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Study DTE Financial Data
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Returns)
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WHEREFORE, Staff respectfully requests that the attached documents be

entered into evidence in this proceeding.

September 19, 2011

JANIS VON QUALEN

JAMES V. OLIVERO

Office of General Counsel
lllinois Commerce Commission
527 East Capitol Avenue
Springfield, IL 62701

Phone: (217) 785-3402

Fax: (217) 524-8928
jvonqual@ icc.illinois.gov

Respectfully submitted,

s/

JANIS E. VON QUALEN
JAMES V. OLIVERO
JOHN L. SAGONE

Counsel for the Staff of the Illinois
Commerce Commission

JOHN SAGONE

Office of General Counsel
[llinois Commerce Commission
160 North LaSalle Street

Suite C-800

Chicago, IL 60601

Phone: (312) 814-2908

Fax: (312) 793-1556
jsagone@icc.illinois.gov
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Ameren Illinois Company
Response to ICC Staff Data Requests
Docket Nos. 11-0279 and 11-0282 (Cons.)
Proposed General Increase in Electric and Gas Delivery Service Rates
Data Request Response Date: 8/4/2011

JF7.03

Please provide a copy of any peer reviewed articles from finance journals that contain an
event study performed in the same manner as the event studies put forward in Mr. Hevert’s
direct and rebuttal testimony. (Ameren Exhibits 3.0G, 3.0E and 23.0)

Prepared By: Robert B. Hevert

Title: President, Concentric Energy Advisors, Inc
Phone Number: 508-263-6204

Please see JF 7.03, Attach 1 through 3, which consists of three peer-reviewed articles
regarding the performance, structure and interpretation of event studies.
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WHAT PRACTITIONERS NEED TO KNOW . . .

. . . About Event Studies

Mark P. Kritzman

Event studies measure the relationship between an
event that affects securities and the return of those
securities. Some events, such as a regulatory
change or an economic shock, affect many securi-
ties contemporaneously; other events, such as a
change in dividend policy or a stock split, are
specific to individual securities.

Event studies are often used to test the effi-
cient market hypothesis. For example, abnormal
returns that persist after an event occurs or abnor-
mal returns that are associated with an anticipated
event contradict the efficient market hypothesis.
Aside from tests of market efficiency, event studies
are valuable in gauging the magnitude of an
event’s impact.

A classic event study published in 1969 by
Fama, Fisher, Jensen, and Roll examined the im-
pact of stock splits on security prices.! The authors
found that abnormal returns dissipated rapidly
following the news of stock splits, thus lending
support to the efficient market hypothesis.

How to Perform An Event Study in Seven
Easy Steps

The following steps describe one of several
approaches for conducting an event study of a
firm-specific event:

B Define the event and identify the timing of its
occurrence. The timing of the event is not necessar-
ily the period during which the event occurs.
Rather, it may be the investment period immedi-
ately preceding the announcement of the event.

B Arrange the security performance data relative to
the timing of the event. If information about the
event is released fully on a specific day with time
remaining for traders to react, the day of the
announcement is period zero. Then, measurement
periods preceding and following the event are
selected. For example, if the 90 trading days pre-
ceding the event and the 10 days following the
event are designated as the pre- and post-event
periods, the pre-event trading days would be la-

Mark P. Kritzman, CFA, is a Partner of Windham Capital Manage-
ment in Cambridge, Massachusetts.
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beledt —90,t — 89,t — 88,...,t — 1; the event
day, t = 0; and the post-event trading days, t + 1,
t+2,t+3, ..., t+ 10. Because the event is
specific to each security, these days will differ
across securities in calendar time.

W Separate the security-specific component of re-
turn from the security’s total return during the pre-
event measurement period. One approach is to use
the market model to isolate security-specific re-
turn. First, each security’s daily returns during
the pre-event measurement period from ¢t — 90
through t — 1 are regressed on the market’s
returns during the same period. The security-
specific returns are defined as the differences be-
tween the security’s daily returns and the daily
returns predicted from the regression equation
(the security’s alpha plus its beta times the mar-
ket’s daily returns). This calculation is described by
Equation 1:

Aip =Ry — ;= B(Ryy), (1
where

A;; = security-specific return of security i in
period ¢

R;; = total return of security i in period t
@; = alpha of security i estimated from pre-
event measurement period

= beta of security i estimated from pre-
event measurement period

m = total return of market in period ¢

R
Il

»
|

R

W Estimate the standard deviation of the daily
security-specific returns during the pre-event measure-
ment period from t — 90 through t — 1. This calcula-
tion is shown in Equation 2:

-1

(Ai,t - Ai,pre)z
t=-90
i = — @
where
0; e = standard deviation of security-spe-

cific returns of security i estimated
from pre-event measurement period
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= average of security-specific returns of
security i estimated from pre-event
measurement period

number of days in pre-event mea-
surement period

i,pre

BN
I

® [solate the security-specific return during the
event and post-event periods. To estimate the securi-
ty-specific return each day during these periods,
subtract from each security’s total return each day
the security’s alpha and beta times the market's
return on that day. The alphas and betas are the
same as those estimated from the pre-event regres-
sions. The equation for estimating these returns is
the same as Equation 1. The subscript ¢, however,
ranges from 0 to +10 rather than from —90 to —1.

® Aggregate the security-specific returns and stan-
dard deviations across the sample of securities on the
event day and the post-event days; that is, sum the
security-specific returns for each day and divide by
the number of securities in the sample, as shown
in Equation 3:

N
DA
i=1

A=—, (3)

e
I

average across all securities of security-
specific returns in period ¢
number of securities in sample

2
I

The standard deviations are aggregated by
squaring the standard deviation of each security’s
specific return estimated during the pre-event pe-
riod, summing these values across all securities,
taking the square root of this sum, and then
dividing by the number of securities. Equation 4
shows this calculation:

ON,pre =

where

aggregate of pre-event standard de-
viations of security-specific returns
across all securities

gy, pre =

m Test the hypothesis that the security-specific re-
turns on the event day and post-event days differ
significantly from zero. The t-statistic is computed by
dividing the average of the security-specific re-
turns across all securities each day by the aggrega-
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tion of the standard deviations across all securities
as described in the previous step. Then, depend-
ing on the degrees of freedom, determine whether
the event significantly affects returns. That is,

A (5)

ON,pre

t-statistic =

If the event is unanticipated and the t-statistic
is significant on the day of the event but insignif-
icant on the days following the event, a reasonable
conclusion is that the event does affect security
returns but that it does not contradict the efficient
market hypothesis.

If, by contrast, the t-statistics continue to be
significant on the post-event days, we might con-
clude that the market is inefficient in that it does
not quickly absorb new information. We might
also conclude that the market is inefficient if we
were to observe significant ¢-statistics on the day of
the event and we had reason to believe that the
event (including its magnitude) was anticipated.

Issues in Measuring Events

When designing an event study, how to mea-
sure the event is not always clear. Suppose, for
example, the event is an annual earnings an-
nouncement. The announcement that annual
earnings are $3.00 a share is meaningless unless
this number is contrasted to the market’s expecta-
tion about earnings. Moreover, the market’s ex-
pectation will have been conditioned by earlier
information releases pertaining to earnings. There-
fore, the first issue in measuring the event is to
disentangle the unanticipated component of the
announcement from the expected component.

The unanticipated component of the event is
likely to be positive for some securities and nega-
tive for others, and the test of significance may
need to be conditioned on the direction of the
event. This can be accomplished by partitioning
the sample into a subsample of securities for which
the event was positive and a subsample for which
the event was negative.

Another issue with respect to the measure-
ment of the event is the influence of confounding
factors. Suppose the event is defined as the an-
nouncement of a change in dividend policy. For
many securities, this announcement may coincide
with an information release about earnings. This
coincident information is called a confounding
event—an event that might distort or camouflage
the effect of the event of interest on the security’s
return.

Financial Analysts Journal / November-December 1994



Issues in Measuring Retum

In my description of the steps involved in an
event study, I isolated the security-specific compo-
nent of return by using the market model. The
returns must be normalized so that the expected
value of their unanticipated component is equal to
zero percent. It is perfectly acceptable that the
expected value of the unanticipated component of
return conditioned on the event not equal zero,
and it is equally acceptable that the unanticipated
component of return conditioned on the absence
of the event be systematically nonzero. The prob-
ability-weighted sum of the unanticipated compo-
nents of return must equal zero, however.

The market model is but one method for
adjusting returns. Some event studies adjust re-
turns by subtracting from them the average return
of the securities during the pre-event period. This
adjustment procedure is called the mean adjust-
ment. An alternative procedure is to subtract the
market’s coincident return from the security’s re-
turn. This adjustment procedure is called the mar-
ket adjustment.

The procedure described earlier to normalize
the unanticipated component of return to zero
using the market model is called risk adjustment.
Risk adjustment of returns can also be accom-
plished by using a procedure pioneered by Fama
and MacBeth in 1973.% The unanticipated compo-
nent of return is derived by computing an ex-
pected return in period t and then subtracting it
from the security’s actual return in period ¢.

The first step in this procedure is to estimate
each security’s beta by regressing its returns on the
market’s returns over some pre-event measure-
ment period. Then, the returns across many secu-
rities in the same period t are regressed on their
historical betas as of the beginning of period t. The
intercept and slope from this cross-sectional re-
gression are then used to measure the security’s
expected return.

Specifically, a security’s expected return in
period t is equal to the cross-sectional alpha in
period t plus the cross-sectional beta in period ¢
times the security’s historical beta. The security’s
unanticipated component of return, therefore,
equals its actual return in period t minus its ex-
pected return in period t (estimated from the
cross-sectional coefficients and the security’s his-
torical beta).

The final approach for normalizing the unan-
ticipated component of return to zero uses control
portfolios. A control portfolio of sample securities
is constructed to have a beta equal to 1. The

Financial Analysts Journal / November-December 1994

Statt Group Cross EX. 11-B

Docket Nos. 11-0279 & 11-0282 (Cons.)
JF 7.03 Attach 1

Page 4 of 5

unanticipated component of return in an event-
related period is computed as the return of the
control portfolio less the return of the market.

Issues in Evaluating the Results

In the earlier example, a t-statistic was used to
evaluate whether the event affected security re-
turns. The use of a t-test presupposes that the
returns of the securities from which the sample is
drawn are normally distributed.

If we have reason to believe that the returns
are not normally distributed, we can use a non-
parametric test to evaluate the result. A nonpara-
metric test, which is sometimes referred to as a
distribution-free test, does not depend on the
assumption of normality.

One of the simplest nonparametric tests is
called a sign test. Not only is the sign test distri-
bution free, it is also insensitive to the magnitude
of the returns. It simply tests whether there are
more positive returns (or negative returns, as the
case may be) than would be expected if returns
and the event are not related. This test statistic is
computed as shown in Equation 6:

(X-0.5) - 0.5N

TN ©)

where

Z = normal deviate

X = number of security-specific returns that
are positive (or negative)

N = number of securities in sample

For example, if 13 returns are positive out of a
sample of 20 securities, the normal deviate would
equal 1.12, and we would fail to reject the null
hypothesis that the event has no effect on security
returns. If, instead, 65 returns are positive from a
sample of 100 securities (which is the same propor-
tion as 13 out of 20), the normal deviate would
equal 2.90 and we would conclude that the event
does affect security returns.

The sign test is but one of several nonpara-
metric tests that can be used when the assumption
of normality is in doubt or when the data are
limited to ordinal values.

The t-statistic also assumes that the returns
across the sample of securities are independent of
one another. In many cases, security returns may
not be mutually independent, even after they are
risk adjusted. Securities may have other common
sources of risk besides their exposure to the mar-
ket. Perhaps the market-adjusted returns of secu-
rities within the same industry are correlated with

19



each other. This type of cross-correlation is partic-
ularly common in event studies of mergers when
the propensity for mergers is an industry-related
phenomenon. Sometimes, the problem of cross-
correlation can be remedied by embellishing the
risk-adjustment procedure to account for the por-
tion of return that arises from industry affiliation or
from exposure to some other source of common
risk.

The Brown and Wamer Study

In a classic article evaluating event study
methodology, Brown and Warner simulated vari-
ous risk-adjustment procedures to determine their
efficacy.’ They first applied various methodologies
to samples of securities that were contrived to have
no abnormal returns in order to determine
whether a particular methodology would reject the
null hypothesis when it was true (a Type I error).
Then, they artificially induced abnormal returns in
samples to determine whether a particular meth-
odology would fail to reject the null hypothesis
when it was false (a Type II error). Finally, they
compared the various methodologies based on
their power to detect abnormal performance. The
residual of a Type II error measures the power of a
particular methodology.*
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Brown and Warner concluded that none of the
more elaborate procedures to isolate security-spe-
cific returns improved upon the simple market-
model adjustment and that some of these proce-
dures did not even improve upon the mean-
adjustment procedure. Their message was that a
researcher’s time would be spent more produc-
tively by identifying and measuring the event
rather than by devising elaborate procedures for
controlling risk.

Footnotes

1. E. Fama, L. Fisher, M. Jensen, and R. Roll, “The Adjustment
of Stock Prices to New Information,”’ International Economic
Review, vol. 10, no. 1 (February 1969):1-21.

2. E. Fama and ]J. MacBeth, “Risk, Return and Equilibrium:
Empirical Tests,”” Journal of Political Economy, vol. 81, no. 3
(May/June 1973):607-36.

3. S. Brown and ]. Warner, “Measuring Security Price Perfor-
mance,” Journal of Financial Economics, vol. 8 (September
1980):205-58.

4. For a review of hypothesis testing, see M. Kritzman, “What
Practitioners Need to Know about Hypothesis Testing,”
Financial Analysts Journal, vol. 50, no. 4 (July/August 1994):
18-22.
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The Event Study Methodology Since 1969

JOHN J. BINDER
Department of Finance (MC 168), College of Business, University of Illinois-Chicago, 601 S. Morgan St.,
Chicago, IL 60607-7124

Abstract. This paper discusses the event study methodology, beginning with FFJR (1969), including hypoth-
esis testing, the use of different benchmarks for the normal rate of return, the power of the methodology in
different applications and the modeling of abnormal returns as coefficients in a (multivariate) regression frame-
work. It also focuses on frequently encountered statistical problems in event studies and their solutions.

Key words: Event study, finance methodology

1. Introduction

An often heard statement in economics and finance is that any article which is cited ten
or more times a year for ten years is a classic. Even by this standard, the paper by Fama,
Fisher, Jensen and Roll (FFJR) (1969), which introduced the event study methodology,
stands out in the academic profession. For example, from its publication through 1994 this
article was, according to the Social Sciences Citation Index, cited a total of 516 times.
This works out to an average of about 21 times a year over a 25 year period. It is,
therefore, surprising when Fama (1991, p. 1599) notes in retrospect that the impetus
behind the FFJR paper, which was suggested by James Lorie, was simply to develop an
application of the new Center for Research in Security Prices (CRSP) monthly return data
for New York Stock Exchange (NYSE) stocks.

FFJR started a methodological revolution in accounting and economics as well as
finance, since the event study methodology has also been widely used in those disciplines
to examine security price behavior around events such as accounting rule changes, earn-
ings announcements, changes in the severity of regulation and money supply announce-
ments.' The event study methodology has, in fact, become the standard method of mea-
suring security price reaction to some announcement or event. In practice, event studies
have been used for two major reasons: 1) to test the null hypothesis that the market
efficiently incorporates information (see Fama (1991) for a summary of this evidence) and
2) under the maintained hypothesis of market efficiency, at least with respect to publicly
available information, to examine the impact of some event on the wealth of the firm’s
security holders.

This paper reviews developments in the event study methodology beginning with FFJR.
My intention is to highlight the various extensions of the original FFJR technique and
related contributions that have appeared since 1969. Of course, this survey is selective in
that it partly reflects the interests and tastes of the author.”
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The paper is organized around two broad topics. The first part of the paper discusses the
case where abnormal returns are measured as residuals (actually as prediction errors in
most cases) from some benchmark model of normal returns, such as the market model.
The FFJR methodology is reviewed, as well as topics such as hypothesis testing under
various statistical assumptions, beta estimation, alternative benchmarks of the normal rate
of return and the statistical power of the event study methodology when the event date is
certain and uncertain.

The second part of the paper discusses the use of dummy variables, corresponding to
the event period(s), in a regression framework to parameterize the effects of the event.
That is, it covers the case where the abnormal returns are modeled as coefficients in a
regression model and the sample includes the event period and data before (or after) it.
Two specific cases are discussed. In the first, a portfolio return is the dependent variable
and a single equation is estimated, while in the second a system of equations is specified
where each firm is represented by a single equation. The advantages and disadvantages of
this approach, compared to correctly specified variants of the standard FFJR methodology,
are discussed, along with the choice of test statistic and the power of the tests.

2. Measurement and statistical analysis of abnormal returns
2.1. Fama, Fisher, Jensen and Roll (1969)

To showcase the CRSP monthly database, FFJR examine the effect of the announcement
of a stock split on stock prices. To capture the effect of the event on stock 7, they control
for the normal relation between the return on i during month #, R,,, and the return on a
broad stock market index, in their case the CRSP NYSE Market Portfolio, during month
t, R, That is, using a sample of monthly return data from 1926 to 1960 including the
period containing the event, they estimate the parameters of the following “market” model
for each stock i in the sample:*

Ry =o; + BR,, + u; (1)
In the FFJR study, the event period is from 29 months before the split is announced to 30
months after. The month of the split is defined as s = 0 in event time and the event period
then runs from s = —29 to s = 30. Redefining time relative to the event month is useful
since they examine the average stock price movement for the sample stocks during
specific months around the event month.

