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Abstract

This research evaluates methods used in event studies that employ accounting-based
measures of operating performance. We examine the choice of an accounting-based
performance measure, a statistical test, and a model of expected operating performance.
We document the impact of these choices on the test statistics designed to detect
abnormal operating performance. We find that commonly used research designs yield
test statistics that are misspecified in cases where sample firms have performed either
unusually well or poorly. In this sampling situation, the test statistics are only well
specified when sample firms are matched to control firms of similar pre-event perfor-
mance.

Key words: Operating performance; Event studies; Return on assets; Return on sales
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1. Introduction

Much recent empirical research in accounting and finance focuses on the
operating performance of corporations. These studies generally assess operating
performance following major corporate events or decisions, such as dividend
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initiation, stock splits, management buyouts, or security offerings." Operating
performance measures are based on accounting numbers and are generally
evaluated relative to an industry benchmark. There is considerable variation in
the measures of performance and statistical tests that empirical researchers use
to detect abnormal operating performance. In addition, little is known about the
specification and power of the tests.

We evaluate three choices researchers must make in designing an event study
that uses operating performance. First, they need to select a measure of operat-
ing performance. Second, they need to determine a benchmark against which to
measure actual performance. We refer to this step as developing a model of
expected performance. Third, they need to select an appropriate statistical test.
We study these three choices by analyzing the operating performance of firms
listed on the New York and American Stock Exchanges at any time from 1977
through 1992. Our methods are analogous to those employed by Brown and
Warner (1985) in their research on event studies using daily stock return data.

We analyze five different measures of operating performance that researchers
might consider in studies of operating performance: return on book value of
assets, return on book value of assets adjusted for cash balances, return on sales,
return on market value of assets, and a cash-flow-based measure of return on
assets. In developing models of expected operating performance, we consider
whether it is important to match sample firms to control firms on the basis of
a sample firm’s industry, size, or past performance. Finally, we evaluate the
performance of parametric ¢-statistics and nonparametric Wilcoxon test statis-
tics in tests designed to detect abnormal operating performance.

We highlight some of our main results in this introduction: In the choice of
statistical test, we find that nonparametric Wilcoxon test statistics are uniformly
more powerful than parametric ¢-statistics, regardless of the operating perfor-
mance measure employed. This result is attributable to the existence of extreme
observations in all of our performance measures. Concerning the choice of an
expectation model, we find that test statistics using the change in a firm’s
operating performance relative to an appropriate benchmark consistently yield
more powerful test statistics than do those based on the level of a firm’s
operating performance relative to the same benchmark. In random samples or
samples of large firms, all expectation models based on changes in a firm’s
performance relative to an industry benchmark are well specified and powerful.

'A more extensive, though not exhaustive, list of these studies is provided in Table 1. Other recent
research that considers the operating performance of firms includes Loughran and Ritter (1994) who
study seasoned equity offerings, Strickland, Wiles, and Zenner (1994) who study intervention by the
United Shareholders Association, Mulherin and Poulsen (1994) who study proxy contests, Jain and
Kini (1994) who study initial public offerings, and Denis and Denis (1995) who study leveraged
recapitalizations.
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Perhaps the most important result documented here is that when sample
firms experience pre-event performance that is even slightly different from
control firms, commonly used methods — for example, matching sample firms to
control firms on industry, or industry and size — yield test statistics that are
misspecified. Test statistics are well specified only when sample firms are
matched to control firms with similar pre-event performance. We attribute this
misspecification to the tendency for accounting-based measures of performance
to mean-revert over time. Matching sample firms to control firms on industry
and performance is generally much more important than matching on industry
alone, or on industry and size.

The paper is organized as follows. We discuss models of expected perfor-
mance in Section 2. The data set employed is introduced in Section 3. Our
statistical tests are defined in Section 4. Results are presented in Section 5. The
discussion in the paper focuses on results using operating income scaled by
average book value of total assets. Alternative measures of performance are
discussed and analyzed in Section 6. Alternative methods of modeling expected
performance are discussed in Section 7. We close the paper with specific recom-
mendations on the choice of performance benchmark, performance measure,
and statistical test.

2. Modeling expected performance

In this section, we are interested first in identifying an appropriate measure of
operating performance, and second in identifying an appropriate method for
detecting abnormal operating performance. In Table 1, we summarize many of
the recent studies of changes in operating performance that follow major
corporate events. In addition to the authors and corporate events studied, we
identify the performance measure and benchmark used in each study. When
explicitly defined by the authors, we provide the Compustat data items used in
each of the studies.

