Evaluating Stock Price

Behavior after Events:

An Application of the Self-Exciting
Threshold Autoregressive Model

Rakesh Bharati
Southern Illinois University—Edwardsville

Susan J. Crain
Missouri State University

Prasad Nanisetty
Artio Global Investors, New York

Stocks returns following large price changes provide a conflicting picture when
events are measured weekly or daily. This study uses a new methodology to
identify event thresholds and to examine post-event daily stock return behavior
over a period of 20 days. After negative events, there is strong reversal in the
short term followed by continuing reversal up to four weeks, with the reversal
being proportional to the price decline. After positive events, the results are
mixed in aggregate, but there is strong evidence of overreaction in the short and
longer term following extremely large gains. A regression-based model helps to
further explain these conflicting results.

Introduction

After events have occurred, stock returns show a decisive pattern of continuation
in semi-annual and annual holding periods while there is evidence of reversal over
three to five years.! Over a weekly horizon, Lehmann (1990) demonstrates contrarian
profits, but subsequent studies attribute his profits to cross-autocorrelation in large
and small stocks and bid-ask bounce [e.g., Lo and MacKinlay (1990); Conrad,
Gultekin, and Kaul (1997)]. Conditioning on volume, Campbell, Grossman and

'Some of the papers in this area include Jegadeesh and Titman (1993), DeBondt and Thaler
(1985, 1987), Fama and French (1988), Poterba and Summers (1988), Chan, Jegadeesh, and
Lakonishok (1996), Chopra, Lakonishok, and Ritter (1992), and Lakonishok, Shleifer, and
Vishny (1994).
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Wang (1993) and Conrad, Hameed, and Niden (1994) demonstrate reversals follow-
ing periods of high volume. Cooper (1999) shows reliable evidence of unconditional
market overreaction up to a year following large positive and negative weekly
returns, with low volume stocks exhibiting greater reversal. This weekly reversal is
at odds with the daily horizon where results about reversal/continuation have been
inconclusive. This research seeks to shed further light on the subject by reexamining
events with a daily horizon using a different model—the self-exciting threshold auto-
regressive model.

With a daily event window, Atkins and Dyl (1990) and Bremer and Sweeney
(1991) present evidence of overreaction, while Brown, Harlow, and Tinic (1988)
show predictable variation. When portfolios are unconditionally formed based on
large daily declines and/or gains (events), a correction for bid-asked bounce consid-
erably weakens or reverses short-term (up to three or four days) overreaction [e.g.,
Cox and Peterson (1994); Park (1995); Pritamani and Singal (2001)]. In the longer
term (three or four days beyond a negative event), there appears to be a general ten-
dency toward continuation. Cox and Peterson (1994), Park (1995), Pritamani and
Singal (2001), and Larson and Madura (2003) find some continuation from day
four/five to day 20 after a negative event. By contrast, after a positive event, Park
(1995) shows no systematic longer-term variation, Larson and Madura (2003) find a
decline up to 20 days, and Pritamani and Singal (2001) show a gain.

The contrast between the post-event performances of daily versus weekly event
horizons is puzzling, as large daily returns should coincide with large weekly returns
because average daily returns are small. As a result, if overreaction is found in
weekly returns, a similar result should be expected after large daily returns. There-
fore, stock return behavior following large positive and negative returns warrants
further investigation to see if these two streams of literature can be reconciled.

Prior studies have either used fixed thresholds to define events which can yield a
sample biased toward high-volatility stocks or have employed a dispersion-based
norm that should be free from such a bias.” In this study, the self-exciting threshold
autoregressive (SETAR) time series model endogenously determines positive and
negative event thresholds, thus identifying positive, negative, and non-event regions
based on security return characteristics. The method optimally searches for return
thresholds that best fit three AR(1) models, one for each region. This allows the
detection of those thresholds where the post-event day return is best explained by the
event day return in each state. The thresholds are allowed to vary asymmetrically for
negative and positive events, as well as across securities and time.

Cox and Peterson (1994) condition on more than a 10 percent loss, Park (1995) on a greater
than 10 percent abnormal gain or loss, and Cooper (1999) uses return filters at 2 percent
intervals between -10 percent and +10 percent with the extremes in two remaining negative
and positive categories. Pritamani and Singal (2001) use abnormal moves greater than three
standard deviations from the mean (an approximate 7 percent average gain or loss).
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The aggregate period (1/1/63—12/31/03) is divided into eight subperiods to
account for changes in volatility, liquidity, and institutional trading. For each
subperiod, the event thresholds are estimated using daily returns and several post-
event timeframes up to 20 days after the event are analyzed. A within-sample analy-
sis is conducted as well as an examination of a two-year subperiod immediately
following each parameter estimation period (to eliminate the look-ahead bias inher-
ent in many trading rules). The model used eliminates the impact of microstructure
issues such as bid-ask bounce, non-synchronous trading, and volume related return
autocorrelation shown by Chordia and Swaminathan (2000).

There is strong evidence of reversal after a negative event in the short term (one
to three days). This reversal is pervasive across time and the three markets (NYSE,
Amex, and Nasdaq) and is proportional to the degree of decline on the event day.
From four days after the event up to 20 days, the overreaction is similar to the
weekly return results of Cooper (1999). The positive event results are mixed as in
previous studies, but there is generally evidence of overreaction in the short term.
Over the longer term, there is a fixed decline effect as well as a conflicting continua-
tion effect that is proportional to the event-day return. These results are important, as
they refute prior filter rule studies that explicitly corrected for the bid-ask bounce in
daily returns and found no evidence of reversal in the short term and underreaction in
the longer term. The commonly used long-short portfolio strategy also achieves a
positive return that increases in proportion to the absolute magnitude of the positive
and negative events.

Research Method

First, the security returns from 1963 to 2001 are subdivided into eight estimation
subperiods.” Second, the parameters of the SETAR model are identified for every
security that has a sufficient number of returns available in the subperiod for model
identification. Third, negative event, positive event, and non-event days are identi-
fied for every security using the estimated thresholds, both on a within-sample and
out-of-sample basis. The out-of-sample periods are two years (less if the security
stops trading) following every non-overlapping, five-year parameter estimation
interval.* These events then are used for further, in-depth, post-event analysis.