FFIJR use the residual i, from the market model for the calendar month corresponding
to month s as an estimator of the abnormal return for stock i during event month s.> For
instance, if stock i announced a split during June 1952 this is the event month (s = 0) and
the estimated abnormal return during s = —6 (six months preceding the split) is the
residual for the calendar month December 1951. This method removes the effects of
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economy wide factors from the return on i’s stock, leaving the portion of the return
attributable to firm specific information, i. e., the error term in equation (1), which
contains the effect of the split announcement.®

The estimator of the average abnormal return during month s, A4R,, is defined as

N,

s

AAR, = :
2N

s

is

2

where AR, is the estimator of the abnormal return for stock i and N, is the number of
firms in the sample during month s. The estimates of the average abnormal returns are
summed across months to measure the average cumulative effect on the sample securities
of company specific information reaching the market from month S, to month S,. That is,
CAARyg;, s,, the estimator of the cumulative average abnormal return, is given by

S

CAARg & = 3 AAR,, 3)

s=35,

Two modifications to the FFJR methodology have become standard. First, given con-
cerns about the stationarity of the market model parameters (see Blume (1971) and
Gonedes (1973)), it has become commonplace for studies with monthly observations to
use five to seven years of data.” Second, as FFJR (pp. 4-5) and Ball and Brown (1968, pp.
163—-164) point out, if the event period is included in the period used to estimate the
market model parameters, the coefficient estimates are biased because the disturbances
(which contain the effects of the event and related occurrences) are not mean zero. While
this bias is small when the data period is as long as in FFJR, with five to seven years of
data it is a much greater problem. Subsequent studies, e. g., Scholes (1972), estimate the
market model with data prior to the event period and measure (estimate) the abnormal
return during period s as the prediction error é,,, based on the returns R,; and R, and the
parameter estimates. It is assumed that the coefficients are constant during the estimation
and event periods.®

2.2. Hypothesis testing

2.2.1 Introduction. In most cases the researcher is interested in testing hypotheses about
the average or cumulative average abnormal returns as well as estimating their magnitude.
One method to test the statistical significance of the estimated average abnormal return for
month s is to assume that the individual 4R,,’s are independent and identically distributed.
A cross-sectional estimate of the true standard deviation, o(4R;,), is then calculated in the
usual fashion (see Scholes (1972, ftnt. 25)). The estimator of the standard deviation of
AAR, is 6(AR,,) divided by the square root of N, and, under the assumption that the AR,,’s
are normally distributed, this ratio is ¢ distributed.’ Based on the preceding assumptions
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and assuming further that the A4R_’s are independent over time, the standard deviation of
the CAA4Rg; s, can be estimated based on the cross-sectional standard deviation estimators
for each period s.'® That is, if the A4R_’s are cumulated from S, to S,,

S

G(CAARg, 5) = [;S o*(44R )] 4)

2.2.2 Problems with heteroskedasticity and dependence. The purpose of the preceding
discussion, which is based on fairly unrealistic statistical assumptions, is not to suggest
that significance tests be done as described. Rather, it is meant to be a starting point for
analysis of this issue. There are several potential problems in hypothesis testing, due to the
fact that frequently the abnormal return estimators are not independent or they do not have
identical variance. For instance, often the abnormal return estimators 1) are cross-
sectionally (in event time) correlated, 2) have different variances across firms, 3) are not
independent across time for a given firm or 4) have greater variance during the event
period than in the surrounding periods.

The first two problems, i. e., that the market model prediction errors for different firms
do not have identical variance and that they may not be independent across firms, are
noted by Jaffe (1974) and Mandelker (1974). Fama (1976, pp. 129-131) provides evi-
dence that market model residual variances differ across firms.'' King (1966) shows that
market model residuals are contemporaneously correlated for firms in related industries.
Collins and Dent (1984) and Bernard (1987) examine the effects of cross-correlation and
unequal variance across firms on hypothesis tests in the event study context and find that,
in some instances, considerable bias is introduced when these problems are not corrected.

Jaffe (1974) and Mandelker (1974, Appendix) introduce the portfolio method to combat
these two problems. First, the 44R, is calculated for all firms with an event during
calendar month ¢. Based on the average abnormal return estimates for the portfolio during
the preceding & months, a time series estimate of a(44R,) is calculated for this portfolio,
assuming that the A4R,’s are independent over time. Then the A4R, estimate is standard-
ized by dividing by the estimated standard deviation. This procedure is repeated for every
sample calendar month which contains at least one event, producing a series of standard-
ized average abnormal return SA4R, estimates. The SA4R,’s are independent, if the A4AR,’s
are independent across time, and identically ¢ distributed. The statistical significance of the
average (in event time) SAAR, estimate is assessed using a standard ¢ test. Brown and
Warner (1980, p. 251) use a test similar in spirit, except a time series (in event time) of
AAR’s is used to generate a standard deviation for A4R,, which they call the “Crude
Dependence Adjustment”.

Once average standardized average abnormal returns ASAAR, are calculated, it is
straightforward to test the significance of the cumulative ASA4R,, i. e., CASAARg, s,
estimate. If the ASAAR;’s are independent over time, the standard deviation of the
CASAARYg;, s, is the square root of the length of the cumulation period, S, — §; + 1. This
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result is noted, for example, by Patell (1976) and Dodd and Warner (1983), who stan-
dardize each abnormal return estimate, cumulate the standardized values and then calcu-
late the average of the cumulative values.'?

Frequently, the residual variance estimate from the market model during the estimation
period is used to estimate the variance of the abnormal return estimator, i. e., the predic-
tion error, for each firm (e. g., see Brown and Warner (1980, p. 253)). As Patell (1976, p.
256) and Dodd and Warner (1983, p. 436) point out, it is well known in the econometrics
literature (see Theil (1971, pp. 122—123)) that prediction errors have greater variance than
the regression disturbances, since prediction errors are a function of estimation error in
the parameters as well as disturbance variance. There are two simple solutions to this
problem. The first is to use the correct equation, based on the residual variance and the
matrix of independent variables, to calculate the precision of the prediction errors. Or, a
sample of data before (after) the event period can be used to generate a separate series of
prediction errors used solely to calculate the variance of the event period prediction error.

Beaver (1968) points out that event-induced heteroskedasticity is likely. That is, since
the event day security return is a function of the random shock in the announcement as
well as the other firm specific shocks affecting the security, the abnormal return estimator
will likely have a greater variance during the event period than in the surrounding periods.
Collins and Dent (1984) propose a generalized least squares technique when the variance
of each firm’s abnormal return estimator increases proportionally during the event period.
Froot (1987) suggests a method of moments estimator that allows for event-induced
heteroskedasticity.

Perhaps the simplest solution to the problem of event-induced heteroskedasticity is the
one discussed by Boehmer, Musumeci and Poulsen (1991)."* The abnormal return esti-
mates are first standardized by their estimated standard deviation (assuming no event-
induced heteroskedasticity), based on the residual variance from the estimation period and
the fact that they are prediction errors, as pointed out by Patell (1976). Then the standard
deviation of these standardized variates SAR, is calculated cross-sectionally in the event
period and the significance of the estimate of the average standardized abnormal return
ASAR, is tested using the cross-sectionally estimated standard deviation. In effect, this
method assumes that the event-induced increase in variance is proportional for each firm.
Boehmer, Musumeci and Poulsen find in simulations that with this method the frequency
of rejection of the null is essentially equal to the nominal size of the test when the null
hypothesis of no abnormal performance is true. When the null is false, their method
rejects the null more often than the other methods for which the true size of the test is
equal to the nominal size. That is, their test is unbiased and more powerful than other well
specified alternatives.

There is also a problem with time series dependence. Under the joint hypothesis that
returns are given by the market model with stationary parameters and that the market is
informationally efficient (see Fama (1976, ch. 5)), the disturbances in the market model,
u,,, are independent across time. Neither the residuals nor the prediction errors from the
market model are, however, independent across time as assumed in many event studies.'*
As Mikkleson and Partch (1988) and Mais, Moore and Rogers (1989) discuss, it is a
standard result in the econometrics literature (see Theil (1971, pp. 195-196)) that regres-
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sion residuals (and similarly prediction errors) are correlated since they are based on the
same parameter estimates.'> Both papers use a test statistic which incorporates this de-
pendence.'®

Cowan (1991), Karafiath and Spencer (1991), Sweeney (1991) and Salinger (1992)
analyze the bias in hypothesis tests about cumulative average abnormal returns when
average abnormal estimators are correlated. The degree of bias depends on the number of
observations in both the estimation period 7 and the event period S. When S is small
relative to 7, the uncorrected (biased) test statistic will be very close to the corrected
(unbiased) one. But, when S is relatively large, the bias is substantial. For example, Cowan
(1991, Table I.1) shows that when S = 5 and T = 100 the uncorrected test statistic is
expected to exceed the corrected one by 1.6 per cent. When S = 60 and 7" = 100, the
figure is 25.2 percent. Event windows of this relative magnitude or longer are not un-
common in studies with daily or monthly data.!”-'®

2.2.3 Summary. Although a reader unfamiliar with the event study methodology might
feel overwhelmed by the potential statistical problems just discussed, it should be stressed
that they are all “solvable” in one way or another. Often many of the problems can simply
be ignored, because, in practice, they are quite minor. For instance, cross-sectional de-
pendence is not a problem when the event periods are randomly dispersed through cal-
endar time, i. e., the event dates are not, in the terminology of Brown and Warner (1980),
“clustered”. Cross-sectional dependence will be a minor problem (see Chandra, Moriarty
and Willinger (1990, Table 3, Panels A and B) when event time is the same as calendar
time but securities are randomly chosen (from different industries) and market model
abnormal return estimates are used (as opposed to the mean- or market-adjusted abnormal
returns discussed below). Similarly, when the event period is short, relative to the esti-
mation period, time series dependence in the A4R;’s will be unimportant.

2.3. Cross-sectional regression analysis

Frequently the estimated abnormal returns for the sample firms are used as the dependent
variable in a regression with firm specific variables on the right hand side. As Gonedes
and Dopuch (1974) point out, the disturbances in this regression may be heteroskedastic
and correlated if the abnormal return estimators have these properties. One solution to this
problem (when event time does not equal calendar time for each firm) is to use the
estimated standardized average abnormal return for each calendar month ¢ from the Jaffe
(1974)-Mandelker (1974) portfolio method as the dependent variable in a weighted least
squares regression (see Theil (1971, p. 244)). Similarly, the average value, for the firms
included in that calendar month’s portfolio, of each explanatory variable (including the
vector of ones representing the intercept) is weighted by dividing the observations by the
estimated standard deviation of the 44R,. Cross-sectional dependence in the dependent
variable is eliminated by combining securities experiencing the event in the same calendar
month into a portfolio and estimating the regression with data for the portfolios. Het-
eroskedasticity is eliminated by weighting the portfolio abnormal return estimates and the
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portfolio average values of the independent variables. Weighting all the observations in
this fashion produces minimum variance coefficient estimates.

A more general version of this technique is examined by Collins and Dent (1984).
Sefcik and Thompson (1986) and Froot (1989) suggest other solutions to this problem.
The former approach is applicable only when event time is the same as calendar time
while the latter approach uses a method of moments estimator of the variance-covariance
matrix. Bernard (1987) analyzes the bias in test statistics when these problems are ignored
and Chandra and Balachandran (1990) and Karafiath (1994) provide simulation evidence
on statistical tests in cross-sectional regressions when the abnormal return estimators are
not independent and identically distributed.'” Chandra and Balachandran (1990) find that
when there is no event-induced increase in the variance-covariance matrix of the abnormal
return estimators, hypothesis tests using ordinary least squares are not as powerful as
alternatives that exploit the contemporaneous correlation and/or heteroskedasticity. Kara-
fiath (1994) finds that under certain conditions (see Greenwald (1983)) tests using ordi-
nary least squares are unbiased and, when the sample size exceeds fifty, as powerful as the
alternatives discussed in the literature.

3. Benchmark models of the normal return
3.1. Introduction

A variety of models have been proposed, analyzed and/or used in practice to measure the
normal rate of return, conditional on certain variables, and then to generate abnormal
return estimates. Abnormal returns have been measured as 1) mean-adjusted returns, 2)
market-adjusted returns, 3) deviations (prediction errors) from the market model, 4) de-
viations from the one factor Sharpe (1964)-Lintner (1965) Capital Asset Pricing Model
(CAPM) or the Black (1972) CAPM or 5) deviations from a multifactor model, such as
the Arbitrage Pricing Theory (APT) (see Ross (1976)). This section analyzes and ap-
praises the various alternatives and compares them to the familiar market model predic-
tion errors.

3.2. Analysis

Mean-adjusted returns (see Brown and Warner (1980, p. 250)) are calculated by subtract-
ing the average return for stock i during the estimation period from the stock’s return
during the event period s. This method does not explicitly control for the risk of the stock
or the return on the market portfolio during period s.

Compared to using the market model, this approach is at best only slightly simpler,
because one rather than two parameters are estimated and no market returns are required.
If the market model is the true return generating process, it is straightforward to show (see
Chandra, Moriarty and Willinger (1990)) that the mean-adjusted return equals the market
model disturbance plus the product of the stock’s beta and the difference between the
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actual and expected market return during period s.° When the event period market return
is greater (less) than its expectation, the market-adjusted return is, if beta is positive,
positively (negatively) biased. Of course, if the events are not clustered in calendar time,
this bias should average out to zero in a large sample. What does not disappear even in
large samples is the additional noise in the abnormal return estimator because the event
period market return is not controlled for. Therefore, these abnormal return estimators
have considerably greater variance than the market model disturbances.*!

The market-adjusted return subtracts R,,; from R,.. This method is simpler than esti-
mating market model abnormal returns because it is done in “one step”, rather than two.
That is, when the market model is used, parameters are estimated in the first step and
abnormal returns are estimated during the event period in the second step. When the
market-adjusted return is used, no statistical parameters are estimated. If the market model
is correct, the market-adjusted return equals the market model disturbance plus the market
model intercept plus the product of R,,, and (B, — 1). The bias in the abnormal return
estimate for stock i depends on both these terms. In a large sample, this bias will usually
average to zero if 1) the average «; is zero and 2) R,,, is on average zero or the average
beta of the sample firms is one. Noise is again added to the market model disturbance, but
it will generally be much smaller than that added by using the mean-adjusted return.?

As already discussed, the market model approach is straight-forward and relatively easy
to use. Parameters are estimated using a pre-event period sample with ordinary least
squares regression. The parameter estimates and the event period stock and market index
returns are then used to estimate the abnormal returns. This method controls for the risk
(market factor beta) of the stock and the movement of the market during the event
period.?® Of course, in some instances there are problems with parameter estimation. For
example, beta may change because of the event (see the models of beta derived by
Subrahmanyam and Thomadakis (1980), Binder (1992), Lee, Chen and Liaw (1994) and
Binder and Norton (1996), and the empirical results in Blume (1971), Lee and Wu (1985)
and Lee et al. (1986) on beta stationarity). If there is a step change in beta due to the event,
abnormal returns can be calculated with a beta estimated from data following the event
period, as, for example, in Mandelker (1974). When nonsynchronous trading problems are
important, e. g., with daily return data, market model parameters can be calculated using
the estimators derived by Scholes and Williams (1977).%*

When an equilibrium model such as the Sharpe-Lintner or Black (1972) CAPM is the
true process determining expected returns, the intercept in the market model return gen-
erating process becomes

a; = (1 = B)Ry, )

where Ry, is the riskless interest rate (in the Sharpe-Lintner version) or the expected return
on the zero beta portfolio (in the Black model). When R, varies over time, abnormal
returns measured as CAPM prediction errors control for these changes since only beta is
estimated during the estimation period.?’

However, when the market model is used as the benchmark, the abnormal return
estimator is biased. For example, Brenner (1977, equation (11a)) shows that when the
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Sharpe-Lintner model is correct and the market model parameter estimators are unbiased,
the market model prediction error equals the disturbance from the CAPM return gener-
ating process plus (1 — B,) (Ry, —R,), where R, is the average value of the riskless rate
during the estimation period. These deviations should average to zero in a large sample
when the events are not clustered during a specific time period or the average beta equals
one. The market model abnormal return estimator is, however, noisier than the CAPM
disturbance.

Multifactor models, i. e., those where realized returns are a function of two or more
variables (excluding the zero beta return), can be divided into two types: those where the
risks associated with the factors beyond the market return are presumed to be priced
(rewarded) by the market and those where they are not priced. For example, in the latter
category a two factor market model could be specified for bank returns (see Flannery and
James (1984)) where the second factor is the percentage change in interest rates on long
term U. S. government bonds.? This relation recognizes that all standard market model
disturbances for banks are affected by a common variable, whose influence is removed
from the two factor abnormal return estimator. There is no presumption, however, that
expected returns are a function of this second beta. In the other category is the APT which
shows that if all securities’ returns are affected by £ common factors, expected returns are
a function of the risk (betas) in this k factor model.?’