2.1. Measuring operating performance

While early studies focused on changes in earnings per share, recent studies
tend to employ operating income as a performance measure. Earnings per share
(most often Compustat data item 58) represents the per-share income of a com-
pany after all expenses. It includes interest expense, special items, income taxes,
and minority interest, but excludes income from discontinued operations or
extraordinary items. Operating income (most often Compustat data item 13) is
defined as sales less cost of goods sold, and selling, general, and administrative
expenses. Thus, the major difference between the two performance measures is
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that operating income excludes interest expense, special items, income taxes, and
minority interest.

We favor the use of operating income over earnings for two reasons. First,
since operating performance can be obscured by special items, tax consider-
ations, or the accounting for minority interests, we argue that operating income
is a cleaner measure than earnings of the productivity of operating assets.
Second, researchers often study corporate events that result in changes in capital
structure (for example, leveraged recapitalizations). Such changes affect interest
expense and, consequently, earnings net of interest expense, but leave operating
income unaffected (assuming the capital structure changes did not affect the
firm’s operations). In addition, we prefer to use unscaled operating income,
rather than an income per share measure, because corporate events that a re-
searcher might wish to study often result in changes in the number of shares
outstanding (for example, equity issuance or stock splits).

To compare performance across firms, operating income must be scaled. We
are interested in measuring the productivity of operating assets in place for
a group of sample firms. The guiding principle that we use in this research is that
to generate a performance measure, operating income in period ¢ should be
matched with the operating assets in place in period ¢. Consequently, we want to
scale the operating income in period ¢ by the period t value of operating assets.
Unfortunately, the current value of operating assets is not reported in financial
statements. As an alternative, we use the book value of total assets (Compustat
item 6) to derive our major results. We divide operating income by the average
of beginning- and ending-period book value of total assets, which we call ‘return
on assets’ (ROA). This is the measure of operating performance most commonly
used by the studies summarized in Table 1. Though many of the studies use
end-of-period assets, when we scale operating income by end-of-period assets,
the general tenor of our conclusions is unaffected. In Section 6, we evaluate
several alternative measures of operating performance that a researcher might
consider.

2.2. Expected performance

To assess whether a firm is performing unusually well or poorly, we must
specify the performance we expect in the absence of an event, thus providing
a benchmark against which sample firms can be compared. Note that the
pre-event characteristics of firms can lead researchers to expect that sample
firms will experience above(below)-average operating performance, even before
they consider the impact of the event under consideration. For example, if
certain industries have experienced unusual growth in ROA during the sample
period, it might be reasonable to expect the sample firms in those industries to
experience a similar growth in ROA. The studies we reviewed usually employ
one (or more) of four different approaches to measuring expected performance.
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Generally, firms in the sample are compared to firms with the same

1. two-digit SIC code,

2. four-digit SIC code,

3. two-digit SIC code and similar size,

4. two-digit SIC code and similar pre-event performance.

We refer to these four comparison groups as two-digit matched, four-digit
matched, size-matched, and performance-matched and define them in Section 3.

Industry-matching assumes that some of the cross-sectional variation in
operating performance can be explained by an industry benchmark. The two
methods of industry-matching most often used match sample firms to other
firms with either the same two-digit or the same four-digit SIC code. Obviously,
the tradeoff in choosing either two-digit or four-digit matching is that re-
searchers must either include more firms in the control group (two-digit match-
ing), or include fewer firms, but firms that are more closely matched on industry
to sample firms (four-digit matching).

The third method of developing a control group matches sample firms to
other similar-size firms with the same two-digit SIC code. This method impli-
citly assumes that operating performance varies by industry and firm size.
Recent research by Fama and French (1995) documents that small firms, on
average, have lower earnings scaled by book value of equity than do larger firms.
Several recent studies of operating performance have matched sample firms to
similar-size firms in the same industry (for example, Kaplan, 1989; Denis and
Denis, 1993; Dann, Masulis, and Mayers, 1991; DeGeorge and Zeckhauser,
1993).

The last method of developing a control group that we consider matches
sample firms to other firms with the same two-digit SIC code and similar
pre-event performance. Performance matching adjusts for the mean reversion in
accounting data? that reflects a transitory component of operating income. The
transitory component can be attributed to accounting methods, such as the
manipulation of accounting numbers or the one-time effects of accounting
changes, as well as underlying economics forces, such as nonrecurring income or
expenses, or temporary shifts in product demand.