The SETAR model is ideally suited for distinguishing significant events, as its
autoregressive feature is contingent on the state of the process. The thresholds and
the AR process for each region are endogenously estimated, thus capturing the subtle
interplay between the previous day’s return and the AR process of stock returns the

*Because our last year available in the CRSP database is 2003, we use four years in our last
threshold estimation period to ensure a two-year out-of-sample test.

“Although we do not examine every available year in our out-of-sample study, the strong
agreement of the out-of-sample results to the within-sample results allows us to save on
computational effort.
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next day. Instead of simply concentrating on the days of extreme price change as in
prior studies, the focus is on those days where a relatively large price change
occurred accompanied by a simultaneous change in the autoregressive model of
security returns. As long as the autoregression in security returns varies across
regions, the model will properly identify.

SETAR Estimation and Threshold Identification

Threshold autoregressive (TAR) models are a class of non-linear time series
models that were first introduced by Tong (1978).” The essential idea underlying the
class of threshold autoregressive models is the piece-wise linearization of non-linear
models over the state space by the introduction of thresholds. A threshold autore-
gressive process can be represented as:

k n k
=0 +izlairt—i +JZ‘1|:B0J' ﬂ%ﬁjﬁ-i}j (YO +& (1
where k is the order of the autoregressive process, n is the number of regions, and
Ii(y,) is an indicator function such that I(a) = 1 if a is true, else I(a) = 0. The n-1
thresholds divide the state space into n regions, and an autoregressive model is esti-
mated for each region j with k; number of lags. The state of the process (i.e., the
region in which it is at time t) is determined by the value of the threshold variable.
This threshold variable can be a lagged value (r.4) of the variable at lag d, as would
be relevant in this study. For the special case where v, is replaced with a lagged value
of the time series, the model is denoted as a self-exciting threshold autoregressive
(SETAR) model of order (n;ki, ks,... k).

The specification of the SETAR model with three regions separated by two
threshold values, ) and 1, with a lag d=1 is shown below.

low state, if r,_; <1
normal state, if <r,_, <1, 2)

high state, if r,_, >r

The two-threshold case is appropriate for the study of return behavior after large
declines and gains, yielding positive, negative, and non-event regions. The
autoregression has a maximum lag of one within each region. Thus, the identified
model can be intercept only in some cases. To give further intuition for using the
SETAR model, it is assumed that on a non-event day, the security will randomly

SFor a detailed account of the TAR model and its motivation see Tong (1983). SETAR models
have been successfully applied to exchange rates [Krager and Kugler (1993); Clements and
Smith (2001)], stock indices [Dufrénot, Guégan, and Péguin-Feissolle (2005)], and GNP [Tiao
and Tsay (1994)].
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close at the bid (or ask) price inducing a positive (or negative) bid-ask bounce in the
next day return. This bounce, along with non-trading, induce negative correlation in
transactional returns between the non-event day and the next day [See Kaul and
Nimalendran (1990) and Lo and MacKinlay (1999), for example], leading to an
expected AR(1) coefficient that is negative in the non-event region.

In the negative (positive) event region, the security systematically closes at the
bid (ask) price in the face of selling (buying) pressure. The resulting positive (nega-
tive) bid-ask bounce in the next day return will be captured in the intercept term,
unlike the case of the non-event region above. Also, non-trading would not be a
major issue for negative or positive event days, where heavy trading is encountered.
Therefore, for the negative event region, a positive intercept is expected. For the
positive event region, the intercept should be generally lower or negative due to
negative bid-ask bounce. In both positive and negative event regions (unlike the non-
event region), the AR(1) coefficient should be close to zero unless there are liquidity
pressures, changing expected returns, or some form of market inefficiency. Given the
differences across regions, the SETAR model is ideally suited for our purpose.

To estimate the model, a large number of potential thresholds are chosen on both
sides of the mean return based on a variability of one to 2.5 standard deviations.
Next, one potential threshold from either side of the mean is selected, and the state
space of security returns is delineated into three regions, leading to three subsamples
based on the event day return (r.;). For each subsample, a separate AR model is
estimated with a maximum of one lag, and the overall Akaike information criterion
(AIC) for the set of three models is computed. This step is repeated for all possible
pairs of thresholds. Thus, the choice of thresholds is not simply based on the disper-
sion measure; rather, the optimal thresholds are chosen in an iterative process to
yield the best-fit family of three AR(1) models based on overall AIC criteria from all
candidates.

Event Identification and Post-event Return Analysis

Once the thresholds have been identified for a security in a given period, the
returns are scanned over the next two years to identify the days when the returns
cross one of the two thresholds. This provides an out-of-sample set of positive and
negative event days. °

There is often more than one security registering an event for each day. Given
the high cross-sectional correlation of returns, it would be inappropriate to count the
same day occurrences as separate events.’” So the securities that register an event

®The same analysis is performed on a within-sample basis with strong results, but only the out-
of-sample results are reported because it is a more stringent test of the hypotheses.

"Cox and Peterson (1994) use the first stock that appears in an alphabetical sort of all stocks
registering an event for each day. We believe that this approach effectively discards valuable
information and could lead to serious sampling issues when a single stock is sampled on
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each day are combined into an equally weighted portfolio—essentially a short-term
analog of the Mitchell and Stafford (2000) approach. Cooper (1999) implements a
similar approach with weekly returns. The event portfolio return variance automati-
cally subsumes the cross-sectional covariances and provides the most efficient use of
the information.® Forming a portfolio usually induces positive autocorrelation in
portfolio returns both due to nonsynchronous trading and volume leadership, as
suggested by Chordia and Swaminathan (2000). This bias can lead to incorrectly
concluding that post-event continuation exists; however, for reversal, the bias actu-
ally makes the test less likely to reject the null hypothesis. Still, with a sample of
high volume, event-registering securities, this issue is expected to be irrelevant.