It is straightforward to measure prediction errors with an equation such as that of
Flannery and James (1984) in a manner analogous to that used with the market model.
The APT, which does not theoretically identify the common factors, can be operational-
ized in either of two ways. One method is to use factor analysis, as per Roll and Ross
(1980), to estimate the k factor loadings (betas) during one time period with some uni-
verse of securities. The realizations of the risk premiums and the zero beta return can then
be estimated for each observation during a second time period using a cross-sectional
regression, as per Fama and MacBeth (1973). Given the beta estimates for the securities
experiencing the event, abnormal returns can be estimated during this second period. A
second method, following Chen, Roll and Ross (1986), would use observable macroeco-
nomic variables, e. g., the percentage change in industrial production, as the factors to
estimate the betas. Then prediction errors can be calculated either as in 1) Flannery and
James (1984) or 2) as in the case where the factors are not directly specified.”®

As with the CAPM, market model prediction errors are biased estimates of the true
abnormal returns when security returns are generated by a multifactor model.>” They may
also be noisier than multifactor model prediction errors. The bias will, however, generally
average to zero in a large sample.*”

The preceding discussion indicates that model misspecification, as pointed out in the
econometrics literature (e. g., Kmenta (1971, pp. 391-399), is always a problem. Mis-
specification can occur either because relevant variables have been omitted or irrelevant
variables have been included. However, when a large sample of unrelated securities is
used or the event dates are not clustered in calendar time, the market model estimator of
the average abnormal return is generally unbiased. As discussed in the next section, under
these conditions the market model estimator also appears to be efficient.
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4. The statistical power of event studies
4.1. Introduction

Several studies have examined the performance of the event study methodology under
various conditions using what might be termed “pseudo-simulations”. That is, instead of
using computer generated data with known properties, e. g., values for R,,, and u;, in the
market model that are random drawings from a normal distribution, these investigations
use actual stock returns. These studies address two major questions: 1) how frequently do
the various tests, which differ in terms of the benchmark model used and the statistical test
employed, reject the null hypothesis of zero abnormal return when it is true and 2) how
frequently is the null rejected when it is false, i. e., what is the power of the test under
various alternative hypotheses? The results for the case where the event date is known are
discussed first, followed by the case where the date the information reaches the market is
uncertain.

4.2. Known event dates

Brown and Warner (1980) conduct an extensive examination of event study techniques
with monthly return data from CRSP. They randomly sample securities from the data set.
To assess the power of event study methods, a constant is added to each security’s return
during a month designated as the event month. Brown and Warner use three general
methods to estimate abnormal returns: 1) mean-adjusted returns, 2) market-adjusted re-
turns and 3) market- and risk-adjusted returns, including market model prediction errors,
prediction errors from the Black CAPM and excess returns based on the return on a
control portfolio.*!

When a randomly selected month for each security is designated as the event month and
parametric statistical tests are used, Brown and Warner find similar results for the various
abnormal return measures. That is, when no abnormal performance is present each
method rejects the null about as often as is expected owing to chance and the statistical
power of the various methods is fairly similar. For example, Brown and Warner report that
when one (five) percent abnormal performance is added to the month’s return, the market
model methodology rejects the null hypothesis 22.8 (100) per cent of the time and the
mean-adjusted returns benchmark rejects the null 26 (100) per cent of the time in one-
tailed tests at the five per cent level with a sample of 50 securities.®*> When the same
calendar month is designated as the event month for each security, i. e., the event months
are “clustered” in calendar time, and cross-sectional dependence in the abnormal return
estimators is controlled for in statistical tests, Brown and Warner find results similar to
those obtained when there is no clustering.*

Dyckman, Philbrick and Stephan (1984) and Brown and Warner (1985) similarly ex-
amine the usefulness of the event study methodology when daily stock returns are used.
They point out several problems that are more acute with daily returns than monthly
returns: 1) nonnormality of returns, 2) the effects of nonsynchronous trading on the
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estimation of parameters and abnormal returns and 3) biased estimation of o(44R,).**
Both studies examine mean-adjusted returns, market-adjusted returns and market model
prediction errors (market- and risk-adjusted returns).

These studies find that the different abnormal return measures perform similarly with
daily return data. That is, they find that when the null hypothesis is correct, the actual size
of the tests equals the nominal size, i. e., nonnormality of the individual abnormal return
estimators does not cause the average abnormal return estimator to be nonnormally dis-
tributed. The results also indicate that the different methods are equally powerful when the
null hypothesis of zero abnormal returns is false.*> For example, Brown and Warner
(1985, Table 3) find that when half of one per cent (one per cent) abnormal performance
is added to the event day return, the null hypothesis is rejected 27.2 (80.4) per cent of the
time using the market model methodology and 25.2 (75.6) per cent of the time using the
mean-adjusted return benchmark in one-tailed tests at the five per cent level with a sample
of 50 securities. Furthermore, nonsynchronous trading is generally not a problem in event
studies.*® Finally, Brown and Warner (1985, pp. 20-22) find, somewhat surprisingly, that
in several cases tests that ignore cross-sectional dependence in the abnormal return esti-
mators are more powerful than those that adjust for it (a result which is discussed in
greater detail below).

Overall, these results indicate that event studies with daily returns perform at least as
well in practice as those with monthly returns. That is, the potential problems with daily
returns are unimportant or easily corrected in the standard event study and, when the event
date is known, tests with daily data have a greater signal to noise ratio than those with
monthly data.’”

Chandra, Moriarty and Willinger (1990) express surprise at the finding by Brown and
Warner, with daily and monthly returns, that the mean- and market-adjusted return meth-
odologies are as powerful as the market- and risk-adjusted return techniques, since the
latter abnormal return estimators are likely to be less noisy. They show analytically that
the relatively strong performance of the mean-adjusted return is a statistical artifact, i. e.,
it is due to the fact that the more powerful Patell test (which first standardizes the
individual abnormal return estimates) is used by Brown and Warner with the mean-
adjusted return but not with the other two methods. Chandra, Moriarty and Willinger
re-examine the Brown and Warner results and find that tests with the mean-adjusted return
are less powerful than tests with market-adjusted and market model abnormal return
estimates when the same statistical test is used in each case. The similar performance of
the market- and market- and risk-adjusted return methods seems to derive from the
estimation error in the market model parameters, which offsets the greater precision in the
latter method due to adjusting for risk.

Similarly, Chandra, Moriarty and Willinger show that the seemingly greater power of
tests that do not control for cross-sectional dependence is due to Brown and Warner’s use
of different test statistics for the methods being compared. When the same statistical test
is used in pseudo-simulations of each method, they find no evidence of an increase in
power from ignoring cross-sectional dependence.

Brown and Weinstein (1985) examine the power of multifactor models such as the APT
in the event study context. As discussed above, ignoring estimation problems, tests with
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multifactor models will be more powerful than those with market model abnormal return
estimates, when the multifactor model is correct. However, if factors beyond the market
return have little explanatory power and/or their betas are imprecisely estimated, the
market model may perform better in practice. Brown and Weinstein find, given their
estimation procedure, that event studies with a multifactor model are no more powerful
than those using the market model.

Overall, the results of these various studies indicate that the event study methodology
is, with some corrections for statistical problems that arise in certain cases, a powerful tool
to detect the impact of specific events on security prices. Of the various methods to
measure abnormal returns, which is the best in practice? When the sample firms are from
unrelated industries, it appears that the simple, one factor market model, with adjustments
for nonsynchronous trading problems when using daily returns on thinly traded securities,
works at least as well as the alternatives.

4.3. Unknown event dates

4.3.1 Simulated events. In many instances the date when the new information reaches the
market, i. e., the event date, is well known and therefore the (pseudo) simulation results
discussed in the previous section are an accurate measure of the power of the event study
methodology. For example, corporate announcements are fairly well guarded and, even
though there is some leakage of information, event studies that examine the date of the
formal announcement (or a period up to and including that date) will capture the majority
of the effect on stock prices.

At the other extreme, certain announcements may contain little or no new information
because they are not surprises. For example, a regulation in the United States which
requires congressional approval involves 535 legislators and possibly hundreds of others,
e. g., lobbyists, in its passage. As opposed to a corporate earnings announcement (where
the information is known by only a handful of individuals), it is difficult for this many
people to keep a secret. Therefore, studies of regulatory events requiring legislative ap-
proval which examine the formal announcement dates may have little power to reject the
null hypothesis of no effect of the event on shareholder wealth.

Several studies have simulated the case where the event date is not known, e. g., a
merger may be announced during period zero but the information reached the market
during some earlier time period. Brown and Warner (1980) randomly designate one month
during an eleven month period as the event month for the security and add a constant to
that month’s return. They then test the hypothesis that the cumulative average abnormal
return during the eleven month period equals zero. Brown and Warner (1980, Tables 1 and
4) reject the null hypothesis of no effect in a one tailed test two to three times less often
when the event causes a five per cent abnormal return and the event month is not precisely
known as opposed to the case where the event month is known.*®** Ball and Torous
(1988) and Berry, Gallinger and Henderson (1991) suggest using a maximum likelihood
procedure and state space regression, respectively, to identify the event period when an
event occurs at some unknown time during a certain interval.
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4.3.2 Actual events. With regulatory events the date that the new information reaches the
securities market is not known by the researcher. Several papers analyze multiple regu-
lations and, therefore, provide broad evidence on the ability of the event study method-
ology to measure the effects of the event under these conditions. These studies yield a
pessimistic verdict on the usefulness of the regulatory event study.

For example, Binder (1983, 1985b) examines 20 major regulatory changes which took
place from 1887 to 1978, most of which required legislative approval. The average time
between the first and last “formal” announcement (e. g., unexpected committee passage or
unexpected presidential approval) for these regulations is 18.5 months. Using monthly, as
well as daily, returns and examining individual announcement periods, as well as the
entire event period (from the first to the last formal announcement), he finds that the
rejection rate of the null hypothesis that the event had no effect on equity holder wealth
is essentially equal to the size of the test. That is, when o = .05 the null hypothesis is
rejected about five per cent of the time. Similar results are reported by Glazer, McMillan
and Robbins (1987), McCubbins et al. (1987) and Schipper and Thompson (1985) with
other regulatory changes.

Doyle (1985) examines the effects of agency rulings on stock prices using daily returns.
Given that fewer “regulators” are involved in these cases, it is possible that these decisions
are unanticipated by the securities market. In tests at the five per cent level, Doyle rejects
the null hypothesis of zero abnormal returns in six of twenty-five cases, or about one
quarter of the time.** While the event study methodology has some statistical power in
these cases, the results are still fairly weak. For example, Doyle’s rejection rate is between
those reported by Brown and Warner (1985, Table 4) in simulations where one and two per
cent abnormal performance is randomly introduced (during an eleven day window and the
significance of the eleven day cumulative average return is tested), which is consistent
with the tests being much less powerful than when the event date is accurately known.*!

In sum, for regulatory events where the event date is not known, the event study
methodology appears to have little statistical power to detect the abnormal returns because
the formal announcements in the process are generally anticipated by the market. It seems,
therefore, that further work in this area would benefit from 1) more careful choice of the
event date(s) to exclude regulatory actions that were expected and 2) linking the abnormal
returns to firm characteristics using cross-sectional regression based on a microeconomic
analysis of the regulation.*

5. Measurement and statistical analysis of abnormal returns modeled as regression
coefficients

5.1. Modeling abnormal returns
Rather than modeling abnormal returns as prediction errors from the market model equa-

tion, the sample period can be extended to contain the event period and (when there is
only one event) a zero-one variable D, can be included in the return equation:
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Ry =o; + BiR,, + VD, + uy. (6)
The coefficient vy, is the abnormal return for security i during period ¢ and is directly
estimated in the regression. That is, this approach parameterizes the abnormal return in
the market model regression equation. This method was apparently first used by Izan
(1978). She examines a portfolio of firms, all of which experienced the events, i. e.,
regulatory announcements, during the same calendar periods, by using the equally

weighted portfolio return as the dependent variable in the equation:

A
Rpf = 0(p + BpRmt + 21 ’YpaDat + upt' (7)
a=

Equation (7) contains one dummy variable D,, for each announcement period a.***** When
an equally weighted portfolio return is used as the dependent variable, ¥, is the estimator
of the average abnormal return across the stocks in the portfolio. Hypotheses about v,,, are
tested using the standard #-test.*’

Alternatively, one dummy variable that equals one during each event period could be
used when there are multiple events. In this case the coefficient on the dummy variable
measures the average abnormal return for firm i across all the event periods. Also, the
model of the normal return in equations (6) and (7) could be extended in several ways. For
example, the CAPM (or another asset pricing model) could be used as the benchmark
rather than the market model (see Schipper and Thompson (1983)) or the market model
could be extended to control for the “January Effect” in security returns (documented by
Keim (1983)) and to allow the beta (and alpha) to change because of the event (see Binder
(1983, 1985b)). 4047

Tests of the hypothesis that the event affected security prices which examine the aver-
age abnormal return, based on estimates of the prediction errors or the estimated gammas
in equation (7), will not be very powerful when abnormal returns differ in sign across the
sample firms. This asymmetry can be modeled by disaggregating equation (7) into a
multivariate regression model (MVRM) system of return equations with one equation for
each of the N firms (securities) experiencing the 4 events:

A
Ry, =a; + BiR,, + 21 YD +
a=
A
Ry = oy + BR, + E YouDur T+ ®)
a=1

A
Ry, = oy + ByR,, + 21 YnaDar + Uy
a

This methodology, which allows the coefficients to differ across firms, appears to have
been first suggested by Gibbons (1980, Appendix H) and first implemented by Binder
(1983, 1985a, 1985b) and Schipper and Thompson (1983).4%4°
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5.2. Statistical issues and hypothesis testing

A standard assumption in the system of equations (8) is that the disturbances are inde-
pendent and identically distributed within each equation, but that their variances differ
across equations. It is also assumed that across equations the contemporaneous covari-
ances of the disturbances are nonzero, but that the noncontemporaneous covariances all
equal zero. These assumptions, which evidence indicates fit stock return data fairly well,
place a particular structure on the variance-covariance matrix 2, of the disturbances in the
stacked generalized least squares regression used to estimate the parameters of the system
(see Theil (1971, p. 306)).%°

The MVRM coefficient estimates and their standard errors are the same as those
obtained using ordinary least squares to estimate each individual equation, since the same
independent variables are used for each security (i. e., in each equation). Therefore, there
is no efficiency gain from using the MVRM.>! However, tests of hypotheses in this
framework (which are discussed further below) about the abnormal returns employ an
estimate of %, and, therefore, they explicitly control for the contemporaneous correlation
and heteroskedasticity problems discussed in Section 2.2.2 above. Also, the fact that the
abnormal return estimators are not independent (as noted by Mikkleson and Partch
(1988)) is controlled for in statistical tests in a regression framework, since the tests
incorporate the covariances among the estimators when more than one abnormal return is
involved. Similarly, the fact that the abnormal return estimators are more like prediction
errors than residuals is explicitly recognized in the calculation of their standard errors.
That is, the standard error of the abnormal return estimator in simple or multivariate
regression is more than just the residual standard deviation because it also depends on the
estimation error in the other parameters.*?

Thus, a number of the statistical problems that are of concern in the standard event
study methodology are solved directly in the regression framework as long as the distur-
bances in each equation have the properties assumed in ordinary least squares or multi-
variate regression. However, as noted above, these problems can also be solved fairly
easily when abnormal returns are measured as predictions errors in the usual fashion.
Therefore, the real advantage of the MVRM framework over the standard methodology
lies in its ability to allow the abnormal returns to differ across firms, including in sign, and
to easily test joint hypotheses about the abnormal returns.’*>*

For example, the usual hypotheses about average and cumulative average abnormal
returns can be tested in the MVRM framework. Perhaps more interesting in the case of
regulatory events, it is simple to test the joint hypothesis that all the gammas (i. e., the
abnormal returns for all firms and all events) equal zero.”> When the abnormal returns
differ in sign across firms this will frequently be a more powerful test of the hypothesis
that the event affected security holder wealth than the test that the average abnormal return
equals zero. Since the usual assumptions about the variance-covariance matrix of the
disturbances dictate (given the properties of stock return data) that the stock returns are
from the same calendar time period for each firm and the major advantage of this meth-
odology is that it allows abnormal returns to differ across firms (most importantly in sign),
the MVRM framework has primarily been used to examine regulatory changes.’®



Statt Group Cross Ex.11-C

Docket Nos. 11-0279 & 11-0282 (Cons.)
JF 7.03 Attach 2

Page 16 of 27

126 JOHN J. BINDER

The choice of test statistic in the MVRM framework is, however, problematic. For a
number of the more well-known test statistics, e. g., the Likelihood Ratio test, the
Lagrange Multiplier test, the Wald test and Theil’s F test, the distribution is generally only
asymptotically known.’® That is, the distribution is exactly known, barring certain excep-
tions, only as T approaches infinity, in which case the estimate of 3 (and its inverse)
converges to the true value.’® In small samples the test statistics with an asymptotic
justification generally behave fairly poorly, rejecting the null hypothesis too often (see
Binder (1983, 1985a)).°

This poor performance by asymptotic test statistics is due to bias in the estimation of
the inverse of 2, which increases as the number of equations in the system relative to the
degrees of freedom per equation increases.®’ Rao (1951, 1973) derives an F statistic
whose small sample distribution is known to an accurate approximation and which is
exactly F distributed when the number of equations in the system or the number of
restrictions tested per equation is less than or equal to two.>® This test statistic provides
a simple solution to the problems in hypothesis testing in the MVRM framework in cases
where statistics with exact finite sample distributions are not available.

