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Abstract

In this article, we developed a dynamic market model to obtain the expected returns of individual securities. This model
takes into account certain known characteristics of financial time series, including time-varying beta, autocorrelated squared
returns, and the fat-tailed property of daily return data. An autoregressive process with order 1, AR (1), is initialized for beta,
and a GARCH (1,1) process is utilized to model the time-varying conditional variance. Our study suggests that the application
of the classical event study methodology, without checking the behavior of security returns for stochastic beta and GARCH
effects, may very well cause researchers to draw inappropriate conclusions. ©1999 Elsevier Science B.V. All rights reserved.
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1. Introduction

A number of studies have documented that the
classical event study methodology exhibits a bias to-
ward detecting “effects”, irrespective of whether such
effects actually exist.1 This paper addresses this bias
by presenting a new methodology that explicitly in-
corporates stochastic behaviors of the market that are
documented to exist and which are assumed away by
the classical event study methodology. Specifically,
our methodology involves utilizing a market model
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1 For example, see the papers by Boehmer et al. (1991), Brown
and Warner (1985), and Frankfurter and McGoun (1993).

that incorporates ARCH (autoregressive conditional
heteroskedastic) effects, includes time-varying sys-
tematic risk parameter (β), and time-varying condi-
tional variance. Further, a portmanteau test statistic
based on cumulative sums (CUSUM) of standardized
one-step-ahead errors is developed. Another impor-
tant advantage of our proposed approach is that it also
addresses issues affecting the statistical power of the
classical event study methodology, namely concerns
about the appropriatewidth of the event window, as
well as the exacttiming of the event.

Besides providing a new method of event analysis,
we use this method to reanalyze the effects of a signifi-
cant regulatory event (specifically, the passage of Cal-
ifornia’s Proposition 103) which had previously been
investigated using classical event study techniques.
We show, using our new methodology, that once
the known market behaviors are explicitly modeled,
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exactly the opposite conclusion about the effects of
this particular event results.

This paper proposes a dynamic model for simul-
taneously incorporating time-varying systematic risk
(β) and conditional heteroskedasticity in the calcula-
tion of returns during the estimation period.2 Excess
returns are defined as the standardized one-step-ahead
forecast errors (instead of residuals as used in the clas-
sical event study methodology). The one-step-ahead
forecast errors are calculated using the Kalman fil-
ter technique. A portmanteau test is developed to test
whether the cumulative abnormal returns (CAR) are
significantly different from zero. This test, based upon
cumulative sum (CUSUM) techniques, allows a longer
event window without the need to pinpoint the timing
of the event. Accordingly, it would not lose the power
when the exact event date is uncertain (as does the
classical event study methodology).3 In addition, a
graph of the CAR can provide a rough indication con-
cerning the point at which the market began to react
to the event. This is an important contribution in cases
such as Proposition 103, where information gradually
diffuses into the market. The philosophy behind our
work is similar to the problem in the statistics litera-
ture of detecting points of change. We do not directly
endogenize thetypeor timeof change into the model,
but instead infer a change when the statistic exceeds
a threshold level.

2 Boehmer et al. (1991) simulate an event with stochastic effects.
They conclude that when an event causes even minor increases
in variance, the most commonly-used methods reject the null
hypothesis of zero average abnormal return too frequently; i.e.,
find an “effect” too often.

3 As a result of their tests of event study methodology statistical
power, Brown and Warner (1980) emphasize the importance of
carefully defining event dates due to the possible adverse power
effects of incorrectly defined event dates. The more days one
must include in the event window (because of inability to pinpoint
an event date) the lower the power of the classical event study
methodology. Most of the studies define the event day as the
day on which the eventoccurs (e.g., the day of a stock split
or merger). This identification may obscure the issue of defining
“occurrence”. For instance, Mandelker (1974) used the date of a
merger and found no significant evidence of shareholder return
effects. However, when Asquith et al. (1983) used the date on
which the intent to mergewas announced, they found significant
ARs and cumulative ARs. For the event study considered here,
we obtain similar results. The market reacted to an election result,
not on the event (election) day, but rather eight days prior to the
election.