The post-event day returns are analyzed by examining abnormal returns, where
the market model parameters are computed using a pre-event window of —6 through
—105 days.” As abnormal returns contain the bid-ask bounce and the averages could
be susceptible to outliers, further analysis is done by regressing post-event abnormal
returns on the event day abnormal returns similar to the approach of Cox and Peter-
son (1994):

PEDAR; = a. + B;EDAR; + B,Dec; + B3Damex,i + BaDnasdagi T &i 3)

where:
PEDAR; = The post-event day abnormal return for equally weighted portfolio i;
EDAR; = The event day abnormal return for equally weighted portfolio i;
Dec; = The average decile size ranking for equally weighted portfolio i;
Damexi = A dummy variable equal to 1 if portfolio i is Amex and equal to 0
otherwise; and
DnNasdagi = A dummy variable equal to 1 if portfolio i is Nasdaq and equal to 0
otherwise.
All estimations employ a heteroskedasticity-consistent covariance matrix.
Because market dummy variables are used, the sample of all events for all
securities first is separated by market, and equally weighted event portfolios are
created. The three subsamples then are pooled to run the regression. The size vari-

numerous days. We find that as few as five stocks can represent as high as 46 percent of the
observations within a subperiod. In numerous instances, a single company is sampled for over
ten percent of the total observations. Therefore, this approach is too heavily weighted on a few
individual companies to yield representative results.

Counting only one observation per day and subdividing into subperiods also greatly reduces
the sample size associated with each test statistic. Lindley’s paradox—that standard errors
decline in sample size—would have limited impact on the test statistics.

%Results are reported using the combined CRSP N'YSE/Amex/Nasdaq index as the proxy for
the market. Abnormal returns also were computed using exchange-specific, value-weighted
market index proxies, exchange-specific equally weighted index proxies, and post-event betas.
All of these additional robustness tests provide essentially the same conclusion.
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able is obtained by taking the average of the CRSP decile rankings of all negative
(positive) event-registering securities by market for each day.

The dependent variable takes on one of two specifications—cumulative days 1
through 3 and cumulative days 4 through 20. Under the null hypothesis of market
efficiency, time-invariant expected returns, and no difference across the three mar-
kets, all parameter estimates, except the intercept, should be equal to zero across the
two specifications of the dependent variable. As the average abnormal return is
expected to be zero, the intercept essentially should be the bid-ask bounce whenever
the dependent variable includes the day one return, but should be zero otherwise. "

Data

Daily observations for all securities in the Center for Research in Security Prices
(CRSP) database are obtained from January 1, 1963 to December 31, 2003. Daily
transactional returns are constructed for NYSE and Amex securities for the entire
period. For Nasdagq, transactional prices are unavailable for National Market securi-
ties prior to November 1, 1982 and for Small Cap securities prior to June 15, 1992.
Hence, in the sample period between December 14, 1972 and November 1, 1982, all
prices are closing bid-ask averages and Nasdaq inferences for the first two subpe-
riods are virtually free of the bid-ask bounce.

Two restrictions reduce the size of the sample. Any security with fewer than
1,000 daily returns in each subperiod is eliminated to ensure that there is enough
variation in the data to identify a realistic model of infrequent events. Also, at least
two percent of the observations must be present in the positive and negative event
regions to ensure adequate degrees of freedom for estimation.'' Although intuition
suggests that a majority of observations must fall in the non-event region, a much
weaker restriction is imposed whereby at least one-third of the total observations are
included in the non-event region. Not only does this assumption formalize the intui-
tion of a normal (or a fat-tailed) distribution for stock returns, it also has another
beneficial effect in terms of making the algorithm more efficient. It is an important
issue, as the model must be individually identified for every qualifying stock in each
subperiod. The final reasonable restriction is that the lower (upper) thresholds be
negative (positive).

""The regression intercept should not be confused with the SETAR model intercept where
generally positive coefficients are expected to reflect average returns for each security.

""The estimated thresholds across various subperiods indicate that the negative event
frequency is approximately once every 3.5 weeks, while the positive event frequency is
around once every 2.5 weeks.
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Summary Statistics for the SETAR Models

Table 1 presents summary statistics related to the SETAR model parameters
across the eight subperiods and three markets (NYSE, Amex, and Nasdaq). Average
lower and upper thresholds are the smallest for the NYSE securities in the first sub-
period (1963-1967) and display a tendency to rise in magnitude through time. Thus,
the bandwidth of the non-event region increases from 5.12 percent to 7.46 percent.
These changing thresholds are consistent with the fact that market volatility gener-
ally has risen over time, thus requiring securities to move more before registering an
event. For Amex securities, thresholds and bandwidths also vary across subperiods.
The bandwidths are clearly larger than NYSE for each subperiod, consistent with the
fact that Amex securities are generally more volatile than NYSE securities. The
Nasdaq thresholds and bandwidths show a clear tendency to rise in magnitude
through time as well. In the last four subperiods, the Nasdaq produces the widest
average bandwidths of the three markets under study, consistent with the conven-
tional view that it trades the most volatile securities among the three markets.

The minimum and maximum values of the two thresholds for each market and
subperiod show a wide variation. In magnitude, the highest negative threshold is
-56.41 percent, whereas the lowest negative threshold is only about —0.27 percent. It
is clear that fixed thresholds (such as a 10 percent movement) potentially can give
rise to samples with omitted events and false events. A counter-argument could sug-
gest that a drop of 0.27 percent is too low to be called a negative event. This small
drop, however, actually could be a bad sign for a stock with positive momentum.
Therefore, no subjective beliefs are imposed, and negative (positive) thresholds can
be any negative (positive) number.

The largest average negative threshold of —6.90 percent occurs for Nasdaq in the
most recent period. For other subperiods and markets, the average thresholds are
frequently much lower in magnitude. The SETAR model generally produces a more
moderate price change based on averages than previous studies. Average positive
and negative thresholds are fairly symmetric in magnitude, although positive thresh-
olds are slightly larger than negative thresholds. Although not reported, the number
of events far surpasses those in previous studies. For example, there are 176,425
positive events and 143,074 negative events in the first subperiod, counting each
security-day as an event. The largest counts are in the seventh subperiod with
527,135 positive and 502,343 negative events.