6. Summary

Beginning with FFJR in the late 1960s, the event study methodology, as it has become to
be known, was first used almost exclusively in the areas of investments and accounting to
examine security price performance and the dissemination of new information. Since then
it has been widely used in corporate finance and the various subfields of economics as
well, especially regulatory economics. The methodology has also been carefully examined
in a number of articles. One conclusion of these studies is that the market model works
well as a measure of the benchmark rate of return. While a variety of important statistical
issues concerning the variability and covariability of the abnormal return estimators have
been pointed out over time, researchers in this area have developed a number of simple
solutions to these problems, leading ultimately to unbiased and powerful tests of hypoth-
eses about the average effect of the event on the sample firms.

Recently there has been considerable work on modeling the abnormal returns as coef-
ficients directly in a regression framework. This method simplifies the estimation some-
what, since the benchmark parameters and the abnormal returns are estimated in one step,
and, when a multivariate regression model is used, allows the testing of several hypotheses
which are of great interest in certain applications. Regardless of which variant of the
methodology is employed, it is expected that the event study, given its demonstrated
statistical power and broad applicability, will continue in the future to be widely used in
business and economics research while also being applied in other areas in the social
sciences.
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Notes

10.

11.

. See the selective list of references in Ball (1990) for the accounting literature, in Schwert (1981), Binder

(1985b) and Section 5 below covering regulatory economics and in Santomero (1991) for macroeconomics.

. I apologize in advance if this survey misses or fails to adequately acknowledge the methodological con-

tributions of any of the researchers in this area. While this does not excuse any oversights on my part,
hopefully the reader recognizes that the sheer volume of published papers in the event study literature makes
it difficult to summarize this material. Also, the specific articles referenced here are chosen because they are
among the most well known in the literature dealing with the topics under discussion. When methodological
problems are pointed out, the intention is not to criticize individuals or their work but instead to show how
the event study technique has evolved over time. The reader may also find the survey articles by Peterson
(1989), Henderson (1990), Thompson (1995) and MacKinlay (1997) of interest.

. Returns include price changes and cash dividends and are adjusted for stock splits and stock dividends.

FFJR actually use continuously compounded returns, while subsequent researchers generally use simple
returns.

. This is the single index model suggested by Sharpe (1963).
. Early event studies, e. g., FFJR (1969), Ball and Brown (1968) and Scholes (1972), discuss the market

model residuals or prediction errors but do not use the term abnormal return. Throughout this article I refer
to the #rue (but unknown) effect of the event on the security price as the abnormal return. The market model
prediction error (or in Section 5 the estimator of the regression coefficient on a dummy variable denoting
the event period) is the estimator of the abnormal return and is a random variable. The statistical properties
of these estimators are important in hypothesis tests about the abnormal returns and are discussed in greater
detail below.

. Ball and Brown (1968) also use this methodology, but due to the vagaries of the journal process their paper

appeared in print before FFJR (1969). As discussed by Michael Jensen at a conference held in honor of
Lawrence Fisher in April 1996, the FFJR paper was rejected three times before it was accepted by the
International Economic Review.

. Studies with daily data tend to use about one year of observations, essentially 250 trading days.
. Malatesta and Thompson (1985) and Acharya (1986) show that for partially anticipated events the market

model disturbances are not mean zero during periods the event might have occurred but did not. This causes
the abnormal return estimates to be biased when the standard event study methodology is used.

. Brown and Warner (1980, equation (A. 11)) estimate the variance of each AR, from the time series of

market model residuals during the estimation period. Assuming that the AR,’s are independent over time,
are cross-sectionally independent and have the same variance as the residuals from the estimation period, the
standard error of AAR, is calculated. This method does not assume that the variance of AR, is identical
across firms, a restriction which is not empirically supported.

Following Brown and Warner (1980, equation (A. 11)), if the 44R’s are independent and identically
distributed over time and have the same variance as the average residual during a given month (in event
time) of the estimation period, the variance of each A4R,, 6*(4A4R,), can be estimated from the time series
of the cross-sectional (in event time) average residuals. Based on time series independence, the variance of
CAARg, s, is (S, — S; + 1) times 6%(44R,).

The difference between residuals and prediction errors is discussed in further detail below.
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. Their test statistic is, however, based on cross-sectional independence of the cumulative standardized

abnormal returns.

. See also Sanders and Robins (1990) and Brockett, Chen and Garven (1995). The latter paper suggests using

a Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model for the variance of the error
term in the return equation, which allows it to change every period, as opposed to just during the event
period. Bollerslev, Chou and Kroner (1992) survey ARCH and GARCH modeling in finance.

. See Brown and Warner (1980, p. 253) and footnote 9 for further details.
15.

This correlation occurs (see Sweeney (1991)) when the abnormal returns are based on any common
parameter estimates. That is, the problem is present when abnormal returns are measured as the deviation
from the historical average return or when the CAPM or the Black (1972) model is used, as opposed to the
market model, as the benchmark for the normal return.

Both sets of authors credit Craig Ansley for this derivation.

These statistical problems can also be addressed with resampling techniques, e. g., bootstrapping, as in
Marais (1984), possibly after using the portfolio method to insure that the observations are independent and
identically distributed.

See Brown and Warner (1980) and Corrado (1989), Chandra and Rorhbach (1990) and Cowan (1992) for
evidence on nonparametric tests with monthly and daily returns, respectively.

When the independent variable matrix in a cross-sectional regression study of abnormal returns is a vector
of ones, the Collins and Dent and Froot methods estimate the average abnormal return and test its statistical
significance.

In reality, Chandra, Moriarty and Willinger (1990) analyze the stock’s return minus its expected return
during the event period. If the return generating process is stationary, as 7" approaches infinity the bias and
variance of Brown and Warner’s mean-adjusted (actually sample average-adjusted) return converges to the
expressions derived by Chandra, Moriarty and Willinger.

Assuming that R, and the market model disturbance u;, are independent, the variance of the mean-adjusted
return is B?O'Z(R,m.) + oz(uis) (see Chandra, Moriarty and Willinger (1990, p. 400)). If for the average (beta
equals one) stock the R? equals .50, the mean-adjusted return’s variance is twice as large as the variance of
the market model disturbance.

The market-adjusted return’s variance is (B, — 1)*0*(R,,,) + o°(u,). When the beta is greater than .5, the
market-adjusted return will be less noisy than the mean-adjusted return.

When the market model prediction errors are not independent, Larcker, Gordon and Pinches (1980) suggest
pooling the estimation and prediction periods and using intervention analysis (see Box and Tiao (1975)) to
estimate the prediction errors. That is, the time series properties of the market model error term are
modeled.

Dimson (1979) derives a simpler estimator for beta, but Fowler and Rorke (1983) show that it is biased.
See the papers by Jensen (1969), Jaffe (1974) and Mandelker (1974). The two latter articles use the Fama
and Macbeth (1973) estimates of the parameters of the Black model while Jensen measures the riskless
interest rate as the return on U. S. Treasury bills.

If the second variable is highly correlated with the market return, it can be orthogonalized before including
it in the model.

Connor and Korajczyk (1995) provide an excellent survey of the APT, its estimation and its applications.
See also Barber and Lyon (1996), who use the three factor model of Fama and French (1993) to calculate
prediction errors as per Flannery and James (1984).

See Brenner (1977, pp. 58-61) in the case of the two factor model where one factor is R,,,.

When one factor is R,,, Brenner (1977, pp. 58—61) shows that the bias on average equals zero if the betas
with respect to the remaining factors on average all equal zero and/or the average values of the remaining
factors during the event period equal their estimation period means. When the return on the market is used
as one of the factors, the average of the betas on non-market factor k across all the securities in the market
portfolio, weighted as in R,,,, must equal zero (see Sweeney and Warga (1986a, 1986b)). Therefore, in many
event study samples the first condition essentially holds.

The Black model prediction errors are based on the Fama-MacBeth (1973) parameter estimates. In the
control portfolio approach, the abnormal return for each security is measured as its actual return minus the
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32.
33.

34.

35.

36.

37.
38.

39.

40.

41.

return that period on a portfolio with the same beta, i. e., the control portfolio. Similarly, Brown and Warner
(1980, pp. 254-255) control for risk by forming the securities experiencing the event into a portfolio and
weighting them so that the portfolio’s estimated beta equals one. The weighted average of R,, during the
event periods is then subtracted from the event period portfolio return. Both these approaches assume that
a one factor model (with the market portfolio return as the factor) determines expected returns.

See Brown and Warner (1980, Tables 1 and 3).

See their Table 6. When the dependence is not controlled for in the calculation of the test statistic, the
mean-adjusted return method rejects the null too often when it is true. This is not surprising. Since the
estimates across securities share a common market return, they are not independent and the estimated
standard deviation is downward biased. Brown and Warner also find that for other methods the results are
not affected by controlling for dependence in the abnormal return estimators. This seems surprising, until
it is recalled that the securities are randomly chosen, i. e., they are not from the same industry, and are,
therefore, likely to have uncorrelated abnormal return estimators if the market return captures all the
economy wide influences on security returns.

With respect to variance estimation, daily abnormal return estimators suffer from serial dependence (due to
nonsynchronous trading), from cross-sectional dependence when there is clustering and from event-induced
heteroskedasticity. The two latter problems are also important when monthly returns are used, although the
third is more pronounced with daily returns.

The results of the two studies are not strictly comparable since Dyckman et al. summarize the results for five
types of event date uncertainty, five levels of abnormal performance and seven different portfolio sizes.
Brown and Warner (1985, pp. 18-20) point out two instances where nonsynchronous trading is a problem:
1) when the event dates are clustered and mean-adjusted returns are used and 2) when thinly traded
securities are examined.

See also the further results with daily returns in Thompson (1988).

The tests are even less powerful when the event occurs somewhere during a twenty-one month window.
Brown and Warner (1985) and Dyckman, Philbrick and Stephan (1984) report a comparable decrease in
power when the event date is not precisely known in tests with daily return data.

In the related case of a partially anticipated event, i. e., rather than coming out completely in one time
period, the information becomes known to the market during several periods up to and including the one
containing the public announcement, Acharya (1986, 1993) suggests using a two-step procedure to deter-
mine whether the event affected security prices. First, a probit regression model is used to obtain the
market’s estimate for each firm (based on publicly available information) of the probability that the event
will occur during the announcement period and the information revealed by the announcement. Then the
abnormal return estimate (obtained in the usual way) for a sample including firms which did not experience
the event as well as firms that did is regressed against the estimate of the information revealed in the
announcement. If the null hypothesis that the slope coefficient equals zero is rejected (not rejected) in the
latter regression, it is concluded that the event’s abnormal return is nonzero (zero). For this method to be
useful, the event must be predictable based on publicly available information, the researcher must be able
to statistically explain the market’s probability estimate for each firm with observable variables and these
probabilities must differ noticeably across firms (i. e., the second regression must have explanatory power).
When a sample of firms that did not experience the event can be obtained, Acharya’s method performs
better than the truncated regression procedure of Eckbo, Maksimovic ’and Williams (1990). Prabhala
(1993) compares the traditional methodology to these “conditional” methods. He finds that the FFJR
procedure is well specified and at least as powerful as the conditional methods in detecting the effects of
new information. When non-event period abnormal return estimates are not available, the FFJR method is
more powerful.

This summary is based on Doyle’s several tests in the multivariate regression framework (which is discussed
in the next section), since they are easier to interpret than the standard average and cumulative average
returns he analyzes during a five day event period. Doyle’s tests appear, however, to be biased in favor of
rejecting the null hypothesis due to the non-normality of daily returns (see footnote 62 below for further
details).

As an extension of Doyle’s results, it would be interesting to examine Supreme Court decisions. While this
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limits the sample to a particular type of regulatory event, these may be even greater surprises to the market
than agency rulings, given the secrecy with which the Court operates.

It is not clear, however, that researchers detached from the regulatory process will be able to identify
announcements that were unanticipated by the market. For example, Binder (1985b) finds that the event
study methodology has essentially the same power when he focuses solely on the formal announcement that
seems to be the greatest surprise as when he examines all the formal announcements (which are already
screened to exclude occurrences that seemed to have been anticipated).

See also Maloney and McCormick (1982).

Karafiath (1988) demonstrates that the estimate of gamma in equation (6) for security 7 is identical to the
market model prediction error for period s when the dummy variable “turns on” only during period s. By
extension, the same result holds for the various gammas in equation (7).

Hypotheses about cumulative average abnormal returns are tested using an F-statistic based on the sum of
the estimated gammas.

In the latter case a sufficient span of the post-event period must be included in the sample to accurately
estimate the coefficient changes.

This framework can also be used to examine the effect during a longer window, e. g., to see if there is
post-event abnormal return drift in security prices, pre-event run-up or abnormal performance over some
longer period (such as from the first to the last regulatory announcement), by including a separate dummy
variable for every period during the window or using only one dummy variable that equals one for every
period during the window. The former method is inefficient because it requires the estimation of many
coefficients (decreasing the degrees of freedom) while the latter is more parsimonious but forces the
abnormal returns to be the same during each period in the event window (which increases the noise in the
disturbance term).

For a discussion of this model in the more convenient matrix notation, see Binder (1985b, pp. 171-173). See
Zellner (1962) and Theil (1971, ch. 7) on the more general Seemingly Unrelated Regression Model
(SURM). The SURM was first used in finance by Chang and Lee (1977).

Other applications of this methodology include Hughes and Ricks (1984a), Doyle (1985), Madeo and
Pincus (1985), Pownall (1985), Ricks and Hughes (1985), Rose (1985), Schipper and Thompson (1985),
Smith, Bradley and Jarrell (1986), McCubbins et al. (1987), Saunders and Smirlock (1987), Allen and
Wilhelm (1988), Binder (1988), Karafiath and Glascock (1989), Nelson and Wasley (1989), Prager (1989),
Eyssell and Arshadi (1990), Cornett and Tehranian (1990), Karafiath (1990), Carroll and Lambdin (1991),
Karafiath, Mynatt and Smith (1991) and Alexander and Spivey (1994). For an excellent survey of the
methodology, see Thompson (1985). Burgstahler and Noreen (1984) suggest a similar method which
estimates the normal return equations jointly with generalized least squares and then tests hypotheses about
the event period prediction errors based on the variance-covariance matrix of the estimation period residu-
als.

The coefficient estimators are a function of the inverse of the estimated X, which is singular unless N is less
than or equal to the number of time series observations per equation 7. This restricts the number of
equations (securities) that can be used in this framework.

The regression based procedures, such as equation (7) or the MVRM system in (8), are computationally
simpler than the standard methodology, since they estimate the parameters of the benchmark model and the
abnormal returns in one-step and the appropriate statistical tests can be done directly in the standard
regression software packages.

Event-induced heteroskedasticity can be allowed for by using the standard errors derived by White (1980)
and Chamberlain (1982) which model the disturbance variance in an equation as a function of the inde-
pendent variables. See Smith, Bradley and Jarrell (1986).

Malatesta (1986), using methods similar to Brown and Warner (1980), finds that tests in the multivariate
regression framework perform no better than standard tests based on the prediction errors which do not take
into account the contemporaneous correlation of the disturbances across securities. McDonald (1987)
reports similar results. However, both studies use samples of securities from different industries and/or
securities which experienced the event (real or simulated) during different calendar periods. Therefore, in
these samples contemporaneous correlation during the event period will be minimal, if not zero. Ingram and
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Ingram (1993) re-examine this issue when contemporaneous correlation is non-trivial, as is the case in most
applications of the MVRM methodology since regulatory events involve firms from the same industry
experiencing events during the same calendar periods. Not surprisingly, they find that tests which do not
control for contemporaneous correlation reject the null hypothesis too often when it is true, but that tests in
the MVRM framework are unbiased.

54. Schipper and Thompson (1983) suggest constraining the abnormal returns for a given event to be equal
across equations (securities). Since there is a presumption in regulatory event studies, where this method-
ology is generally used, that the effect will differ across firms, this places an unrealistic constraint on the
parameters. Therefore, the restriction increases the amount of noise in each equation and in some cases will
obscure the effects of the event. The same general result could be achieved more easily by examining a
portfolio of firms and estimating the average abnormal return(s) as in equation (7). The portfolio equation
captures the effects of heteroskedasticity across firms and contemporaneous covariance since the variance-
covariance matrix of the individual security returns determines (is captured in) the variance of the distur-
bance term in equation (7). Furthermore, Marais (1986) shows that the estimated standard errors (7-
statistics) on the constrained parameters are downward (upward) biased.

55. Binder (1983, 1985a, 1985b) and Schipper and Thompson (1983) discuss the various interesting hypotheses
about the abnormal returns that can be tested as a linear constraint on the coefficient vector.

56. A few studies, e. g., McDonald (1988) and Simon (1989), use different segments of calendar time for each
security. In these cases the 3 matrix does not have the usual structure. See also Malatesta (1986), who uses
the same segment of calendar time for each security, but allows the event to occur during different calendar
periods, causing the independent variables to differ across equations.

57. Smith, Bradley and Jarrell (1986) demonstrate how the usual cross-sectional regression relating the abnor-
mal return estimates to firm specific variables can be done directly within a Seemingly Unrelated Regres-
sion by including interactive variables equal to the product of the event dummy variable(s) and the firm
specific variables.