The paper is organized as follows. In Section 2, the
methodology is presented. We define the standardized
forecast errors on which the test statistic is based, and
present several simulation examples. In Section 3 of
the paper, we apply our proposed model to an exam-
ination of the effect of the passage of a California
regulatory initiative, Proposition 103, on the stock val-
ues of insurance companies. This particular event has
previously been analyzed in a number of studies that
employ the classical event study methodology, so it
provides an excellent case study for our methodology.
Section 4 concludes the paper with a brief summary
and conclusions.

2. Methodology

Excess returns are the mathematical difference be-
tween observed returns and the normal or expected re-
turns based upon some model of the return generating
process. The excess returns are also known by a variety
of other names, including abnormal returns, predic-
tion errors, and average residuals. We propose a time
series regression with a generalized autoregressive
conditionally heteroskedastic (GARCH) effect mar-
ket model. This takes into account certain important
characteristics of market models for security prices,
namely stochastic, time varying non-diversifiable risk
β, and a time varying heteroskedastic error structure.
The estimation, identification and diagnostic check-
ing procedures for the proposed model are discussed
subsequently. Our new event study methodology is
then developed based on cumulative sums (CUSUM)
of standardized one-step-ahead forecast errors (based
upon the stochasticβ and GARCH error market
model) in order to detect the manner in which (and
statistical significance of) a particular event affects
the market.

2.1. Model selection

Much of the event study literature is based on a
market model relating the return on an individual asset
to the return on a market index and an asset-specific
constant. The basic market model can be written as

rit = αi + βi · rmt + eit , (1)
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where,rit is the one-period return on asseti at time
t, rmt is the return on the market index at timet , andeit

is an uncorrelated error term with mean 0 and constant
varianceσ 2

e . For simplicity, we subsequently omit the
index i. The parameters in this model are assumed to
be stationary, i.e., constant over time. Several studies
(e.g., Hsu, 1977; Hsu, 1982), however, have found this
to be an unreasonable assumption. Further, Chen and
Keown (1981) have demonstrated that non-stationarity
in a stock beta coefficient can lead directly to an over-
estimate of the unsystematic risk parameter. Accord-
ingly, we adopt a time-varying coefficient model for
β in our market modeling process, i.e.,

rt = α + βt · rmt + et . (2)

In principle, theβt term may be modeled by any
ARMA(p, q) process. However, most research indi-
cates that an AR(1) process is sufficient. Accordingly,
we extend the single index market model to a time
varying coefficient regression (TVCR) model, which
can be expressed as follows:

rt = α + βt · rmt + et , (3a)

where

βt − β = φ(βt−1 − β) + at , (3b)

and φ is the backshift operator. We next adapt the
market model to reflect potential heteroskedastic be-
havior of the error variance through time. Although
most traditional event study methods assumed a con-
stant variance through both the pre-and post-event pe-
riods, some, like Brown and Warner (1985), have noted
that if the variance is underestimated, the test statistic
will lead to rejection of the null hypothesis more fre-
quently than it should. Recently, a number of papers,
including those by Connolly (1989) and Schwert and
Seguin (1990), have analyzed the importance of ad-
justing for autoregressive conditionally heterskedas-
tic (ARCH) effects in the residuals obtained from the
conventional market models. It is argued that the abil-
ity to reliably form statistical inferences can be seri-
ously compromised by failing to consider the ARCH
error structure. Since the ARCH effect has been shown
to be significant in many financial series, we take
this into consideration in our model by applying the
generalized autoregressive conditionally heterskedas-
tic GARCH(1,1) model to the error or residual term.
This yields a third potential market model, written as

rt = α + βt · rmt + et , (4a)

whereet |9t ∼ (0, ht ),

βt − β = φ(βt−1 − β) + at , (4b)

whereat ∼ (0, σ 2
a ), and

ht = α0 + α1 · ht − 1 + α2 · e2
t−1. (4c)

Overfitting tests can be performed for testing the order
of βt and the order of the variance equation.