The variances of the non-event, positive event, and negative event region
returns—essentially the variance of the error term from the AR model for each
region—show that the event variances (positive and negative) are at least twice as
high as the non-event region variances. In many cases they are much higher, indi-
cating a higher perception of risk on the next day. Finally, the first column includes
the number of securities for each market and subperiod and clearly shows that the
sample is large, despite the fact that securities with fewer than 1000 returns in any
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subperiod are excluded. Because the SETAR model is used primarily for the estima-
tion of threshold values, statistics concerning intercept and AR coefficients for the
three regions are not reported. Instead, the positive and negative event analysis is
conducted through regression models to make these results directly comparable to
previous studies.

Post-event Nominal Returns

Table 2 presents averages of event and post-event day security returns by market
over the two-year out-of-sample period following threshold parameter estimation.
For comparison, the average of the event day NYSE/Amex/Nasdaq value weighted
index (market) return and the average two-year exchange-specific security return are
also shown. Day 4-20 return is presented as an average daily return to facilitate com-
parison with other days. These are raw returns, comparable to Cooper (1999). The

Table 2—Out-of-Sample Nominal Post-event Returns for an Equally Weighted Portfolio
Average returns for the equally weighted portfolio of all stocks are shown for event days as well as the
three days following both negative and positive events across eight subperiods for NYSE and Amex and
six subperiods for Nasdaq securities. Day 4-20 return is the average daily return (not the cumulative
seventeen-day return) to facilitate comparison. Value-weighted NYSE/Amex/Nasdaq market returns on
the event day are shown as well as the average return for an equally weighted exchange specific portfolio
of all securities over the subperiod

1/1/68- 1/1/73- 1/1/78- 1/1/83-
12/31/69 12/31/74 12/31/79 12/31/84
Neg Pos Neg Pos Neg Pos Neg Pos
NYSE
Day 0 Return -3.073 3596  -4390  4.828 -3.974  5.027 -3.859 4421
Day | Return 0.168  0.154 0.307 -0.209 0.577  0.103 0227  0.211
Day 2 Return 0.142  -0.086 0.104 -0.173 0.239 -0.034 0.217  0.019
Day 3 Return 0.107  -0.088 0.071 -0.182 0.195 -0.015 0.188  -0.021
Day 4-20 Return 0.025 -0.014  -0.028 -0.073 0.115 0.087 0.097  0.050
Day 0 Market Return 0.006 0.006  -0.100 -0.100 0.062 0.062 0.049  0.049
NYSE Average Return 0.015 -0.109 0.095 0.065
Amex
Day 0 Return -4.687  6.363 -7.340  8.139 -6.203  7.729 -6.029  6.935
Day 1 Return 0.497  0.362 1.786  -1.250 1.593 -0.107 1.127  -0.077
Day 2 Return 0302 -0.223 0352 -0.216 0.451 -0.008 0.356  0.038
Day 3 Return 0.194 -0.208 0232 -0.086 0316 0.012 0.258  -0.062
Day 4-20 Return 0.039 -0.012 0.062 -0.034 0.207 0.130 0.115  0.055
Day 0 Market Return 0.006 0.006  -0.100 -0.100 0.062 0.062 0.049  0.049
Amex Average Return 0.035 -0.101 0.158 0.074
Nasdaq
Day 0 Return - - - - -5.907  7.087 -5.382  6.284
Day 1 Return - - - - 0.310 0.784 -0.015 0.747
Day 2 Return - - - - 0.297  0.239 0.075  0.322
Day 3 Return - - - - 0.229  0.142 0.148  0.101
Day 4-20 Return - - - - 0.181  0.101 0.087  0.021
Day 0 Market Return - - - - 0.062  0.062 0.049  0.049

Nasdaq Average Return - - 0.132 0.033
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Table 2 (cont.)—Out-of-Sample Nominal Post-event Returns for an Equally Weighted
Portfolio

1/1/88- 1/1/93- 1/1/98- 1/1/02-
12/31/89 12/31/94 12/31/99 12/31/03
Neg Pos Neg Pos Neg Pos Neg Pos
NYSE
Day 0 Return -5.643 5997  -4.099 4768 -4.025 4719 -4.843 5.187
Day 1 Return 1.028 -0.424  0.643 -0.239  0.211 0.034  0.256  0.068
Day 2 Return 0.204 -0.002 0.217 -0.012  0.085 -0.023 0.149  0.071
Day 3 Return 0.177 -0.011 0.162  0.004 0.062 -0.012 0.179  0.034
Day 4-20 Return 0.072  0.039 0.074  0.052 0.038  0.011 0.094  0.087
Day 0 Market Return 0.085  0.085 0.022  0.022 0.092  0.092 0.012 0.012
NYSE Average Return 0.082 0.038 0.011 0.059
Amex
Day 0 Return -7.839  8.679 -6.668 8.167 -6.651 8.459  -8.272 10.445
Day 1 Return 2.509 -1.023 1.730  -0.396 1.630 -0.645 2216 -0.614
Day 2 Return 0.481 0.137 0409 0.042 0349  0.065 0.580  0.191
Day 3 Return 0.275  0.125 0.280  0.079 0319 -0.025 0.510  0.140
Day 4-20 Return 0.224  0.147 0.178 0.119  0.188  0.153 0.381 0.262
Day 0 Market Return 0.085  0.085 0.022  0.022 0.092  0.092 0.012 0.012
Amex Average Return 0.107 0.089 0.062 0.124
Nasdaq
Day 0 Return -7.208  7.980 -8.892 10.720 -8.331 10.665 -9.332 11.485
Day 1 Return 2398 -1.401 4.175 -2.557 2229 -0957 2311 -0.856
Day 2 Return 0213 0240 0490 0335 0469 0.000 0494 0.049
Day 3 Return 0.177  0.177  0.398 0370 0344  0.104  0.347 0.058
Day 4-20 Return 0.164  0.127  0.363 0.326  0.248  0.183 0.244  0.194
Day 0 Market Return 0.085  0.085 0.022  0.022 0.092  0.092 0.012 0.012
Nasdaq Average Return 0.088 0.165 0.167 0.111

event day average returns (day 0) are predictably large in magnitude for positive and
negative events.