58. See Theil (1971, pp. 313-314), Berndt and Savin (1977) and Buse (1982).

59. Several authors, including Hughes and Ricks (1984b), Schipper and Thompson (1985) and de Jong and
Thompson (1990), demonstrate that in certain cases some of these statistics have an exact finite sample
distribution.

60. Laitinen (1978) and Meisner (n. d.) show that the Wald and Theil’s F statistics are biased in their appli-
cations with 31 time series observations. Binder (1983, 1985a) examines the behavior of all four statistics
in actual event studies when 60 (with monthly returns) or 250 (with daily returns) observations are used.

61. See Press (1972, p. 107).

62. Binder (1985a) finds that Rao’s F rejects the null hypothesis less frequently than the statistics discussed
above. Butler and Frost (1992) derive more general conditions under which Rao’s F'is exactly F distributed.
They also simulate the use of both exact distribution and asymptotically distributed test statistics with daily
stock returns. The results are fairly consistent with those reported in Binder (1985a), except that the
statistics with known finite sample distributions reject the null too often when it is true, presumably due to
nonnormality of the daily returns. This result may account for some of the seeming power of the regulatory
event studies conducted by Doyle (1985) with daily stock return data.

63. Other multivariate test statistics with known small sample distributions, such as Hotelling’s #%, have been
derived or used elsewhere in finance. See, for example, MacBeth (1975), MacKinlay (1984), Shanken
(1985) and Gibbons, Ross and Shanken (1986).
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Abstract

The study of the stock price reaction to an event is a standard tool in economics and finance. The
spate of regulatory changes in recent years provides ample opportunity for such studies. However,
event studies of regulatory changes present a number of challenges. Analysts must carefully design
and interpret tests of hypotheses regarding the effects of regulatory changes because of the nature of
the regulatory process and financial markets. I discuss the way to test for the impact of regulatory
changes in an event study. I also comment on what event studies can and cannot tell us about the
effects of regulatory changes, and on ways to more effectively implement them. © 2001 Elsevier
Science Inc. All rights reserved.

JEL classification: G14; L51
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1. Introduction

Over the past three decades the event study has become a standard tool of analysis in
economics and finance. Numerous episodes of regulatory changes, most recently, the spate
of deregulation in, for example, the transportation, telecommunications, energy, and financial
industries provide many examples for analysts to study. The case for using event studies to
evaluate the impact of a regulatory change is made by Schwert (1981). Joskow and Rose
(1989) provide an extensive review of the methods used to evaluate the effects of regulation,
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including the use of stock market data. Binder (1985a, 1985b, 1998), among others, also
provides a discussion of the way to implement such studies.'

In reading event studies of regulatory changes, too numerous to catalog here, one notices
numerous dimensions on which they differ, as well as possible problems in interpretation of
the results. The goal here is to examine these issues that are not treated fully in the existing
literature, comment on what event studies can and cannot tell us about the effects of
regulatory changes, and suggest ways to more effectively implement event studies.

Event studies of regulatory changes will surely continue to be performed. Those who use
this method to study regulation should be fully aware of the issues that arise in implemen-
tation and interpretation. Increasing this awareness motivates the article.

2. Measuring abnormal return

An event study examines the return (capital gains plus any dividends) during the “event
window” to determine whether these returns were abnormally positive or negative. The event
window is defined here as the entire length of time over which one may look for a stock price
reaction to what the analyst has identified as “news” received by investors. News represents
new information that investors receive that might change the expected value of the affected
firms and thereby cause abnormal return. For an event such as a merger or earnings
announcement there is a single identifiable event and thus a single and short event window.

In the case of a regulatory change, the event window is a less concise time and concept.
A regulatory change was at some time first substantively broached, then debated, and
ultimately resolved when the change was enacted or defeated. The event window would
encompass this entire time frame. Moreover, within this event window there will be multiple
“event periods” (at a minimum two, which would be at the beginning and end of the event
window) during which the probability of enactment of the regulatory change substantively
was affected, constituting news. For example, the Prager (1992) study of cable television
deregulation had an event window that spanned January 1981 through August 1985. Within
this interval were 18 event periods. Thus, a regulatory change may have an event window
spanning many months, during which there could be numerous event periods.

Abnormal return is the deviation of the actual return from the predicted or expected return
based on a model use to predict return. Implicitly the expected return is that which would
have occurred in the absence of the regulatory change.

Studies of regulatory changes have an inherent problem. Events such as a merger
announcement are casily identifiable and may be presumed to have a condensed period over
which the effect is measured. Such is not the case with a regulatory event. It is difficult to
identify event periods that were clearly unanticipated. An incorrectly placed period may
obscure a “revaluation effect,” or abnormal return that occurred. Also, if news gradually was
released over an extended period, a revaluation effect may have occurred, but may be
difficult to detect through the market noise. Or, the event could have been fully anticipated
and therefore “priced out” before the time the analyst has placed the event period. Thus,
event period uncertainty causes tests to be less powerful in rejecting the hypothesis of no
regulatory effects when the hypothesis is false in comparison to events with known dates.
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Binder (1985a, p. 181) comments: “In sum, it is extremely difficult to find announcements
in the regulatory process that are unanticipated by the market, even when the announcements
are carefully studied to eliminate those that do not appear to have a major effect on
expectations.” Similarly, MacKinlay (1997, p. 370) states: “In cases where the event date is
difficult to identify, or the event date is partially anticipated, studies have been less useful.”
The implications of low power/event period uncertainty will be revisited later.

3. Implementation

A standard approach to test for abnormal return is to use a modified version of the market
model. The market model relates the return on a stock or portfolio to the return on the entire
market. The modification employs a dummy variable for the event period(s) the analyst
identifies. This model is also called the parametized model in that one estimates the impact
of the event on return during the period in question by estimation of the regression parameter
on the dummy variable. This approach is useful in cases with multiple event periods.
Consider the regression model:

A
r,=a+ Brm, + 2 y,D, + ¢, (1)

a=1

where r, = the return on a security or portfolio during period t, and rm, = the return on a
representative market portfolio during period t. Estimated parameters are «, 3, and y. The
error or residual term is e, The right hand side variable D, represents a dummy variable for
each event period. For example, if there were five different periods of news, A = 5 and there
are five y estimates.

The vy estimates represent the abnormal return earned during each event period. With
multiple y estimates there are multiple possible hypotheses one could test: (1) y, = 0 for an
individual coefficient, (2) y, = 0 for all coefficients, and (3) Xy, = 0. One can either
estimate (1) with a separate regression equation for each firm being examined, or estimate
each equation in a system of equations as discussed in Binder (1985a, 1985b) , Rose (1985),
Seaks (1990), and Beneish (1991).

One can also use a portfolio return measure for r, to test for an industry effect. An
equal-weighted portfolio would average returns across firms each period before estimation of
(1). A value-weighted portfolio would weight the returns by an appropriate measure such as
market share or market value. If an industry effect is under consideration it is important to
distinguish a no effect finding due to offsetting negative and positive effects among firms
from a no effect finding across all firms. Generally, firm-level and industry-wide results
warrant examination.

As a brief digression, note that in the event study literature the cumulative abnormal return
approach is often encountered. With it, the abnormal returns surrounding the (usually
solitary) event are measured, and then summed over time. The goal is the same as
parametized approach outlined here, and in fact can be shown to be a matter of presentation
rather than a different empirical approach (see Larcker et al., 1980 and Karafiath, 1988 for
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discussions). With multiple event periods, the regression approach of Eq. (1) is more
practical to implement and present.

To estimate (1) the time series obviously must encompass the event window. Also, the
data should include return behavior from before the event window to allow comparison of
normal return periods with returns during the event window. The time before the event
window is usually referred to as the estimation period. Data from after the event window may
be useful depending on the questions being addressed.

An analyst could treat the entire event window (i.e., all of the periods between and
including a = 1 and a = A) as a single event. Therefore, there is only one dummy variable
and one vy estimate of abnormal return during the event window. Using the single event
period (i.e., the entire event window) dummy approach eliminates the possibility of mis-
placing individual event periods if the first and last event can be identified with reasonable
confidence.

There are two primary drawbacks to this approach. One is that the magnitudes of the
effects of individual events cannot be measured. The second is that using the entire event
window as the event period will tend to induce a “no effect” finding because the y coefficient
estimate will in all likelihood include some nonevent observations. Moreover, confounding
effects of events unrelated to the regulatory change are likely to have occurred during the
event window. A compromise is to use a single dummy variable, but only the subset of
periods within the event window believed to contain news are designated as such. Note that
this assumes that all of the events represent increases in the probability of the regulatory
change. Events that represent a decrease in the probability would warrant a separate dummy.?

In sum, three possibilities arise: (1) a separate dummy for each event when individual
event periods can be identified with confidence, or (2) a single dummy to represent the entire
event window (i.e., all periods in the window), or (3) a single dummy to represent only the
individual event periods within the event window. A simple robustness test would compare
results obtained from these three approaches.

The analyst must choose the frequency over which the returns are measured. If one can
confidently place the event periods on a certain day or two, daily data are appropriate.
However, analysts of the effect of a drawn out regulatory change usually do not have the
ability to precisely date event periods. The choice between having a narrow event window
and using daily return data versus using weekly or monthly data is a choice between the
advantage of reducing extraneous market noise by using daily data versus the problem of
misplacing events. There is no unanimity in the literature concerning this matter. Analysts
have used daily, weekly, and monthly data.

The misplacing of an event would tend to put it after the true period rather than before.
For example, market participants may have incorporated two weeks ago regulatory news
reported in today’s Wall Street Journal. Market participants may be better informed than
journalists, or have access to information that is deemed newsworthy later, not contempo-
raneously. If an event occurs close to the end of the month, analysts who use monthly data
and subsume four weeks of trading would be less likely to place an event period “too late”
than would analysts who use weekly or daily data.

If the regulatory change is thought to have changed the risk of the firm this can be
examined with the beta coefficient from the market model as follows:
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r,= a+ Brm, + 6 D*rm, + ¢, 2)

In (2) an interaction term with a dummy variable (D) is appended to the market model. (For
now, measurement of abnormal return is ignored.) The dummy variable is set equal to one
during a period after the event window. The regression coefficient (8) on the interaction term
is the estimate of the change in the beta coefficient. It follows that B-post=(+34 is the
estimate of beta after the event window. Imperative to estimate (2) are data from after the
event window, but also from an estimation period before the event window to establish a
benchmark beta.

The term “required return effect” is used interchangeably to refer to the change in beta.
A brief explanation is warranted. The market model is a standard model of the return-
generating process, representing the predicted, expected, or required return on a stock or
portfolio. With this interpretation, r, the ex ante, or required return is:

r,= a + Brm, 3)

When beta changes (« constant) the required return changes in the same direction for a given
positive expected market return, rm,

As in the tests of the revaluation effect, tests of the required return effect require careful
data selection. One must use data that are clearly from before and after the regulatory change
(i.e., before and after the event window). Again, the drawn out nature of the regulatory
process poses a dilemma. If an instantaneous regime change occurs, (2) is appropriate. The
analyst, of course, must identify the time of the switch in regimes.

Instead of an instantaneous change there will generally be a period of flux between the first
news of the proposed regulatory change and the time when the regulatory change becomes
a certainty. This corresponds to the event window during which one tests for revaluation. The
event window clearly represents neither the pre- nor the postchange regime. A beta estimated
during the event window correspondingly belongs neither to the pre- nor postchange regime.
At best, it is an estimate of the transitional response of beta. It is therefore inappropriate to
use data from the event window to test for the long-term change in beta. Instead, one should
estimate a separate beta coefficient during the event window as follows:

r,= a+ Brm, + 8, Dpw*rm,; + 6,D zprpr*rm, + ¢, “)

In (4), dummy variable Dy, is set equal to one only during the event window; D s prpg 1S set
equal to one only after the event window. The test of the long-term beta change is based on
0,, the coefficient that measures the change in beta after the event window as compared to
the benchmark level (). The change in beta during the event window is 8, Eq. (4) thus
allows for flexibility in estimation of the return-generating process before, during, and after
the event window.

The analyst must determine the number of observations necessary to estimate 8 and 0,
The number of observations used to estimate 8, is determined by the number of observations
in the event window. When using monthly data there is a consensus that sixty months of data
strikes an appropriate balance between having a large enough number of observations, but
not so many that the estimate includes too many out-of-date observations. It follows that it
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is appropriate to use sixty months of observations on each side of the event window to
estimate (4). For studies that use daily or weekly return data, one year of data are customary.

The combination of (1) with (4) to simultaneously test for both the revaluation and the
required return effects yields:

A
r,=a+ Brm, + > YaDa + 8 Dew*rm; + 8;D pprer*rm, + ¢ (5)
a=1
To make clear that the data that are invalid to cleanly test for the required return effect are
precisely the data to examine to test for revaluation consider again an instantaneous change
in regulation. The analyst would correctly test for revaluation at that time only. The analyst
would test for a required return effect only after that time. The data examined for evidence
of a revaluation effect should precede and not include the data examined for evidence of a
required return effect. The data examined for evidence of a required return effect should
follow and not include the data examined for evidence of a revaluation effect. While this
dictum is clear in the instantaneous regime change case, it should also be adhered to when
the event window is not instantancous in order to estimate clearly the postchange beta with
postchange data.
One can also examine whether nonsystematic risk was affected by the regulatory change.
After use of the basic (i.¢., stripped of event dummies) market model regression to estimate
o, 3, and e, the variance of return can be partitioned as:

Var(r,) = B*Var(r,,) + Var(e?) (6)

In words, the total risk (variance) of return on a stock or portfolio can be decomposed into
the product of the squared beta and the variance of the market portfolio return plus the
nonsystematic (or idiosyncratic) risk measured by the residual variance.’ It is straightforward
to test whether the residual variance changed: use an F-test to compare the periods on either
side of the event window for the same reasons discussed above. Examination of the total
variance of return would be inappropriate to assess the change in nonsystematic risk because
it would count again the 3 risk, and also include overall market variance, which can vary
over time. Finance theory tells us that nonsystematic risk can be diversified away, and in
principle is not important to investors. Even if nonsystematic risk does not matter to
investors, it may be of interest to those who study regulation and wish to examine the impact
of a regulatory change on nonsystematic risk.

4. What do analysts do?

Those who perform event studies often do not adhere to the points raised above. The
following is not meant to be an exhaustive survey. Rather, this sampling it is meant to
illustrate cause for skepticism regarding some results reported in the literature.

Established earlier was the argument against using event window data to measure beta
after the regulatory change. The study by Mitchell and Mulherin (1988) of the cigarette
advertising ban reports results in their Table 1 showing a postregulation beta change
estimated exclusively with data from, not after, the event window. In the Chen and Sanger
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(1985) study of natural gas deregulation, not all, but some data from the event window are
used to estimate the postchange beta.

Discussed earlier was the idea that the estimation of the revaluation effect involves either
using multiple dummies (one for each event period), a single dummy for all periods in event
window, or a single dummy for only the event periods within the event window. Because the
analyst is trying to capture abnormal return in each case, each approach, in principle, is
mutually exclusive. Results can be sensitive to which approach is used. Chen and Sanger
(1985) include both an event window dummy variable and separate event period dummy
variables. Allen and Wilhelm (1988), in their study of banking deregulation, use a separate
dummy for each event period. Mitchell and Mulherin (1988) use a single dummy variable for
the entire event window. In her study of cable television deregulation Prager (1992) uses only
a separate dummy for each event period. In their study of cable television reregulation,
Carroll and Lamdin (1993) show results if there is a separate dummy for each event period
and if a single dummy is used to subsume all event periods. In neither of these cable
television studies does a single dummy subsume the entire event window. The impression
one should get is that there is no consensus about whether to dummy out the entire event
window, or only the event periods within the window, either with a single, or multiple
dummies. If one of these three methods is not clearly a superior approach for the study at
hand, the sensitivity of the results to using each should be examined.

There are numerous other dimensions on which analysts can differ. One is identification
of event dates. The sources used to locate dates, and the subjective evaluation of what
constitutes “news” can differ. For example, the Johnson et al. (1991) study of tobacco
regulation uses some events that Mitchell and Mulherin (1988) do not, and does not use some
that they do. The former use a larger sample of firms (14) than the latter (4). Also, even if
the events are the same, analysts could use daily, weekly, or monthly return data, and thereby
find differing results. Johnson et al. (1991) use daily data while Mitchell and Mulherin (1988)
use monthly data. It is not surprising to find contradictory statements like the following.
Johnson et al. (1991, p. 30) state: “This supports our hypothesis that the net impact of an
advertising ban is negative.” Mitchell and Mulherin (1988, p. 861), however, comment: “The
ad ban increased the wealth of the major tobacco firms ....”

In conclusion, if two analysts were to independently study the same regulatory event it should
be clear that there are numerous dimensions on which they could differ in implementation,
and therefore, findings. For example, while Mitchell and Mulherin (1988) found that the
cigarette advertising regulation increased the value of tobacco stocks and reduced their
riskiness, Lamdin (1999) found no impact on value or risk. Lamdin used essentially the
same data and events, however, a different model specification was sufficient to create
markedly different results. Because confirmation and replication are rare in economics
and finance (Hubbard & Vetter, 1991), this should be a cautionary note regarding the use
of one event study of a regulatory change as the representation of its true impact.