The temporary component to operating income can confound analyses of
operating performance. If there is a high level of operating income for a particu-
lar firm, there is likely a temporary component to its operating income. Over
time, the return on assets reverts toward a population mean as the temporary
component dissipates. In short, if a firm performs well before an event, the

2Both Penman (1991) and Fama and French (1995) document that return on equity measures are
slowly mean-reverting.
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tendency for mean reversion might lead a researcher to conclude that the firm
subsequently experiences poor performance, when in fact the accounting
measure of performance is merely reverting to its mean in a predictable fashion.
By matching sample firms to firms with similar performance before an event, we
are able to control for the mean-reversion tendency of a performance measure.

It is also possible that some firms experience high or low measures of
performance because of corporate strategy, managerial ability, or the nature of
investment opportunities. By matching on performance, a researcher can con-
trol for various factors, unrelated to an event, that affect the operating perfor-
mance of assets.

More formally, we denote P, as the performance of firm i in year ¢. The
industry comparison group for firm i in year t is PIj. The superscript indexes the
different definitions of industry comparison group enumerated above, j = 1,4.
Thus, the first four models of expected performance are

E(P) =PI, j=14, (1)

where E(-) is an expectations operator.

One drawback to using the level of an industry comparison group to measure
expected performance (without any pre-event performance matching) is that it
ignores the history of the firm relative to the benchmark. Consider a firm that
has enjoyed an unusually high ROA relative to its group of comparison firms
(perhaps as a result of investment in unusually profitable projects). If these
projects continue to earn above-average profits after an event, this firm would
appear to have operating performance that exceeds the performance expected in
the absence of the event.

One means of alleviating this problem is to consider the history of a
firm’s performance relative to its comparison group’s performance. Typically,
researchers have compared each firm’s performance relative to an industry
benchmark pre-event (P;,_; — PI {,_1) to the same performance measure
post-event (P, — PI}). Conclusions are then based on the changes in the
sample firms’ performance relative to changes in the industry benchmark,
(P — Pyio1) — (PI, — PI,_,).

To be more explicit about the assumptions underlying these comparisons, we
restate this method in terms of what it implies about a firm’s expected perfor-
mance. The comparison between changes in performance states that a firm’s
expected performance is equal to its past performance plus the change in the
industry’s performance:

E(P,) =P, ; + (P — PI{, ) @)
=P, + AP, j=1,4. 3)

This formulation provides four additional models of expected performance.
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Table 2

Models of expected operating performance

Expected
performance
Model model Description Industry comparison group
1 PI}, Level of industry performance  Two-digit SIC matched
2 PI} Level of industry performance Four-digit SIC matched
3 PI; Level of industry performance  Two-digit SIC and size-matched
4 PI; Level of industry performance  Two-digit SIC and performance-
matched
5 Pi,-1 + API;, Lagged firm performance and Two-digit SIC matched
change in industry perf.
6 P..-1 + API; Lagged firm performance and Four-digit SIC matched
change in industry perf.
7 Pi,-y + API;, Lagged firm performance and Two-digit SIC and size-matched
change in industry perf.
8 P+ API:‘, Lagged firm performance and Two-digit SIC and performance-
change in industry perf. matched
9 Py Lagged firm performance —

The ninth model that we consider ignores the performance of comparison

firms and assumes that expected performance is simply a firm’s own past
performance:

E(Py) =P, -1 . 4)

The nine models are summarized in Table 2. Though all models are stated in
terms of the level of a particular firm’s performance (P;,), models 5 through 9 are
equivalent to an analysis of the changes in a particular firm’s performance
(Py — P;;—1). We refer to these models as ‘change’ models, and to models
1 through 4 as ‘level”’ models.

3. Data
3.1. Sample composition

Our analysis includes all NYSE/AMEX firms with data available on Com-
pustat. Firms that change their fiscal year during the sample period are excluded
from the analysis in the year in which the change occurs. The sample period
extends from 1977 through 1992.
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Table 3
Descriptive statistics on return on assets for NYSE/ASE firms: 1977-1992

Return on assets is measured as operating income (item 13) scaled by the average of beginning-of-
period and end-of-period book value of assets (item 6). Descriptive statistics are based on winsorized
data. All observations are winsorized at the first and 99th percentiles, based on all firm-year observa-
tions. These values are — 18.9% and 46.2%, respectively.

Return on assets (%)

25th 75th Std.

Year Mean p'tile Median p’tile dev. Obs.