The average event day decline never exceeds 6 percent (9 percent, 10 percent)
for the NYSE (Amex, Nasdaq). These average declines are below the customary 10
percent used in many prior studies and underscore the fact that this is a fundamen-
tally different and more comprehensive sample. Consistent with the SETAR model
thresholds shown in Table 1, the average increase on positive event days is always
higher than the magnitude of decline on negative event days. Event day average
declines and increases are significantly larger in magnitude compared to the same-
day market return, indicating that most are company-specific or sector-specific, not
market-wide.

Post-negative event, day 1 average returns are at least four times the average
daily returns for the NYSE, barring one exception. Similar averages for the Amex
are higher than the NYSE averages and are at least ten times the average Amex
return. The Nasdaq shows a similar pattern of high day 1 average return, except for
the 1983-84 subperiod. Thus, day 1 returns are high after a negative event. In all
cases, post-negative event day 2 and 3 returns are also larger than the average returns
on the NYSE/Amex/Nasdag—despite no systematic bid-ask bounce that generally
contaminates day 1 returns. Thus, the day 2 and 3 returns cast doubt on the spread-
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based explanation of the post-event performance and are supportive of Cooper
(1999) where skip-day weekly returns on losers are similarly high. For positive
events, the NYSE, Amex, and Nasdaq securities generally have low or negative day
1 returns. With few exceptions, day 2 and 3 returns after a positive event are either
negative or lower than the corresponding negative event returns—thus indicating a
stronger performance following a negative event and a weaker performance after a
positive event. These results indicate that a long-short strategy used by Lehmann
(1990) and others would show positive returns at least on a before-transaction cost
basis.

For days 4-20, the post-negative event returns are always higher than the aver-
age exchange-specific return, whereas the post-positive event returns are higher in
slightly more than one-half of the subperiods. Also, these longer-term returns show a
pattern of underperformance after a positive event relative to the performance after a
negative event, in a manner similar to Cooper (1999). This once again provides
strong evidence of outperformance after a negative event with mixed results after a
positive event. The nominal return based evidence so far does not provide support to
Cox and Peterson (1994), Park (1995), Pritamani and Singal (2001), and Larson and
Madura (2003) where some continuation is found after a negative return. Instead,
nominal returns show a tendency to be higher after a negative event.

Post-event Abnormal Returns

Table 3 presents two-year out-of-sample post-event abnormal returns for the
three markets. After a negative event, days 1, 2, and 3 returns are almost always
positive and significant, with a vast majority being significantly different than zero at
the 0.001 level. This suggests that security returns revert in the days following a
large decline and is generally consistent with the CARs presented by Cox and Peter-
son (1994), Bremer and Sweeny (1991), and Park (1995) for days 1-3 (i.e., in the
short term). As day 2 and day 3 returns are not affected by the bid/ask bounce, our
results strongly indicate reversal after a negative event. Similar to nominal returns, in
most cases, abnormal returns show a clear tendency of reversal in the longer term
(days 4-20) in all three markets. Though not presented here, the in-sample abnormal
returns are similar to the out-of-sample results. Overall, there appears to be a reversal
after a negative event for the next 20 days."

2To gauge the economic significance of the results, transactions cost estimates are considered
from two sources. Barber and Odean (2000) found round-trip commission costs of 3.03
percent for trades in excess of $1,000 for households using large discount brokerage firms.
Investment Technology Group (ITG) estimated that trading costs within the United States in
the fourth quarter of 2003 (for combined large and small cap stocks) equaled a combined total
of 70 basis points, composed of timing delay costs of 36 basis points, market impact costs of
19 basis points, and commission costs of 14 basis points. Our conclusion is that economic
profits are possible only for institutional traders to the extent that they can avoid trading costs.
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Table 3—Out-of-sample Abnormal Post-event Returns for an Equally Weighted Portfolio

Average abnormal returns for the equally weighted portfolio of all stocks are shown for the three days
following both negative and positive events across eight subperiods for NYSE and Amex and six
subperiods for Nasdaq securities. Cumulative abnormal returns for days 4 through 20 are also shown

1/1/68- 1/1/73- 1/1/78- 1/1/83-
12/31/69 12/31/74 12/31/79 12/31/84
Neg Pos Neg Pos Neg Pos Neg Pos
NYSE
Day 1 0.155™  0.098™ 0462 -0.136™" 0.494™  -0.036 0.182"™"  0.143™
Day 2 0.105™  -0.122"" 0230 -0.068" 0.139™"  -0.158™" 0.167"" -0.037"
Day 3 0.075™  -0.123""  0.194™" -0.074" 0.082™"  -0.136™" 0.140"™" -0.078""
Days4-20  -0.003  -0.040"™"  0.085™  0.032" -0.008 -0.051™  0.039™ -0.006
Amex
Day 1 0429 0218 1.881™" -1.201"" 1427  -0.300™ 1.057"" -0.159"
Day 2 0215 -0.329™"  0.430™ -0.150" 0.270™"  -0.190"" 0.288"" -0.043
Day 3 0.108™ -0.313"" 0301 -0.017  0.130"  -0.171"" 0.184™" -0.141"
Days 4-20  -0.045"" -0.105™"  0.132"™ 0.031  0.012 -0.063™  0.039™  -0.026
Nasdaq
Day 1 - - - - 0.178"™  0.624™ -0.076"  0.673"
Day 2 - - - - 0.146™  0.097"  0.004 0.251"
Day 3 - - - - 0.073" 0.003 0.079"  0.035
Days 4-20 0.017 -0.054™  0.015  -0.045""
1/1/88- 1/1/93- 1/1/98- 1/1/02
12/31/89 12/31/94 12/31/99 12/31/03
Neg Pos Neg Pos Neg Pos Neg Pos
NYSE
Day 1 0.995™  -0.472""  0.604™" -0297"" 0219™  0.022 0.211™"  0.036
Day 2 0.177™"  -0.054 0.167""  -0.058" 0.090"  -0.030 0.120™"  0.037
Day 3 0.147"  -0.052 0.111™  -0.040"  0.062" -0.009 0.144™  -0.007
Days4-20  0.046™"  -0.003 0.026™ 0.004  0.037"  0.006 0.047™"  0.039™
Amex
Day 1 2393 -1.125™  1.6107° -0.522"" 1.559™"  -0.722""  2.002"" -0.824""
Day 2 0.366™"  0.038 0.284™ -0.083 0272  -0.004 0.382"™"  -0.026
Day 3 0.178™  0.018 0.146™ -0.048 0247  -0.093 0.289™  -0.073
Days4-20  0.120™"  0.044™  0.053"™ -0.003  0.110™"  0.082"" 0.169™ 0.042"
Nasdaq
Day 1 2307 -1.489"  3.9027" -2.845" 2.126™  -1.073"" 21777 -1.0017"
Day 2 0.122"™  0.156™ 0209  0.047 0368  -0.113"  0.358™ -0.089
Day 3 0.088™  0.094™ 0.115""  0.084" 0.240™  -0.000 0217 -0.076
Days4-20  0.074™"  0.042™"  0.083"" 0.041"™ 0.141"  0.074™"  0.104™"  0.050™"