2.2. Model estimation

In the estimation stage, we use the maximum like-
lihood estimator. The likelihood function of then set
of observations, say,y1, y2, . . . , yn, is given by mul-
tiplying the conditional probability density functions
since the observations are correlated; i.e.,

L(y; θ) =
n∏

t=1

p(yt |Ψt−1),

where p(yt |9t−1) denotes the conditional distribu-
tion of yt given the information set at timet − 1.
By the prediction error decomposition formula, the
log-likelihood function of model ((4a)–(4c)) can be
represented by innovationsvt and their variancesft ,
both of which are functions of unknown parameters;
e.g.,θ = (φ, σ 2

a , α). Sincevt andft involve recursive
terms, the Kalman filter technique is used to estimate
the fixed parameters of the model, and to obtain there-
from prediction of future values. See Brockett and
Chen (1994) for the mathematical details and proof of
convergence of these estimates.

2.3. Identification and diagnostic checking

In the usual time series model, identification is a
preliminary to estimation of the model. Here, we need
to specify the three step model described earlier. Thus,
identification of the adequate model will proceed in a
number of steps as follows:

(i) the step 1 model (the simple market model),

rt = α + βt · rmt + εt ,

is identified and estimated by least squares in the ordi-
nary regression model. Under the null hypothesis, the
ordinary least squares (OLS) residualsε̂t should be
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white noise and uncorrelated with the regressorrmt .
Moreover, the squared residuals would also perform
as white noise. Otherwise, the autocorrelation function
(ACF) of residualŝεt (or the ACF of squared residu-
als ε̂2

t ) may suggest a misspecification problem. The
test statistic

Q = n(n + 2)

(∑m
k=1r

2
k

n − k

)
(5)

of Ljung and Box (1978) can be used to perform a
statistical test to detect significant autocorrelation in
the error (εt ) series. Thekth autocorrelation coefficient
of ε̂t is r2

k , andQ is distributedχ2 with m degrees
of freedom. IfQ is statistically significant, we may
proceed to employ the step-2 (or consider the ARCH
effect) model, i.e.,

(ii) The random coefficients model,

rt = α + βt · rmt + εt ,

is estimated, where

βt − β = φ(βt−1 − β) + at .

Under the null hypothesis that there is no ARCH,
we may (as shown in Li (1981)) use the conservative
bounds of 2T −1/2 on the squared residuals. Conse-
quently, if regression coefficients are stationary, the
squared residuals may come directly from the step-1
model. However, if the time-varying regression coef-
ficients are specified, the squared residuals may come
from the step-2 model. Therefore, the first case leads
to the estimation of a linear regression model with
GARCH effects, and the second case involves the esti-
mation of a time-varying regression coefficient model
with GARCH. Once an adequate specification is avail-
able, the final step involves maximum likelihood esti-
mation and testing based on the selected model.

Informal tests based on the ACFs may be done
for identification and diagnostics; however, we also
present formal statistical tests as well. One such test is
the likelihood ratio test, which is based upon a maxi-
mum likelihood approach. Two other tests (the Wald
test and Lagrange Multiplier test) also have similar
properties to the likelihood ratio test under a sequence
of local alternatives.4

4 A more complete discussion may be found in a wide range of
sources, including Cox and Hinkley (1979).

The likelihood ratio test is primarily concerned with
testing the validity of a set of restrictions on then× 1
parameter vector,θ . The disadvantage of the likelihood
ratio test is that the model must be estimated under
both the null and alternative hypotheses. An alterna-
tive Lagrange Multiplier test procedure (see Harvey
(1981)) is more attractive if the model is easier to es-
timate under the null hypothesis. The Lagrange mul-
tiplier (LM) test statistic under the null hypothesis,
which is asymptotically distributedχ2

m, takes the form

LM = S(θ0)
′I−1(θ0)S(θ0),

where S(θ) = ∂ logL/∂θ is the score vector and
I (θ) = E(∂2logL/∂2θ) is the information matrix,
both of which are evaluated under the null hypothesis.
Estimation under the more general restricted model
is therefore avoided. The idea underlying the test is
that when the null hypothesis is correct, the restricted
estimate ofθ0 will tend to be near the unrestricted
maximum likelihood estimate. Consequently, the first
derivative, orS(θ0), will be close to the zero vector.
Under the usual maximum likelihood regularity con-
ditions, the LM statistic is asymptotically equivalent
to the likelihood ratio statistic.