5. Problems in interpretation

The discussion of implementation issues not only serves to point out what analysts need
to consider when they execute studies, it should also heighten a sense of circumspection



Statt Group Cross EX. 11-D

Docket Nos. 11-0279 & 11-0282 (Cons.)
JF 7.03 Attach 3

Page 8 of 13

178 D.J. Lamdin / Journal of Economics and Business 53 (2001) 171-183

about taking the results of a study as definitive. Three further issues that fall under the
category of interpretation of results warrant discussion. The first is the extent to which one
should interpret the findings as a true measure of the impact of the regulatory change. The
second concerns the potential use of event studies to evaluate theories of regulation. And the
third concerns the low power/event period uncertainty problem and related implications.

The standard approach of event studies is to focus on contemporaneous market reaction
to news. Whether the contemporaneous market response, which measures investor expecta-
tions at the time of the event, was warranted, is rarely questioned. Without question, the
change in current sharcholder wealth attributable to the regulatory news is correctly mea-
sured concurrent with the news of the change. With the passage of time, the actual rather than
the expected impact of a regulatory proposal that was enacted will exert its influence. Also
with the passage of time, the impact of the regulatory change will be difficult to sort out from
other influences on the firm and the industry. An event study may reveal an expected impact
that ultimately turns out to have been incorrect. Because of this, analysts must recognize that
investor expectations measured in an event study could provide a false view of the ultimate
impact of the regulatory change. It is of course possible to extend the event window to
encompass revised expectations. For example, suppose Congress passes a law and estab-
lishes an agency to implement it. The agency could interpret or enforce the law in a different
way than what was expected based on the congressional action. Analysis of both the
congressional action events as well as the agency-related events constitutes a more complete
event study than examination of either alone.

A second issue concerns the extent to which one should use the event study findings to test
competing views of regulation. The two prominent views are the economic theory of
regulation (ET), and the public interest view, or normative analysis as positive theory (NPT).
A full discussion of these is beyond the scope here, but a brief description is necessary to
provide the background.* At the outset it should be noted that the ET and NPT were
developed to explain why regulation occurs (i.c., increases). In the case of deregulation, the
predictions of each view are less familiar, and appear less clear.

The ET is associated with Stigler (1971), Peltzman (1976), and Becker (1983). The ET
implies that regulation arises from pressure of interest groups exerted on politicians. The less
diffuse and more organized groups tend to benefit more than more diffuse and unorganized
groups. In general, this implies that the smaller-numbered producer groups have an advan-
tage over diffuse consumers.” The suppliers of regulation (i.e., politicians) seek to distribute
the benefits (and costs) or regulation to the affected groups in a politically optimal way.
Regulation is not motivated by regulators seeking to enhance social welfare (as in the NPT),
however, inefficient regulation is held in check because inefficiencies reduce the wealth
available for regulators to parcel out to various groups.

The NPT views regulation as arising from the efforts of regulators to correct market
failures and thus maximize social welfare. For example, regulation is used to reduce
monopoly power, or correct for externalities such as pollution by producers. In these
examples, and in general, regulation tends to benefit consumers and harm producers.

In cases where regulation increases, one can see where the ET and NPT would have
different predictions. The ET would generally (if firms are generally more powerful than
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consumers and other interest groups) predict positive abnormal returns accruing to firms
from an unanticipated increase in regulation, whereas the NPT would predict the opposite.

The era of deregulation creates problems in distinguishing the ET from the NPT through
its impact on firms.® One could interpret deregulation as evidence against the ET—if more
regulation tends to benefit producers, deregulation must be antiproducer. However, dereg-
ulation could also be interpreted as evidence that ecither the regulated and deregulated
equilibrium have become sufficiently similar, and/or the available wealth to distribute with
regulation has become too small to be worthwhile. Changes in technology, cost, and demand
could cause this change from the earlier regulated equilibrium. In general, the gains to
supporters of deregulation exceed the losses to those who would not support deregulation
such that deregulation pressures predominate. Because it is not clearly the case that producers
lose, the ET could predict either a negative or zero impact. Furthermore, one could even
argue that if deregulation produces enough of an efficiency gain, producers could experience
a positive impact.

The NPT view of deregulation is that the market failure has diminished to the point where
regulation is no longer necessary (e.g., potential competition eliminated the power of a
monopolist). The impetus for deregulation is set in motion once the cost of regulation
exceeds the cost of reducing regulation plus the remaining market failure. In light of this, the
NPT does not suggest a clearly positive or negative impact on firms. For example, a change
in technology may remove a market failure leading to deregulation consistent with the NPT.
This change could also reduce the available wealth to distribute with regulation leading to
deregulation consistent with the ET. Whether one could distinguish between the two, and
state the expected impact on affected firms is not clear.

The upshot is that while reasonably clear predictions exist for each view when regulation
increases, this is not the case for deregulation. It is difficult to use event study results to
clearly evaluate which of the two views unequivocally comports with the results. Moreover,
the role of expectations can further muddy the waters in interpreting any findings. For
example, an increase in regulation associated with positive abnormal returns would be
consistent with the ET. However, the role of expectations again can cause problems in
interpretation. Suppose that the regulatory increase in fact will benefit producers, but the
change was less than anticipated and priced. The unmet expectations could cause negative
abnormal returns, inconsistent with the ET prediction, though in fact the regulation benefits
producers.

Before leaving this topic, it should be stated that an event study provides indirect evidence
regarding whether a regulatory change supports the ET or the NPT. The event study tells us
what the impact was on producers (assuming this is accurate). The view that the potential
winners and losers from a regulatory change are simply “producers” and “consumers” is too
blunt. Politicians, legislators, and workers may be able to extract the benefits of the
regulatory change, potentially leaving producers (shareholders), and consumers with little net
impact.

As discussed earlier, event period uncertainty causes event studies of regulatory changes
to have low power in detecting any impact. If a regulatory change in fact had no impact, this
finding should emerge. This is not a problem. The problem occurs because low power tests
will cause the analyst to conclude that a change in regulation did not have any impact, though
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in fact it did (a Type 1l error). Looked at in a more positive light, if a change in regulation
is found to have had an effect, this finding emerged in spite of a low power test conspiring
against it.

A countervailing force may be operating. Frankfurter and McGoun (1993, 1995) claim
that there is a bias toward publication of positive results (i.e., there was some impact). If there
is such a publication bias, readers of event studies need again to exercise caution. In spite of
low power tests, the sensitivity of results to data choice, model, event selection may allow
industrious data-mining analysts to find a positive result rewarded with publication. Also, an
unwitting analyst could simply happen upon an incorrect rejection of the null hypothesis of
no effect (a Type I error). With enough studies of events being done, in principle, the number
of Type 1 errors should roughly equal the standard significance levels of five or ten
percentage. Correct, “no effect” findings may never see the light of day. This sort of bias
could exist, but its net impact on researcher objectivity, and the reliability of published
results is difficult to assess. What all of this points to is that the onus is on the researcher to
convince the reader that results reported are credible. The next section looks further into this
matter.

6. Improved event studies

It is worth considering possible ways to improve upon the standard approach. Three points
addressed below are not unknown, but bear consideration by those wishing to present more
convincing results. These concern: the importance of finding true event periods, the use of
cross-sectional tests, and the use of other supporting evidence.

If the analyst has scrupulously identified event periods, what more can be done? If it is
possible for the analyst to do so, events should be identified that were true surprises, or at
least were less likely to have been anticipated. If there is an impact to be found, it should be
larger the larger the extent of the surprise. Such a finding would enhance the credibility of
the results. For example, Blacconiere and Northcutt (1997), in their study of the Superfund
Amendments and Reauthorization Act of 1986, found that the subset of 17 events that
involved a specific legislative action had a more substantial and statistically significant
impact as compared to the results obtained when all 26 events were included. Similarly,
Carroll and Lamdin (1993) in their cable television study find that the subset of 12 events that
involved a specific legislative action caused a much larger response than all 23 events.

If there were nonzero impacts on firms during event periods, a second stage of the event
study may be undertaken provided that the sample of firms is sufficiently large. In this stage,
the magnitude of the firm-specific impacts, that is the y coefficient(s), can be used as a
dependent variable in a regression analysis that relates firm-specific variables to . For
example, the regulatory change might be expected to benefit large firms more than small
firms, or firms with a larger percentage of its profits from the affected industry than firms
with a smaller percentage. If the abnormal return is related to firm-level characteristics in a
significant and expected way, this lends credence to first-stage results. Blacconiere and
Northcutt (1997) use this approach, as does Lyon (1989) in his study of the investment tax
credit. It should be noted that the two-stage analysis can be done instead in a single
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regression by interacting the firm-level characteristic with the event dummies. Beneish
(1991) does this in a study of regulatory changes in the airline industry.

Finally, the analyst can examine other variables that would be affected by the regulation
to see if these confirm the event study results. For example, suppose that positive abnormal
returns are detected for the larger firms in the industry, while smaller firms had zero or
negative abnormal returns. These results would be further buttressed by finding a positive
impact on profits (or perhaps market share) for the larger firms as compared to the smaller
firms after the change in regulation. The event study is viewed as superior to studies that use
accounting data such as profits for reasons discussed by Schwert (1981). This, however, does
not preclude using data other than stock return data to lend credence to one’s results.
Moreover, accounting data will not have the problem of event period uncertainty and related
issues of investor expectations. For example, Whinston and Collins (1992) examine price,
sales quantity, and schedule changes in addition to stock data to provide complementary
evidence in their study of airline deregulation.

7. Conclusion

The event study is increasingly used in economics and finance to study regulatory
changes. It is a useful tool of analysis, but its problems in implementation and interpretation
in the case of regulatory changes should be fully recognized. Even with full knowledge of
these problems, event studies of regulatory changes will remain difficult to conduct in a way
that is unassailable. This is not to say that researchers should not do such studies. Rather,
because of this, those who carry out or read event studies should exercise caution. Efforts to
illustrate that the results are reasonably robust with respect to various dimensions on which
an event study could differ in implementation are called for. Event studies can deepen our
understanding of the effect of regulatory changes, but circumspection about what these
results tell us is warranted.

Notes

1. See also Peterson (1989), Thompson (1995), Boardman et al. (1997), and MacKinlay
(1997)

2. Alternatively, a single dummy could be retained if increases in the probability are
coded as +1, and decreases coded as -1 (or vice versa) as in Lyon (1989)

3. For this common derivation see, for example, Fama (1976) or Alexander and Francis
(1986)

4. More detailed discussions are available in Viscusi et al. (1992), Walters (1993),
Winston (1993), and Winston and Crandall (1994). Dnes et al. (1998) provide a
discussion in an event study context.

5. 1t should be noted that the ET could be consistent with a monopoly being regulated
such that it is harmed and others benefit.

6. This discussion draws on Peltzman (1989).
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MichCon - Financial Data
2005 2004
Uncollectible Expenses-MichCon 59,930 59,682
Net Operating Income-MichCon 87,966 64,467
Net Operating Income-Elec DTE 443,368 347,789
Net Operating Income-Gas DTE 89,603 64,467
Net Operating Income-Regulated DTE 532,971 412,256
Net Operating Income DTE 557,000 655,000
2005 2004 Avg 2004-2005
MichCon Net Operating Income/DTE Net Operating Income 15.79% 9.84%
MichCon Net Operating Income/DTE Regulated Net Operating Income 16.50% 15.64%
MichCon Uncollectible Expenses/DTE Net Operating Income 10.76% 9.11% 9.94%
MichCon Uncollectible Expenses/MichCon Net Operating Income 68.13% 92.58% 80.35%
SNLTable Electric Electric Gas Gas
Cust Accts- Cust Accts- Cust Accts- Cust Accts- Net Util Op Net Util Op
Uncollectible  Uncollectible  Uncollectible ~ Uncollectible  Net Util Op Inc Net Util Op Inc Income-Gas Income-Gas Net Operating Net Operating
Company Name Institution Key Accts ($000)  Accts ($000) Accts ($000)  Accts ($000) - Elec - Elec ($000) ($000) Income ($000) Income ($000)
23312 23312 44477 44477 22996 22996 22997 22997 18749 18749
2004Y 2005Y 2004Y 2005Y 2004Y 2005Y 2004Y 2005Y 2004Y 2005Y
1 1 1 1 1 1 1 1 1 1
DTE Energy Company 4057044 45,717 37,445 NA NA 347,789 443,368 0 0 655,000 557,000
Citizens Gas Fuel Company 4059227 NA NA NA 208 NA 0 NA 1,637 NA NA
Detroit Edison Company 4057083 45,717 37,445 NA NA 347,789 443,368 0 0 516,000 683,000
Michigan Consolidated Gas Company 4057126 NA NA 59,682 59,930 0 0 64,467 87,966 54,000 93,000

Source: SNL Financial - SNLXL



Uncollectible Expenses-Detroit Editon
Net Operating Income-Detroit Edison
Net Operating Income-Elec DTE

Net Operating Income-Gas DTE

Net Operating Income-Regulated DTE
Net Operating Income DTE

Detroit Edison Net Operating Income/DTE Net Operating Income

Detroit Edison Net Operating Income/DTE Regulated Net Operating Incor
Detroit Edison Uncollectible Expenses/DTE Net Operating Income
Detroit Edison Uncollectible Expenses/Detroit Edison Net Operatin Incom

SNLTable

Company Name Institution Key

DTE Energy Company 4057044
Citizens Gas Fuel Company 4059227
Detroit Edison Company 4057083
Michigan Consolidated Gas Company 4057126

Source: SNL Financial - SNLxL

2009
77,755
606,225
606,225
121,296
727,521
1,229,000

2009
49.33%
83.33%

6.33%
12.83%

Electric

Cust Accts-

Uncollectible
Accts ($000)

23312

2009Y

1

77,755

NA

77,755

NA

otatt Group Cross EX. 11-F
Docket Nos. 11-0279 & 11-0282 (Cons.)
WPD-6, DTE Operations

Page 1 of 1
DTE Energy Company - Financial Data
2008
86,998
521,925
521,925
117,509
639,434
1,124,000
2008 Avg 2008-2009
46.43%
81.62%
7.74% 7.03%
16.67% 14.75%
Electric Gas Gas
Cust Accts-  Cust Accts-  Cust Accts- Net Util Op Net Util Op Net Operating Net Operating
Uncollectible Uncollectible Uncollectible Net Util Op Net Util Op Income-Gas Income-Gas Income Income
Accts ($000) Accts ($000) Accts ($000) Inc - Elec Inc - Elec ($000) ($000) ($000) ($000)
23312 44477 44477 22996 22996 22997 22997 18749 18749
2008Y 2009Y 2008Y 2009Y 2008Y 2009Y 2008Y 2009Y 2008Y
1 1 1 1 1 1 1 1 1
86,998 NA NA 606,225 521,925 0 0 1,229,000 1,124,000
NA 336 231 0 0 1,204 1,265 NA NA
86,998 NA NA 606,225 521,925 0 0 897,000 799,000
NA 93,401 125,589 0 0 120,092 116,244 160,000 151,000



2/24/2010
2/23/2010
2/22/2010
2/19/2010
2/18/2010
2/17/2010
2/16/2010
2/12/2010
2/11/2010
2/10/2010
2/9/2010
2/8/2010
2/5/2010
2/4/2010
2/3/2010
2/2/2010
2/1/2010
1/29/2010
1/28/2010
1/27/2010
1/26/2010
1/25/2010
1/22/2010
1/21/2010
1/20/2010
1/19/2010
1/15/2010
1/14/2010
1/13/2010
1/12/2010
1/11/2010
1/8/2010
1/7/2010
1/6/2010
1/5/2010
1/4/2010
12/31/2009
12/30/2009
12/29/2009
12/28/2009
12/24/2009
12/23/2009
12/22/2009
12/21/2009
12/18/2009
12/17/2009
12/16/2009
12/15/2009
12/14/2009
12/11/2009
12/10/2009
12/9/2009
12/8/2009
12/7/2009
12/4/2009
12/3/2009
12/2/2009
12/1/2009
11/30/2009
11/27/2009
11/25/2009
11/24/2009
11/23/2009
11/20/2009
11/19/2009
11/18/2009
11/17/2009
11/16/2009
11/13/2009

DETROIT EDISON COMPANY

Prices
S&P

Electric
DTE Utilities
44.26 180.33
43.99 180.14
44.62 181.48
44.60 182.48
43.59 179.64
42.88 178.79
43.07 179.99
41.95 176.81
42.33 177.96
41.95 177.96
42.00 178.83
41.50 177.46
41.78 179.67
41.75 180.18
42.68 184.35
43.03 185.61
42.61 184.18
42.04 183.17
42.40 184.17
42.75 186.75
43.04 187.39
42.66 185.83
42.06 185.47
42.85 189.29
43.88 192.04
44.33 194.07
43.93 191.95
44.29 193.10
4412 194.24
43.73 192.35
43.77 193.09
43.16 191.01
42.83 191.55
43.23 192.34
43.05 190.73
43.54 193.45
43.59 193.33
44.35 196.18
44.60 195.94
44.64 195.82
4457 195.58
43.93 194.54
43.37 194.63
43.30 196.48
42.98 196.17
42.48 195.25
43.81 196.64
43.94 198.21
4417 199.18
43.95 199.39
43.21 196.31
42.75 193.72
42.61 192.65
42.64 192.94
4217 191.13
4212 192.51
41.88 191.80
41.00 189.42
40.11 185.97
39.83 184.39
40.59 187.01
40.27 185.39
40.14 184.54
39.68 181.85
39.85 181.01
40.27 183.07
40.21 183.60
40.20 184.42
39.68 181.92