*** % and * indicate statistical significance at the 0.001, 0.01, and 0.05 level

Following positive events in NYSE/Amex securities, there is still strong reversal
in a large majority of cases from days 1 through 3 with 40 negative daily returns of a
total of 48 across the subperiods and the two markets, corroborating the intuition
from nominal returns. For days 4-20, NYSE/Amex stocks demonstrate reversal in
half of the subperiods. This is consistent with the mixed evidence of prior studies
after positive events in the longer term.



36 Bharati, Crain, and Nanisetty

For Nasdaq positive events, the evidence is inconclusive. On a pair-wise
comparison, however, the abnormal returns in days 1 through 3 after a positive event
are mostly lower than those after a negative event with the last two periods yielding
clearly negative returns. The pair-wise comparisons over days 4-20 are always lower
after a positive event than after a negative event, allowing a positive return for a
long-short portfolio strategy.

The evidence so far appears to suggest reversals for stocks after negative events
over the next 20 days, with weaker short-term evidence of reversals following posi-
tive events. This extends Cooper’s (1999) result of reversal in weekly returns for the
largest 300 stocks in the NYSE and the Amex. The demonstrated reversals that con-
tinue beyond the first week across all stocks for the negative event, however, refute
prior daily event based evidence of continuation.

Are the Reversals Driven by Bid-asked Bounce?

There is a strong tendency of reversal for 20 days after a negative event. For
positive events, there is reversal in the short term. In the longer term, however, there
is mixed evidence of reversal in some subperiods and markets with continuation in
others. Because the results are aggregated across all events, interesting dynamics
could be hidden with respect to the degree of price change. A strong susceptibility to
outliers is also possible. To investigate further, post-event abnormal returns are
regressed on the event-day abnormal returns per equation (3), and the results are
presented in Table 4. If the bid-ask bounce is the main culprit for day 1 returns, there
should not be a proportionate relation between the strength of reversal and the event
day decline (or rise). The bounce should be mostly subsumed in the intercept of the
regression.

In Panel A, the post negative event results are once again generally unanimous
and strong. The coefficient on the event date abnormal return (EDAR, hereafter also
referred to as the slope) is significantly negative for days 1 through 3 across all
subperiods. For days 4 through 20 where the bid-ask bounce is not relevant, the slope
is still significantly negative at the conventional 0.05 level, barring one subperiod.
Thus, the degree of reversal is pervasively proportionate to the level of decline, both
in the short and longer term and across subperiods.”” These negative slope
coefficients are remarkable in light of the fact that the autoregression in the returns
of a portfolio could potentially have a positive slope bias for two reasons: non-
synchronous trading induced autocorrelation as well as volume leadership induced

It may appear that the post-event performance is a direct outcome of the SETAR model
estimation; however, only the day 1 return is used for SETAR modeling, not days 2 through
20.
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Table 4—Out-of-sample Regression Explaining Cumulative Abnormal Returns Following
Events

A regression model (Equation 3) is run on a pooled sample of returns for an equally weighted portfolio of
securities from the three markets. The regression is run for two specifications of the dependent variable.
The independent variables are the average event day return for each portfolio, an average decile ranking
for each portfolio, and dummy variables for Amex and Nasdaq

Time Period Intercept EDAR Dec D amex DhNasdaq F Value R?

Panel A: Negative Events

Days 1-3
1/1/68 — 12/31/69 -0.0064 -0.3345™" -0.0001  -0.0019 - 19.42 0.0579
1/1/73 = 12/31/74  0.0531° -0.47717" -0.0076" -0.0305"" - 136.58 0.2894
1/1/78 = 12/31/79  0.0343™"  -0.2698™" -0.0047"" -0.0136™" -0.0267"" 96.20 0.2031
1/1/83 — 12/31/84 -0.0267 -0.5272"™"  0.0013 0.0030 -0.0089° 107.50 0.2213
1/1/88 — 12/31/89 -0.0330° -0.5795™  0.0018 0.0088" 0.0074"  89.20 0.1911
1/1/93 - 12/31/94  0.0279”  -0.4691"" -0.0049™" -0.0183™ -0.0080" 529.28 0.5837
1/1/98 — 12/31/99  0.0147 -0.5016"™" -0.0038™" -0.0121"  -0.0115""177.84 0.3207
1/1/02 —12/31/03  0.0047 -0.4489™" -0.0029"" -0.0068 -0.0061° 118.72 0.2471

Days 4-20
1/1/68 — 12/31/69 -0.0034 -0.0274"  0.0003 0.0005 - 6.41 0.0199
1/1/73 - 12/31/74 -0.0064 -0.0884™"  0.0004  -0.0003 - 24.59 0.0683
1/1/78 = 12/31/79  0.0075™"  0.0128  -0.0009™" -0.0029"" -0.0028"" 8.13 0.0211
1/1/83 — 12/31/84 -0.0079"  -0.0569™" 0.0007™" 0.0013" 0.0013" 17.28 0.0437
1/1/88 — 12/31/89 -0.0017 -0.0344™  0.0000  0.0001 -0.0002 1547 0.0394
1/1/93 — 12/31/94  0.0005 -0.0177°  -0.0001  -0.0006 -0.0008  10.69 0.0275
1/1/98 — 12/31/99 -0.0110™"  -0.1032"" 0.0009™ 0.0015°  -0.0006 38.21 0.0921
1/1/02 - 12/31/03 -0.0022 -0.0426™  0.0001  -0.0000 -0.0011° 14.45 0.0384