1977 16.7 10.7 16.1 225 9.5 1918
1978 17.1 11.1 16.6 227 9.6 2,227
1979 17.3 11.1 16.6 230 9.7 2,149
1980 16.5 10.6 15.7 219 9.9 2,083
1981 15.9 10.3 15.1 212 9.5 2,035
1982 13.8 8.4 13.7 19.3 9.4 1,997
1983 13.7 8.4 13.6 193 9.6 1,982
1984 14.9 9.7 15.0 20.2 9.8 1,950
1985 13.7 83 13.5 19.1 10.2 1,941
1986 13.0 7.4 12.7 18.2 10.6 1,955
1987 13.5 82 134 18.4 10.4 2,011
1988 13.3 7.9 13.3 18.8 10.6 2,045
1989 13.1 7.7 12.9 18.2 10.2 2,050
1990 124 7.6 12.4 17.6 10.3 2,081
1991 11.4 6.3 1.8 16.7 10.4 2,121
1992 12.0 7.1 12.0 17.1 10.4 2,135
1977-92 14.3 8.8 13.9 19.7 10.2 32,680

Descriptive statistics on the return on assets are presented in Table 3. The
descriptive statistics are based on winsorized data, since a few extreme observa-
tions skew the mean and standard deviation in some sample years. Winsorizing
is performed by setting the observations below the first and above the 99th
percentile of the distribution to the values at the first and 99th percentiles. The
winsorizing is performed at the first percentile (— 18.9%) and 99th percentiles
(46.2%) of the distribution of ROA.

The distribution of ROA is reasonably symmetric: The mean and median
statistics are approximately equal. Mean and median RO A declines during the
sample period, while the ROA cross-sectional standard deviation increases.

Our analysis includes financial firms and utilities. We reestimate all our
results after excluding financial firms (SIC codes 6000-6799) and utilities (SIC
codes 4900-4999). Over our sample period, mean and median ROA for the
remaining firms are 14.8% and 15.0%, respectively, with a cross-sectional
standard deviation of 10.4%. The general tenor of our results is unaffected by
the exclusion of financial firms and utilities.



B.M. Barber, J.D. Lvon;/Journal of Financial Economics 41 (1996) 359399 369
3.2. Defining industry comparison groups

We define four industry comparison groups for firm i in year ¢, based on the
expectation models developed in the prior section. In all four cases, we use the
median performance of the industry comparison group as our industry perfor-
mance measure, PI7,. When change models are employed, we use the change in
the median industry performance, Pl {, - Pl ,’:,,_ 1. We also estimate all the
results presented in this paper using the median change in industry performance
in lieu of the change in the median industry performance. The results using this
alternative specification are virtually identical to those reported.

In all of the change models and also in the performance-matched level model,
we hold the industry comparison group constant over time. Since sample firms
must have data available in periods ¢t and ¢t — 1, holding the industry compari-
son group constant over time places the same data requirement on control firms.

The first comparison group, two-digit matched, includes all firms in the same
two-digit SIC code as firm i in year ¢, excluding firm i. We note here that we use
Compustat SIC codes throughout this analysis. This, in fact, is an important
issue. For example, the agreement of SIC code classifications between Compu-
stat and CRSP at the four-digit level in a random sample of 676 firms was only
28%. The agreement at the two-digit level is 64.1%. These issues are addressed
at length by Guenther and Rosman (1994). Though we are not entirely comfort-
able with the use of SIC codes to define industry groups, we know of no practical
alternative to their use. Kahle and Walkling (1995) analyze the differences
between CRSP and Compustat SIC classifications in detail.

The second comparison group, four-digit matched, includes all firms in the
same four-digit SIC code as firm i in year t, excluding firm i. Approximately
1.8% of all firms have no other firm in their four-digit SIC code; for these, we use
an alternative rule in which we match using three-digit SIC codes, and finally
two-digit SIC codes.

The third comparison group, size-matched, includes all firms in the same
two-digit SIC code as firm i in year ¢ and similar in size to firm i. We note that
when the size-matched model in the levels is employed, the size matching is
performed in period t. When we use the size-matched model in changes, the size
matching is performed in period ¢t — 1 so that the industry comparison group
can be held constant over time. Thus, this benchmark is similar to our first,
except that we require the comparison firms to be similar in size to the firm in
question. Size is measured as the book value of assets. Firm i is matched to other
firms with the same two-digit SIC code, and with book value of total assets
within 70%—130% of firm i’s. When firms have no firm of similar size with the
same two-digit SIC code, we use an alternative rule where we find the firm with
the same two-digit SIC code and of closest size to the firm in question.

We experimented with several alternative size filters (both tighter and looser).
Size matching proves to be important only when firms are drawn from the