Returns
S&P

Electric

DTE Utilities
0.61% 0.11%
-1.41% -0.74%
0.04% -0.55%
2.32% 1.58%
1.66% 0.47%
-0.44% -0.67%
2.67% 1.80%
-0.90% -0.65%
0.91% 0.00%
-0.12% -0.49%
1.20% 0.78%
-0.67% -1.23%
0.07% -0.29%
-2.18% -2.26%
-0.81% -0.68%
0.99% 0.78%
1.36% 0.55%
-0.85% -0.55%
-0.82% -1.38%
-0.67% -0.34%
0.89% 0.84%
1.43% 0.20%
-1.84% -2.02%
-2.35% -1.43%
-1.02% -1.05%
0.91% 1.11%
-0.81% -0.59%
0.39% -0.59%
0.89% 0.98%
-0.09% -0.39%
1.41% 1.09%
0.77% -0.28%
-0.93% -0.41%
0.42% 0.84%
-1.13% -1.40%
-0.11% 0.06%
-1.71% -1.45%
-0.56% 0.12%
-0.09% 0.06%
0.16% 0.12%
1.46% 0.54%
1.29% -0.05%
0.16% -0.94%
0.74% 0.16%
1.18% 0.47%
-3.04% -0.71%
-0.30% -0.80%
-0.52% -0.48%
0.50% -0.11%
1.71% 1.57%
1.08% 1.34%
0.33% 0.55%
-0.07% -0.15%
1.11% 0.95%
0.12% -0.72%
0.57% 0.37%
2.15% 1.26%
2.22% 1.85%
0.70% 0.86%
-1.87% -1.40%
0.79% 0.87%
0.32% 0.46%
1.16% 1.48%
-0.43% 0.47%
-1.04% -1.13%
0.15% -0.29%
0.02% -0.44%
1.31% 1.37%

0.58%

0.71%

6/10/2005
6/9/2005
6/8/2005
6/7/2005
6/6/2005
6/3/2005
6/2/2005
6/1/2005

5/31/2005

5/27/2005

5/26/2005

5/25/2005

5/24/2005

5/23/2005

5/20/2005

5/19/2005

5/18/2005

5/17/2005

5/16/2005

5/13/2005

5/12/2005

5/11/2005

5/10/2005
5/9/2005
5/6/2005
5/5/2005
5/4/2005
5/3/2005
5/2/2005

4/29/2005

4/28/2005

4/27/2005

4/26/2005

4/25/2005

4/22/2005

4/21/2005

4/20/2005

4/19/2005

4/18/2005

4/15/2005

4/14/2005

4/13/2005

4/12/2005

4/11/2005
4/8/2005
4/7/2005
4/6/2005
4/5/2005
4/4/2005
4/1/2005

3/31/2005

3/30/2005

3/29/2005

3/28/2005

3/24/2005

3/23/2005

3/22/2005

3/21/2005

3/18/2005

3/17/2005

3/16/2005

3/15/2005

3/14/2005

3/11/2005

3/10/2005
3/9/2005
3/8/2005
3/7/2005
3/4/2005

Staff Group Cross Ex. 11-G

Docket Nos. 11-0279 & 11-0282 (Cons.)

MICHIGAN CONSOLIDATED GAS COMPANY

Prices
SNL Gas
DTE Utility
47.51 273.60
47.45 272.96
47.49 269.75
47.30 269.50
47.27 270.93
47.27 270.28
47.32 271.05
47.80 270.23
47.54 266.32
46.96 264.40
46.67 261.71
46.37 259.17
46.32 258.15
46.36 255.91
46.38 255.81
46.20 256.73
46.08 255.41
46.33 253.89
46.30 250.04
45.41 248.21
46.27 252.58
46.40 259.21
46.50 258.52
46.79 260.07
46.27 257.50
46.09 257.37
45.99 256.51
46.02 254.09
46.24 255.63
45.95 251.32
45.42 249.64
46.00 253.86
45.33 257.25
45.75 260.67
45.33 257.71
44.90 258.21
44.41 252.86
45.23 254.96
45.12 250.42
44.92 246.88
45.72 252.65
46.25 256.68
46.19 259.65
46.05 259.40
45.91 260.11
46.01 263.00
45.94 262.72
45.84 262.39
45.77 261.85
45.46 262.02
45.48 259.89
45.25 255.79
44.61 253.24
44.82 257.58
44.65 258.34
44 .47 256.13
44.40 259.87
45.33 263.95
45.44 266.07
45.65 265.74
46.23 264.30
46.38 266.34
46.66 268.84
45.89 265.58
46.30 264.85
45.46 268.34
46.00 271.86
46.37 273.45
45.79 271.51

Returns
SNL Gas
DTE Utility
0.13% 0.23%
-0.08% 1.19%
0.40% 0.09%
0.06% -0.53%
0.00% 0.24%
-0.11% -0.28%
-1.00% 0.30%
0.55% 1.47%
1.24% 0.73%
0.62% 1.03%
0.65% 0.98%
0.11% 0.40%
-0.09% 0.87%
-0.04% 0.04%
0.39% -0.36%
0.26% 0.51%
-0.54% 0.60%
0.06% 1.54%
1.96% 0.74%
-1.86% -1.73%
-0.28% -2.56%
-0.22% 0.27%
-0.62% -0.59%
1.12% 1.00%
0.39% 0.05%
0.22% 0.34%
-0.07% 0.96%
-0.48% -0.61%
0.63% 1.72%
1.17% 0.67%
-1.26% -1.66%
1.48% -1.32%
-0.92% -1.31%
0.93% 1.15%
0.96% -0.19%
1.10% 2.12%
-1.81% -0.82%
0.24% 1.81%
0.45% 1.43%
-1.75% -2.28%
-1.15% -1.57%
0.13% -1.14%
0.30% 0.10%
0.30% -0.27%
-0.22% -1.10%
0.15% 0.11%
0.22% 0.13%
0.15% 0.21%
0.68% -0.07%
-0.04% 0.82%
0.51% 1.60%
1.43% 1.01%
-0.47% -1.69%
0.38% -0.29%
0.40% 0.86%
0.16% -1.44%
-2.05% -1.55%
-0.24% -0.80%
-0.46% 0.12%
-1.25% 0.55%
-0.32% -0.77%
-0.60% -0.93%
1.68% 1.22%
-0.89% 0.28%
1.85% -1.30%
-1.17% -1.29%
-0.80% -0.58%
1.27% 0.72%
1.08% 0.74%



11/12/2009
11/11/2009
11/10/2009
11/9/2009
11/6/2009
11/5/2009
11/4/2009
11/3/2009
11/2/2009
10/30/2009
10/29/2009
10/28/2009
10/27/2009
10/26/2009
10/23/2009
10/22/2009
10/21/2009
10/20/2009
10/19/2009
10/16/2009
10/15/2009
10/14/2009
10/13/2009
10/12/2009
10/9/2009
10/8/2009
10/7/2009
10/6/2009
10/5/2009
10/2/2009
10/1/2009
9/30/2009
9/29/2009
9/28/2009
9/25/2009
9/24/2009
9/23/2009
9/22/2009
9/21/2009
9/18/2009
9/17/2009
9/16/2009
9/15/2009
9/14/2009
9/11/2009
9/10/2009
9/9/2009
9/8/2009
9/4/2009
9/3/2009
9/2/2009
9/1/2009
8/31/2009
8/28/2009
8/27/2009
8/26/2009
8/25/2009
8/24/2009
8/21/2009
8/20/2009
8/19/2009
8/18/2009
8/17/2009
8/14/2009
8/13/2009
8/12/2009
8/11/2009
8/10/2009
8/7/2009

DETROIT EDISON COMPANY

Prices
S&P

Electric
DTE Utilities
39.45 180.63
39.51 183.15
39.29 183.61
39.19 183.58
38.34 180.53
38.54 181.09
37.73 178.67
37.59 177.42
37.05 177.94
36.98 178.86
38.48 182.14
37.61 181.30
37.93 182.86
37.55 184.07
37.85 186.58
38.61 189.59
38.60 189.00
38.66 188.35
37.90 190.90
36.53 188.25
36.33 187.62
35.96 185.37
35.68 184.84
35.51 186.05
35.12 185.16
34.88 184.11
34.78 184.07
34.57 185.17
34.22 183.80
34.04 182.28
34.76 183.93
35.14 187.07
35.58 188.45
35.42 188.66
35.03 187.35
35.12 187.88
34.98 188.19
34.70 189.26
35.17 189.84
35.25 190.67
35.34 190.09
36.40 190.90
35.89 187.78
35.73 186.24
35.12 183.22
35.32 184.31
35.03 184.32
34.95 184.95
34.88 185.20
34.63 184.52
34.18 183.74
34.43 185.18
34.78 186.51
35.05 188.26
35.22 188.10
35.40 188.39
35.42 188.79
35.35 189.66
35.34 189.30
34.78 185.69
34.71 184.60
34.00 183.65
33.97 183.58
34.11 185.79
33.94 185.74
34.06 185.88
34.12 185.45
34.24 185.20
34.42 185.36

Returns
S&P

Electric

DTE Utilities
-0.15% -1.38%
0.56% -0.25%
0.26% 0.02%
2.22% 1.69%
-0.52% -0.31%
2.15% 1.36%
0.37% 0.71%
1.46% -0.29%
0.19% -0.52%
-3.90% -1.80%
2.31% 0.46%
-0.84% -0.86%
1.01% -0.66%
-0.79% -1.35%
-1.97% -1.59%
0.03% 0.31%
-0.16% 0.35%
2.01% -1.34%
3.75% 1.41%
0.55% 0.33%
1.03% 1.22%
0.78% 0.29%
0.48% -0.65%
1.11% 0.48%
0.69% 0.57%
0.29% 0.02%
0.61% -0.59%
1.02% 0.75%
0.53% 0.83%
-2.07% -0.90%
-1.08% -1.68%
-1.24% -0.73%
0.45% -0.11%
1.11% 0.70%
-0.26% -0.28%
0.40% -0.16%
0.81% -0.57%
-1.34% -0.30%
-0.23% -0.43%
-0.25% 0.31%
-2.91% -0.42%
1.42% 1.66%
0.45% 0.83%
1.74% 1.64%
-0.57% -0.59%
0.83% 0.00%
0.23% -0.34%
0.20% -0.13%
0.72% 0.37%
1.32% 0.42%
-0.73% -0.78%
-1.01% -0.71%
-0.77% -0.93%
-0.48% 0.08%
-0.51% -0.15%
-0.06% -0.21%
0.20% -0.46%
0.03% 0.19%
1.61% 1.94%
0.20% 0.59%
2.09% 0.52%
0.09% 0.04%
-0.41% -1.19%
0.50% 0.03%
-0.35% -0.07%
-0.18% 0.23%
-0.35% 0.13%
-0.52% -0.09%

1.74%

0.81%

3/3/2005
3/2/2005
3/1/2005
2/28/2005
2/25/2005
2/24/2005
2/23/2005
2/22/2005
2/18/2005
2/17/2005
2/16/2005
2/15/2005
2/14/2005
2/11/2005
2/10/2005
2/9/2005
2/8/2005
2/7/2005
2/4/2005
2/3/2005
2/2/2005
2/1/2005
1/31/2005
1/28/2005
1/27/2005
1/26/2005
1/25/2005
1/24/2005
1/21/2005
1/20/2005
1/19/2005
1/18/2005
1/14/2005
1/13/2005
1/12/2005
1/11/2005
1/10/2005
1/7/2005
1/6/2005
1/5/2005
1/4/2005
1/3/2005
12/31/2004
12/30/2004
12/29/2004
12/28/2004
12/27/2004
12/23/2004
12/22/2004
12/21/2004
12/20/2004
12/17/2004
12/16/2004
12/15/2004
12/14/2004
12/13/2004
12/10/2004
12/9/2004
12/8/2004
12/7/2004
12/6/2004
12/3/2004
12/2/2004
12/1/2004
11/30/2004
11/29/2004
11/26/2004
11/24/2004
11/23/2004

Staff Group Cross Ex. 11-G

Docket Nos. 11-0279 & 11-0282 (Cons.)

MICHIGAN CONSOLIDATED GAS COMPANY

Prices
SNL Gas
DTE Utility
45.30 269.50
45.15 266.90
44.95 265.67
44.22 267.74
43.90 268.59
43.44 264.28
43.39 263.17
43.21 262.21
44.24 266.83
44.71 266.52
44.98 268.27
44.64 261.97
44.71 260.49
44.82 260.35
44.75 260.08
44,72 256.80
44.77 257.43
44.64 256.94
44.62 259.69
44.00 257.51
43.97 257.06
43.95 253.58
43.81 252.27
43.10 249.89
43.39 250.60
43.18 249.39
42.77 247 .47
43.00 248.46
43.12 248.53
43.50 247.02
43.59 248.11
43.75 247.61
43.26 245.47
42.86 244.26
42.66 244,11
42.74 242.40
43.02 243.18
42.71 240.87
42.68 242.01
42.50 238.41
42.75 240.71
42.76 242.82
43.13 250.15
43.12 249.53
42.93 249.07
42.55 248.86
42.59 247.86
43.16 251.01
43.25 250.11
43.50 252.08
43.30 249.21
43.69 249.37
4416 248.09
44,74 249.53
43.97 246.25
44,12 245.91
43.53 242.39
43.64 242.14
43.68 239.34
43.91 238.85
43.85 242.40
43.46 242.70
43.00 241.13
43.13 245.77
43.88 249.49
44.33 250.77
45.30 253.03
45.23 248.84
44.70 244.38

Returns
SNL Gas
DTE Utility
0.33% 0.98%
0.44% 0.46%
1.65% -0.77%
0.73% -0.31%
1.06% 1.63%
0.12% 0.42%
0.42% 0.36%
-2.33% -1.73%
-1.05% 0.12%
-0.60% -0.65%
0.76% 2.41%
-0.16% 0.57%
-0.25% 0.05%
0.16% 0.10%
0.07% 1.28%
-0.11% -0.25%
0.29% 0.19%
0.04% -1.06%
1.41% 0.84%
0.07% 0.17%
0.05% 1.37%
0.32% 0.52%
1.65% 0.95%
-0.67% -0.28%
0.49% 0.48%
0.96% 0.78%
-0.53% -0.40%
-0.28% -0.03%
-0.87% 0.61%
-0.21% -0.44%
-0.37% 0.20%
1.13% 0.87%
0.93% 0.50%
0.47% 0.06%
-0.19% 0.70%
-0.65% -0.32%
0.73% 0.96%
0.07% -0.47%
0.42% 1.51%
-0.58% -0.95%
-0.02% -0.87%
-0.86% -2.93%
0.02% 0.25%
0.44% 0.18%
0.89% 0.08%
-0.09% 0.40%
-1.32% -1.25%
-0.21% 0.36%
-0.57% -0.78%
0.46% 1.15%
-0.89% -0.06%
-1.06% 0.52%
-1.30% -0.58%
1.75% 1.33%
-0.34% 0.14%
1.36% 1.45%
-0.25% 0.10%
-0.09% 1.17%
-0.52% 0.21%
0.14% -1.46%
0.90% -0.13%
1.07% 0.65%
-0.30% -1.89%
-1.71% -1.49%
-1.02% -0.51%
-2.14% -0.89%
0.15% 1.68%
1.19% 1.83%
0.70% 0.89%



8/6/2009
8/5/2009
8/4/2009
8/3/2009
7/31/2009
7/30/2009
7/29/2009
7/28/2009
7/27/2009
7/24/2009
7/23/2009
7/22/2009
7/21/2009
7/20/2009
7/17/2009
7/16/2009
7/15/2009
7/14/2009
7/13/2009
7/10/2009
7/9/2009
7/8/2009
7/7/2009
7/6/2009
7/2/2009
7/1/2009
6/30/2009
6/29/2009
6/26/2009
6/25/2009
6/24/2009
6/23/2009
6/22/2009
6/19/2009
6/18/2009
6/17/2009
6/16/2009
6/15/2009
6/12/2009
6/11/2009
6/10/2009
6/9/2009
6/8/2009
6/5/2009
6/4/2009
6/3/2009
6/2/2009
6/1/2009
5/29/2009
5/28/2009
5/27/2009
5/26/2009
5/22/2009
5/21/2009
5/20/2009
5/19/2009
5/18/2009
5/15/2009
5/14/2009
5/13/2009
5/12/2009
5/11/2009
5/8/2009
5/7/2009
5/6/2009
5/5/2009
5/4/2009
5/1/2009
4/30/2009

DETROIT EDISON COMPANY

Prices
S&P

Electric
DTE Utilities
33.83 183.87
33.91 183.03
34.22 184.76
34.24 188.22
34.46 187.07
35.08 188.92
34.32 187.17
34.63 187.84
34.95 191.51
34.70 192.54
34.03 189.97
33.05 185.56
33.08 187.03
32.78 184.70
32.61 182.90
32.73 184.51
32.58 183.95
31.85 180.13
31.49 178.62
30.86 175.89
31.24 176.35
31.23 175.61
31.36 176.34
32.22 180.22
30.74 178.09
32.52 184.47
32.00 182.44
32.41 183.70
31.96 182.09
31.89 183.27
31.14 180.48
30.83 179.37
31.43 180.81
31.30 180.41
31.92 182.66
31.35 178.04
31.17 178.24
31.24 178.66
31.96 182.56
31.53 179.44
31.33 175.92
30.90 172.61
31.22 173.26
31.51 175.09
31.25 174.47
30.94 173.19
31.28 176.25
31.56 178.61
30.25 173.42
30.24 172.05
29.34 169.17
30.12 171.83
29.13 167.58
29.02 166.00
29.53 167.58
30.06 170.35
29.67 167.61
29.44 168.41
29.92 173.05
30.10 174.41
31.08 179.01
31.09 177.51
31.65 177.77
31.29 175.78
30.94 174.41
30.80 175.15
30.41 175.38
30.47 172.77
29.57 168.58