Panel B: Positive Events

Days 1-3
1/1/68 — 12/31/69  0.0079 0.1279  -0.0019  -0.0140" - 8.64 0.0266
1/1/73 = 12/31/74 -0.0627"  -0.1578 0.0082""  0.0296™" - 52.96 0.1364
1/1/78 = 12/31/79 -0.0097 -0.0811 0.0013 0.0036 0.0172"" 70.09 0.1566
1/1/83 —12/31/84 0.0195"  -0.1467" -0.0015  -0.0053 0.0074™ 73.32 0.1624
1/1/88 — 12/31/89 -0.0383™"  -0.0779"  0.0047™" 0.0128"™  0.0083" 30.72 0.0752
1/1/93 — 12/31/94 -0.0427"  -0.0752 0.0054™  0.0195™  0.0009 282.85 0.4283
1/1/98 — 12/31/99 -0.0601"""  0.0954 0.0068™  0.0164™  0.0048 41.36 0.0989
1/1/02 - 12/31/03 -0.0312""  -0.0749"  0.0050"™" 0.0137""  0.0059" 41.10 0.1020

Days 4-20
1/1/68 — 12/31/69 -0.0036" 0.0012 0.0004"  0.0011 - 11.11 0.0340
1/1/73 = 12/31/74 -0.0237""  0.0966™" 0.0023"" 0.0069™ - 33.95 0.0919
1/1/78 — 12/31/79 -0.0014 -0.0085 0.0002  0.0007 0.0007  1.64 0.0043
1/1/83 —12/31/84 -0.0115™"  0.0542™" 0.0011™" 0.0022""  0.0021""" 28.47 0.0700
1/1/88 — 12/31/89 -0.0063™""  0.0278™" 0.0006™ 0.0017""  0.0016™ 15.15 0.0386

1/1/93 — 12/31/94 -0.0032"" 0.0192  0.0003°  0.0004 0.0004  10.37 0.0267
1/1/98 — 12/31/99 -0.0154™"  0.0670™" 0.0015™" 0.0045™"  0.0017" 48.07 0.1132
1/1/02 — 12/31/03 -0.0058™"  0.0196"  0.0007™" 0.0019 0.0008  9.88 0.0266

**x %% and * indicate statistical significance at the 0.001, 0.01, and 0.05 level

Hokk

autocorrelation as noted by Chordia and Swaminathan (2000). Days 1 through 3
intercepts are large and positive in five of eight subperiods though generally not
significant, appearing to corroborate that the bid-ask bounce is captured in the inter-
cept.
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The size coefficient is negative and significant for days 1 to 3 in five of eight
subperiods, indicating that larger stocks revert less. In the longer term for days 4
through 20, the size coefficient is mostly positive, suggesting that large stocks
bounce back more on a proportionate basis. Counter-intuitively, the Amex and
Nasdaq dummies are generally negative for days 1 to 3, indicating lower overrreac-
tion for Amex/Nasdaq securities while these dummies are inconclusive in the longer
run.

In Panel B following positive events, slope coefficients are generally negative
for days 1 to 3, but only three of the eight are significant, suggesting weak reversal.
The intercept is negative in six subperiods with large magnitudes for days 1 through
3 returns with five significances, once again supporting the conjecture that the inter-
cept captures the bid-ask bounce. By contrast, days 4 through 20 returns show strong
continuation, as the slope is positive and significant in six subperiods. The intercept
terms is surprisingly almost always significantly negative at the 0.001 level and
would likely dominate the proportionate continuation effect, suggesting a constant
longer-term decline.

The coefficient on the size variable is often positive, with five significances for
days 1 through 3, and all but one are significant for days 4 to 20. Thus, securities in
higher deciles generally gain more in the longer term as well as in the short term,
after a positive event. The Amex and Nasdaq dummies are generally positive with
some significance suggesting that Amex and Nasdaq securities show stronger con-
tinuation after a positive event.

The analyses thus far strongly indicate that after a negative event, securities
revert in the short term as well as in the longer term, with smaller securities reverting
more in the short term and larger securities gaining more in the longer term. After a
positive event in the short term, the performance generally indicates reversal.'* The
longer-term results show a proportionate (slope effect) continuation but a constant
(intercept effect) reversal with further gains for larger securities as well as gains for
Amex/Nasdaq stocks in some subperiods. This could help explain why other studies
have found conflicting results across different return filters, stock sizes, and markets.
In addition to the out-of-sample tests reported here, similar results were found for in-
sample tests using the five years’ data of each estimation period.

Comparison with Previous Studies

In this section, the results are compared with two of the more recent studies,
Cooper (1999) and Pritamani and Singal (2001), to provide further evidence on over-
reaction. This is not an attempt to replicate the previous studies as each one has its

As another robustness check, we used bid-asked average returns for Nasdaq securities and
found that reversals still existed, albeit somewhat muted, in the short term after a negative
event. After positive events, the results suggested continuation.
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own unique technique of defining events. In addition, Cooper (1999) uses weekly
transactional returns while Pritamani and Singal (2001) employ daily returns based
on bid-ask average prices.

Table 5 shows returns for four weeks after positive and negative events for vari-
ous subsamples. The first set in Panel A is the subsample of top 300 NYSE/Amex
stocks, analogous to Cooper (1999). The results are strongly indicative of a reversal
that continues over the next four weeks after a negative event. Similar to Cooper’s
skip-day next week result, there is a positive return that increases in magnitude as the
event size becomes more negative. In addition, a slowly decaying pattern of positive
returns in weeks 2 through 4 suggests that the reversal extends well beyond the first
week, even for the most liquid stocks. The overreaction following negative events is
robust to the choice of the event period (weekly or daily), the technique of selecting
the event, and extends beyond Cooper’s sample period of 1962-1993. The fact that
the post-event returns are lower than his, however, could be an indication that the
overreaction effect has been diminished over the 1994 to 2002 period due to a sub-
stantially improved trading process in terms of bid-asked spread, speed of execution,
and trading volumes.

