for two reasons. First, long-horizon misspecification
implies no obvious correlation between the sign of an announcement effect and
that of the corresponding multi-year post-event effect, and the observed sign
pattern seems consistent with misspecification. Second, across the studies there
is no strong pattern of either stock market underreaction or overreaction to
events. This does not support any behavioral model (e.g., contrarian} in which
security price reactions to events are biased in a particular direction.

Data snooping biases and benchmark correlations. In several instances, pub-
lished results showing long-horizon abnormal returns have led to follow-up
studies in which the result was shown to be sensitive to test methodology. For
example, in reexamining post-merger negative performance of bidders, Franks,
Harris, and Titman (1991) argue that previous findings are due to benchmark
errors. Brav and Gompers (1995) re-examine post-IPO performance and con-
clude that underperformance is concentrated in a small number of firms, and is
sensitive to the weighting of the observations.

In the presence of strong abnormal performance, it would be surprising to
find that test results are highly dependent on the choice of methodology. In the
absence of abnormal performance, however, conflicting results are more likely
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because event-study test statistics are not perfectly positively correlated across
procedures (see Brown and Warner, 1980, Table 10). Further, for a given sample,
the probability of finding a ‘significant’ result using a battery of different tests
will be much higher than the significance level of any one test. Previous
simulations thus understate the likelihood of detecting abnormal performance
because the simulations examine each procedure individually and ignore the
correlation structure of the tests.

To provide evidence on this type of data-snooping bias, we report additional
details of our previous tests. For example, in panel A of Table 1. tests with four
different benchmarks show rejection rates of roughly 20% to 30% for each
benchmark using a two-tailed test at the 5% significance level. When all four
benchmarks are simultaneously applied, the percentage of samples in which the
null hypothesis is rejected using at least one test jumps to 48.4%. This figure
serves to further reinforce the conclusion that long-horizon tests must be
interpreted with great care.

8.2. Better long-horizon tests

A few long-horizon studies finding abnormal performance use nonparametric
procedures. Although we do not study these alternative methods here, they seem
like a promising alternative to the parametric procedures examined here.
Nonparametric procedures appear to have fewer potential problems, and
conclusions based on these procedures seem less likely to be due to misspecifica-
tion. Our study helps identify potential sources of misspecification with these
procedures, and how to tailor nonparametric procedures to avoid misspecifica-
tion.

Bootstrap procedures, such as those employed by lkenberry, Lakonishok,
and Vermaelen (1995), could be used to address biases in both the measure of
abnormal performance and the standard deviation. As discussed earlier, these
procedures use return data for random samples of matched nonevent firms to
construct a bootstrap distribution of long-horizon abnormal returns under the
null hypothesis. The difficulty is that firms used to construct the bootstrap
distribution must be correctly matched to the sample firms. Merely being of
similar size and book-to-market ratio may not be sufficient. As shown earlier,
many biases are survival-related and arise in part because of event-study data
requirements, and are poorly understood. Unless the firms used to construct the
bootstrap distribution have similar biases to the sample firms, correct specifica-
tion is not guaranteed. Recent post-merger long-horizon work (by Brown and
Da Silva Rosa, 1995) incorporates survival-related controls and argues for their
importance.

Simple nonparametric sign tests are sometimes used in long-horizon studies
(e.g., Spiess and Affleck-Graves, 1995). These tests seem straightforward, but can
still suffer from some of the difficulties of parametric procedures. As discussed
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earlier, the empirical distribution of buy-and-hold abnormal returns is skewed.
It seems likely that long-horizon test specification is very sensitive to this
characteristic. With skewness, the proportion of positive abnormal returns can
depart significantly from 50% under the null hypothesis. With monthly data, it
1s well-known that the degree of misspecification in sign tests is severe (Brown
and Warner, 1980, Table 2). To be correctly specified, nonparametric tests must
be designed to explicitly take skewness into account, perhaps using bootstrap-
type procedures to assess the degree of skewness under the null hypothesis.

9. Conclusions and recommendations

Previous work suggests that long-horizon event study tests will have low
power (Brown and Warner, 1980). We find that parametric long-horizon tests
will often indicate abnormal performance when none is present. This further
reduces one’s confidence in the reliability of inferences from long-horizon
studies, and serves to bolster previous warnings that the interpretation of
long-horizon tests requires extreme caution. Further, the general impression
that long-horizon procedures can yield bizarre results is reinforced in other
work. Both the simulation study of Barber and Lyon (1996a) and simulation
results reported in the event study of Ikenberry, Lakonishok, and Vermaelen
{1995) convey a similar impression.

Researchers can build on our work in several specific ways. First, better tests
should be used to replicate existing long-horizon studies. From a brief survey of
the literature presented here, this seems like a significant and growing area. At
this point. however. it is unknown whether existing results are due to mispricing
or to test misspecification.

Second, we offer a positive prescription for better long-horizon event studies.
Nonparametric procedures, such as bootstrap, seem like a promising framework
for alternative tests which can potentially reduce misspecification. Since boot-
strap is nothing more than doing Brown and Warner (1980, 1985) type simula-
tions to estimate p-values, the technology is not new. Our recommendation is
related to Barber and Lyon (1996a). They argue that some types of parametric
matched-portfolio tests are well specified and yield well-behaved abnormal
performance measures. A concern from both our work and theirs (see Barber
and Lyon, 1996a.,b), however, is that conclusions from simulation studies can
themselves be sensitive to experimental design. To allay such concerns, non-
parametric and bootstrap tests could easily be coupled with matched-portfolio-
based abnormal performance measures to more accurately calibrate
statistical significance.

Third, while we have documented several survival-related biases, the exact
nature of these biases is still not fully understood. Further analysis of survival-
related biases seems clearly fruitful. This would, at the least, enhance our
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understanding of when these biases are likely to be important and when they are
likely to be unimportant. Our analysis suggests how even bootstrap procedures
are potentially subject to these biases

Finally, we have focused on long-horizon returns in only one context, event
studies. Measuring portfolio long-horizon performance in calendar time, for
example in the mutual fund context, involves many related issues. The relevance
of our findings to mutual fund portfolio performance is an area we are currently
investigating.
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