Returns
S&P

Electric

DTE Utilities
-0.24% 0.46%
-0.91% -0.94%
-0.06% -1.84%
-0.64% 0.61%
-1.77% -0.98%
2.21% 0.93%
-0.90% -0.36%
-0.92% -1.92%
0.72% -0.53%
1.97% 1.35%
2.97% 2.37%
-0.09% -0.78%
0.92% 1.26%
0.52% 0.98%
-0.37% -0.87%
0.46% 0.30%
2.29% 2.12%
1.14% 0.85%
2.04% 1.55%
-1.22% -0.26%
0.03% 0.42%
-0.41% -0.41%
-2.67% -2.15%
4.81% 1.19%
-5.47% -3.46%
1.63% 1.11%
-1.27% -0.69%
1.41% 0.89%
0.22% -0.64%
2.41% 1.54%
1.01% 0.62%
-1.91% -0.79%
0.42% 0.22%
-1.94% -1.23%
1.82% 2.59%
0.58% -0.11%
-0.22% -0.23%
-2.25% -2.14%
1.36% 1.74%
0.64% 2.00%
1.39% 1.92%
-1.02% -0.38%
-0.92% -1.05%
0.83% 0.36%
1.00% 0.74%
-1.09% -1.73%
-0.89% -1.32%
4.33% 2.99%
0.03% 0.80%
3.07% 1.70%
-2.59% -1.55%
3.40% 2.54%
0.38% 0.95%
-1.73% -0.94%
-1.76% -1.63%
1.31% 1.63%
0.78% -0.47%
-1.60% -2.68%
-0.60% -0.78%
-3.15% -2.57%
-0.03% 0.85%
-1.77% -0.15%
1.15% 1.14%
1.13% 0.78%
0.45% -0.43%
1.28% -0.13%
-0.20% 1.51%
3.04% 2.49%

3.39%

-0.60%

11/22/2004
11/19/2004
11/18/2004
11/17/2004
11/16/2004
11/15/2004
11/12/2004
11/11/2004
11/10/2004
11/9/2004
11/8/2004
11/5/2004
11/4/2004
11/3/2004
11/2/2004
11/1/2004
10/29/2004
10/28/2004
10/27/2004
10/26/2004
10/25/2004
10/22/2004
10/21/2004
10/20/2004
10/19/2004
10/18/2004
10/15/2004
10/14/2004
10/13/2004
10/12/2004
10/11/2004
10/8/2004
10/7/2004
10/6/2004
10/5/2004
10/4/2004
10/1/2004
9/30/2004
9/29/2004
9/28/2004
9/27/2004
9/24/2004
9/23/2004
9/22/2004
9/21/2004
9/20/2004
9/17/2004
9/16/2004
9/15/2004
9/14/2004
9/13/2004
9/10/2004
9/9/2004
9/8/2004
9/7/2004
9/3/2004
9/2/2004
9/1/2004
8/31/2004
8/30/2004
8/27/2004
8/26/2004
8/25/2004
8/24/2004
8/23/2004
8/20/2004
8/19/2004
8/18/2004
8/17/2004

Staff Group Cross Ex. 11-G

Docket Nos. 11-0279 & 11-0282 (Cons.)

MICHIGAN CONSOLIDATED GAS COMPANY

Prices
SNL Gas
DTE Utility
44.39 242.23
44.37 239.77
44,78 238.88
44.40 236.66
44.35 235.21
44.58 235.99
44,72 239.21
43.97 236.80
43.71 235.11
43.54 231.60
43.95 230.89
43.44 231.69
44.39 232.58
43.55 229.23
42.61 224.49
43.09 226.28
42.71 225.97
42.06 224.26
42.09 224.96
42.60 225.80
42.09 223.93
41.93 224.08
42.05 224.16
41.76 223.19
41.61 220.37
41.68 221.03
4213 222.13
41.94 221.83
41.84 220.33
42.49 225.89
42.10 225.96
42.23 227.41
41.96 227.09
42.50 228.54
42.25 226.44
42.25 224.90
4213 225.38
42.19 222.60
41.98 220.36
41.85 220.58
41.55 218.40
41.44 218.72
40.83 218.58
41.13 219.35
41.26 218.80
41.16 217.39
41.14 217.96
41.26 216.46
40.72 214.77
40.92 216.13
41.21 217.00
41.10 216.71
40.86 216.53
41.10 214.56
41.64 214.85
41.26 213.74
41.49 213.61
41.41 212.60
41.32 211.74
40.81 209.25
40.82 209.78
40.75 209.11
40.89 208.69
40.54 207.41
40.08 208.02
40.06 208.91
40.15 207.61
40.45 208.00
39.96 204.95

Returns
SNL Gas
DTE Utility
0.05% 1.03%
-0.92% 0.37%
0.86% 0.94%
0.11% 0.62%
-0.52% -0.33%
-0.31% -1.35%
1.71% 1.02%
0.59% 0.72%
0.39% 1.51%
-0.93% 0.30%
1.17% -0.34%
-2.14% -0.38%
1.93% 1.46%
2.21% 2.11%
-1.11% -0.79%
0.89% 0.14%
1.55% 0.76%
-0.07% -0.31%
-1.20% -0.37%
1.21% 0.84%
0.38% -0.07%
-0.29% -0.04%
0.69% 0.44%
0.36% 1.28%
-0.17% -0.30%
-1.07% -0.50%
0.45% 0.13%
0.24% 0.68%
-1.53% -2.46%
0.93% -0.03%
-0.31% -0.64%
0.64% 0.14%
-1.27% -0.64%
0.59% 0.93%
0.00% 0.68%
0.28% -0.21%
-0.14% 1.25%
0.50% 1.02%
0.31% -0.10%
0.72% 1.00%
0.27% -0.15%
1.49% 0.06%
-0.73% -0.35%
-0.32% 0.25%
0.24% 0.65%
0.05% -0.26%
-0.29% 0.69%
1.33% 0.79%
-0.49% -0.63%
-0.70% -0.40%
0.27% 0.14%
0.59% 0.08%
-0.58% 0.92%
-1.30% -0.14%
0.92% 0.52%
-0.55% 0.06%
0.19% 0.47%
0.22% 0.41%
1.25% 1.19%
-0.02% -0.25%
0.17% 0.32%
-0.34% 0.20%
0.86% 0.61%
1.15% -0.29%
0.05% -0.42%
-0.22% 0.62%
-0.74% -0.19%
1.23% 1.49%
0.23% -0.55%



4/29/2009
4/28/2009
4/27/2009
4/24/2009
4/23/2009
4/22/2009
4/21/2009
4/20/2009
4/17/2009
4/16/2009
4/15/2009
4/14/2009
4/13/2009
4/9/2009
4/8/2009
4/7/2009
4/6/2009
4/3/2009
4/2/2009
4/1/2009
3/31/2009
3/30/2009
3/27/2009
3/26/2009
3/25/2009
3/24/2009
3/23/2009
3/20/2009
3/19/2009
3/18/2009
3/17/2009
3/16/2009
3/13/2009
3/12/2009
3/11/2009

DETROIT EDISON COMPANY

Prices
S&P

Electric
DTE Utilities
28.60 169.59
28.11 168.40
28.31 167.58
27.95 165.55
27.93 166.49
28.06 165.72
28.42 167.68
28.83 167.09
29.04 168.89
28.98 168.62
28.80 168.63
28.31 165.66
28.63 168.06
28.87 170.87
28.59 171.69
28.18 169.40
28.68 170.36
28.54 172.44
28.34 171.20
27.79 168.64
27.70 168.20
27.63 165.84
28.27 169.29
28.63 171.53
28.31 168.88
27.97 168.90
28.61 172.94
27.20 166.98
27.30 168.03
26.92 165.82
26.02 161.34
25.99 158.32
25.54 153.48
25.26 151.96
25.37 150.30

Returns
S&P

Electric

DTE Utilities
1.74% 0.70%
-0.71% 0.49%
1.29% 1.23%
0.07% -0.56%
-0.46% 0.47%
-1.27% -1.17%
-1.42% 0.35%
-0.72% -1.07%
0.21% 0.16%
0.63% 0.00%
1.73% 1.79%
-1.12% -1.43%
-0.83% -1.64%
0.98% -0.48%
1.45% 1.35%
-1.74% -0.56%
0.49% -1.21%
0.71% 0.73%
1.98% 1.52%
0.32% 0.26%
0.25% 1.43%
-2.26% -2.04%
-1.26% -1.31%
1.13% 1.57%
1.22% -0.01%
-2.24% -2.34%
5.18% 3.57%
-0.37% -0.63%
1.41% 1.33%
3.46% 2.78%
0.12% 1.91%
1.76% 3.15%
1.11% 1.00%
-0.43% 1.10%

8/16/2004
8/13/2004
8/12/2004
8/11/2004
8/10/2004
8/9/2004
8/6/2004
8/5/2004
8/4/2004
8/3/2004
8/2/2004
7/30/2004
7/29/2004
7/28/2004
7/27/2004
7/26/2004
7/23/2004
7/22/2004
7/21/2004
7/20/2004
7/19/2004
7/16/2004
7/15/2004
7/14/2004
7/13/2004
7/12/2004
7/9/2004
7/8/2004
7/7/2004
7/6/2004
7/2/2004
7/1/12004
6/30/2004
6/29/2004
6/28/2004
6/25/2004
6/24/2004
6/23/2004
6/22/2004
6/21/2004
6/18/2004
6/17/2004
6/16/2004
6/15/2004
6/14/2004
6/10/2004
6/9/2004
6/8/2004
6/7/2004
6/4/2004
6/3/2004
6/2/2004
6/1/2004
5/28/2004
5/27/2004
5/26/2004
5/25/2004
5/24/2004
5/21/2004
5/20/2004
5/19/2004
5/18/2004
5/17/2004
5/14/2004
5/13/2004
5/12/2004
5/11/2004
5/10/2004
5/7/2004

Staff Group Cross Ex. 11-G

Docket Nos. 11-0279 & 11-0282 (Cons.)

MICHIGAN CONSOLIDATED GAS COMPANY

Prices
SNL Gas
DTE Utility
39.87 206.10
39.56 204.02
39.56 203.70
39.82 205.12
40.13 204.82
40.23 204.00
40.04 203.34
40.03 205.16
40.45 207.28
40.31 208.68
40.29 207.77
40.17 207.72
39.70 207.13
39.55 205.28
39.52 205.89
39.70 204.26
39.92 206.52
40.07 207.89
40.56 208.94
41.20 212.68
41.28 212.68
41.13 212.12
40.77 210.80
40.52 210.14
40.37 208.50
40.45 209.61
40.50 209.28
40.46 208.53
40.71 210.80
40.80 210.03
40.82 209.64
40.33 208.85
40.54 208.57
40.17 206.94
40.61 207.23
40.36 207.21
40.54 208.29
40.68 207.68
40.63 205.90
40.67 205.11
40.46 204.39
40.15 205.03
40.42 204.04
39.99 203.27
39.99 201.05
40.13 201.97
39.89 199.59
40.11 200.78
40.12 201.43
39.65 199.90
39.69 199.32
40.06 201.68
39.97 202.66
40.21 201.12
40.00 202.03
39.48 202.03
39.38 202.06
38.92 196.46
38.55 193.57
38.53 193.73
38.50 192.38
38.45 193.16
38.55 192.73
39.00 194.73
38.59 192.61
38.33 190.97
38.25 191.59
38.19 188.75
39.05 192.99

Returns
SNL Gas
DTE Utility
0.78% 1.02%
0.00% 0.15%
-0.65% -0.69%
-0.77% 0.15%
-0.25% 0.40%
0.47% 0.33%
0.02% -0.89%
-1.04% -1.03%
0.35% -0.67%
0.05% 0.44%
0.30% 0.03%
1.18% 0.28%
0.38% 0.90%
0.08% -0.30%
-0.45% 0.80%
-0.55% -1.10%
-0.37% -0.66%
-1.21% -0.50%
-1.55% -1.76%
-0.19% 0.00%
0.36% 0.27%
0.88% 0.62%
0.62% 0.31%
0.37% 0.79%
-0.20% -0.53%
-0.12% 0.16%
0.10% 0.36%
-0.61% -1.08%
-0.22% 0.37%
-0.05% 0.18%
1.21% 0.38%
-0.52% 0.14%
0.92% 0.79%
-1.08% -0.14%
0.62% 0.01%
-0.44% -0.52%
-0.34% 0.30%
0.12% 0.86%
-0.10% 0.38%
0.52% 0.35%
0.77% -0.31%
-0.67% 0.49%
1.08% 0.38%
0.00% 1.10%
-0.35% -0.46%
0.60% 1.19%
-0.55% -0.59%
-0.02% -0.32%
1.19% 0.77%
-0.10% 0.29%
-0.92% -1.17%
0.23% -0.48%
-0.60% 0.77%
0.52% -0.45%
1.32% 0.00%
0.25% -0.02%
1.18% 2.85%
0.96% 1.50%
0.05% -0.08%
0.08% 0.70%
0.13% -0.41%
-0.26% 0.23%
-1.15% -1.03%
1.06% 1.10%
0.68% 0.85%
0.21% -0.32%
0.16% 1.50%
-2.20% -2.20%
-1.66% -2.44%



Staff Group Cross Ex. 11-G

Docket Nos. 11-0279 & 11-0282 (Cons.)

DETROIT EDISON COMPANY MICHIGAN CONSOLIDATED GAS COMPANY
Prices Returns Prices Returns
S&P S&P
Electric Electric SNL Gas SNL Gas
DTE Utilities DTE Utilities DTE Utility DTE Utility
5/6/2004 39.71 197.81 0.46% -0.58%
5/5/2004 39.53 198.98 0.59% 0.17%
5/4/2004 39.30 198.63 -0.03% 1.11%
5/3/2004 39.31 196.46 0.74% 0.39%
4/30/2004 39.02 195.70 0.52% -0.53%
4/29/2004 38.82 196.74 -0.92% -1.02%
4/28/2004 39.18 198.77 -0.18% -0.83%
4/27/2004 39.25 200.44 -0.46% 0.82%
4/26/2004 39.43 198.81 0.64% 0.23%
4/23/2004 39.18 198.35 0.05% 0.13%
4/22/2004 39.16 198.10 1.01% 1.28%
4/21/2004 38.77 195.60 -0.84% 0.00%
4/20/2004 39.10 195.60 -0.38% -1.33%
4/19/2004 39.25 198.23 -0.36% -0.22%
4/16/2004 39.39 198.67 1.34% 0.53%
4/15/2004 38.87 197.64 -0.46% 2.28%
4/14/2004 39.05 193.23 -0.51% -1.61%
4/13/2004 39.25 196.40 -1.78% -1.89%
4/12/2004 39.96 200.18 -1.82% -0.58%
4/8/2004 40.70 201.34 -0.61% -0.29%
4/7/2004 40.95 201.93 -1.37% 0.04%
4/6/2004 41.52 201.85 0.19% -0.24%
4/5/2004 41.44 202.34 0.29% 0.21%
4/2/2004 41.32 201.90 -0.43% 0.13%
4/1/2004 41.50 201.65 0.85% 1.10%
3/31/2004 41.15 199.46 -0.12% 0.52%
3/30/2004 41.20 198.42 0.78% 0.97%
3/29/2004 40.88 196.52 0.69% 0.94%
3/26/2004 40.60 194.69 0.57% 0.80%
3/25/2004 40.37 193.15 0.05% -0.22%
3/24/2004 40.35 193.57 -0.15% -0.95%
3/23/2004 40.41 195.42 -0.17% -0.48%
3/22/2004 40.48 196.37 -1.00% -1.09%
3/19/2004 40.89 198.54 -0.63% -0.57%
3/18/2004 41.15 199.68 -1.88% -0.05%
3/17/2004 41.94 199.77 0.50% 1.38%
3/16/2004 41.73 197.05 0.55% -0.22%
3/15/2004 41.50 197.48 0.29% -0.17%
3/12/2004 41.38 197.83 0.66% 2.01%
3/11/2004 41.11 193.94 -1.18% -1.65%
3/10/2004 41.60 197.18 -0.24% -1.46%
3/9/2004 41.70 200.12 -0.12% -0.60%
3/8/2004 41.75 201.33 0.00% -0.49%
3/5/2004 41.75 202.32 2.71% 0.45%
3/4/2004 40.65 201.42 0.94% 0.75%
3/3/2004 40.27 199.91 0.05% -0.01%
3/2/2004 40.25 199.93 -0.45% -0.34%
3/1/2004 40.43 200.62 -0.07% 1.11%
2/27/2004 40.46 198.41 1.28% 0.93%
2/26/2004 39.95 196.59 0.00% 1.05%

2/25/2004 39.95 194.55
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