For positive events, as the magnitude increases, the skip-day, next week return
decreases and eventually becomes negative, indicative of overreaction. Whereas the
post-event return becomes negative starting in the (+4 to +6) filter, Cooper’s reversal
first appears in the (+6 to +8) event filter. Although the reversals are mitigated over
the remaining three weeks, the overall four-week holding period return still remains
negative for the two largest event categories. Again, a long-short portfolio strategy
would show positive returns, with the magnitude increasing as the strategy moves
from small events to large events.

When the sample is changed in Panel B to include all NYSE/Amex securities
similar to Pritamani and Singal (2001) with no distinction as to event magnitude, the
results again indicate significantly higher returns after negative events, continuing
through week 4. This pattern of overreaction is different from the continuation result
found by Pritamani and Singal and further supports Cooper’s findings. Following
positive events, there is weak evidence of overreaction with a small negative return
in the first week. Despite the fact that the second week return is positive, it still
represents less than a nine percent annualized return, suggesting further underper-
formance. The week 3 and week 4 returns are significantly positive, similar to
Pritamani and Singal’s raw return results, but are smaller than the corresponding
return for negative events, allowing a successful long-short portfolio strategy.’ In
Panel C, Nasdaq securities appear to show reversal for four weeks after a negative
event; however after a positive event, weekly returns are found to be large, suggest-

PThese individual stock results are not directly comparable to the regressions in Table 4
where portfolio returns are used.
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ing a lack of reversal. This is consistent with the Nasdaq results in Tables 2 and 3.
Finally, in a more direct comparison to the sample period of Pritamani and Singal,
returns from January 1, 1990 through December 2, 1992 are used in Panel D. Posi-
tive event results are similar to theirs, but there is still a reversal after negative

events.

Table 5—Average Weekly Holding Period Returns Following Negative and Positive Events

Sample period includes 1/1/1963 — 12/31/2002 and returns are expressed in percent

0to—2 —2to—4 —4to—6 —6to—8 —8to—10 <-10
Panel A: Top 300 (NYSE/Amex)
Day 0 -1.58"" 284" 475" -6.80"" -8.82"" -14.30™
Day 1 0.12™" 0.10™" 0.20™" 0.44™" 117 2.08"™"
Skip-day, Week 1~ 0.28™ 0.45™" 0.51" 0.62"" 0.82"" 1.09™
Week 2 0.36™" 0.36™" 0.28" 0.17° 0.32"" 0.25
Week 3 0.31"" 0.29"" 0.25™" 0.07 0.21" 0.25
Week 4 0317 0.26™" 0.32" 0.17" 0.26" 0.37"
0to+2 +2 to +4 +4 to +6 +6 to +8 +8 to +10 >+10
Day 0 1617 2.89"" 478" 6.81"" 8.82"" 13.74™
Day 1 0.03"" 0.15™ 0.16™ 0.13"" 0.20"" -0.06
Skip-day, Week 1~ 0217 0.01 -0.15™ -0.15™ -0.41"" -0.52""
Week 2 0.20"" 0.15"" 0.13" 0.05 0.07 -0.04
Week 3 0.217" 0.23"" 0.22"" 0.217" 0.18" 0.20
Week 4 0.24™" 0.20"" 0.16™ 0.23"" 0.12 0.14
Negative Positive
Panel B: All Stocks (NYSE/Amex)
Day 0 481" 5.65""
Day 1 0.84"" 0.01
Skip-day, Week 1~ 0.76™ -0.04
Week 2 0.53"" 0.16™
Week 3 0.44"™" 0.27""
Week 4 0.417" 0.29""
Panel C: All Stocks (Nasdaq)
Day 0 -7.52" 8.96™
Day 1 1.76™" -0.317"
Skip-day, Week 1~ 0.84™ 0.47™"
Week 2 0.75"" 0.35""
Week 3 0.62"" 0.38™"
Week 4 0.61"" 041"
Panel D: NYSE/Amex (1990-92)
Day 0 -5.65"" 6.73""
Day 1 1.28™ -0.317"
Skip-day, Week 1~ 0.85™" 0.10
Week 2 0.68"" 0.25™"
Week 3 0.50"" 0.30""
Week 4 047" 033"

**% % and * indicate statistical significance at the 0.001, 0.01, and 0.05 level
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Conclusions

When analyzing stock price overreactions and underreactions to events, there is
a surprising lack of agreement between daily and weekly return horizons. This study
helps reconcile the conflict by examining stock return behavior after large price
changes, with negative and positive events identified through the use of a self-excit-
ing threshold autoregressive model. The technique permits estimation of thresholds
directly from the data and allows the event definition to vary across securities and
subperiods.

Following negative events, there is strong evidence of overreaction with reversal
in the short term (days 1 to 3) and in the longer term (days 4 to 20). The result is per-
vasive for all sizes, markets, subperiods, and post-event holding periods including
and excluding day 1 returns. This is in contrast to nearly all of the recent studies
since Cox and Peterson (1994) that show continuation in daily returns. Our daily
return outcomes support the weekly return results of Cooper (1999).

After positive events, the results are mixed although there is generally evidence
of overreaction in the short term. Cooper’s (1999) weekly overreaction result is sup-
ported in the short term and long term for the largest stocks with high magnitude
positive events. But, when smaller stocks are included, the longer-term results over
week 3 and week 4 bear some resemblance to Pritamani and Singal (2001), as well
as others. Overall, when both negative and positive events are considered, this daily
return based study strongly supports the weekly return results of Cooper.

Regression analysis helps explain the conflicting findings of prior studies. In the
longer term following a positive event, there is a fixed decline accompanied by a
proportional continuation of event day performance. This finding demonstrates that
the result depends upon the magnitude of the filters.
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