Since most traditional event studies use the single
index, or step-1 market model, we would like to espe-
cially focus on this model. In this model, the null hy-
pothesis assumes thatβ is not stochastic and that error
termset have constant variance. For non-stochasticβ,
we write

βt = β,

which is fixed for allt . In terms of our general specifi-
cation, the error termat in Eq. (3b) is identically zero,
or σ 2

a equals zero. Onceβ is taken to be fixed, the au-
toregressive coefficientφ becomes irrelevant. As there
is no stochastic parameter variation, it does not mat-
ter what value is attached to this coefficient. This is
described as follows:

H10 : α = 0, σ 2
a = 0,

versus

H11 : α 6= 0, σ 2
a > 0 (but specifiedφ = 0).

One difficulty associated with this problem is that the
null hypothesis specifies a value on the boundary of
the parameter surface – that is to say, we know that the
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Table 1
Model building procedure

Step Identification Estimation Diagnostic checking

1. Simple market model Least squares ACF ofε̂t

LM1 test

2. VCR model ACF ofε̂t from step-1 model, Maximum likelihood t-test, ACF of ε̂t

CCF of ε̂t , rmt ACF of ε̂2
t

3. Step-1 model with ACF of̂ε2
t Maximum likelihood LR test andt-tests

GARCH equation ACF of residuals from GARCH equation

4. Final model From previous steps Maximum likelihood From previous steps

varianceσ 2
a cannot be less than zero. When the pa-

rameter is interior to an open set in parameter space,
Moran (1970) has shown that the LM test is equiva-
lent to a likelihood ratio test. However, for the bound-
ary situation, the two tests are no longer equivalent
(see Chant, 1974). Chant notes that the usual inferen-
tial procedures based on likelihood ratio tests break
down when the parameter lies on a boundary, but the
LM test remains unaffected and retains its asymptotic
properties [Chant (1974), Section 4]. Accordingly, we
adopt the LM test for this problem. If the above null
hypothesis (H10) is not rejected, we adopt a step-1
model, whereas if the new hypothesis is rejected, we
proceed to test the null hypothesis of a simple market
model with ARCH effect:

H20 : σ 2
a = 0, H21 : σ 2

a > 0.

When the variance equation includes the lagged con-
ditional variance, it does not yield a standard regres-
sion result (See Breusch and Pagan, 1978). For this
case, we adopt a regulart-test. The other choice when
rejecting H10 is to test the null hypothesis of VCR
model, which is,

H30 : α = 0, versus H31 : α 6= 0.

In this case, the log-likelihood function involves the
recursive termβt |t−1, which complicates the regres-
sion framework. Thus, we still adopt the likelihood
ratio test or the regulart-tests. In Table 1, we summa-
rize the model building procedure.

2.4. One-step-ahead forecast errors

Once the model is well specified by the data from
the estimation period (pre-event window), the Kalman

filter can be used to produce the one-step-ahead fore-
cast errors, or innovations, for the post-sample (event
period) data. By standardized one-step-ahead forecast
errors, we mean

zl = vl√
fl

, l ∈ event period,

wherevl andfl are the innovations and variances of
the model (which are a function of the unknown model
parameters). When the model is correctly specifie and
the model parameters are known,zl are uncorrelated
(or independent under normality) with mean 0 and
unit variance. For instance, if the model is the simple
step-1 model, the classical regression

rt = α + βt · rmt + εt , εt ∼ NID(0, σ2)

can be written in a state space form, in which the state
vector at and the transition matrixT are

at =
[

α

β,

]
and T =

[
1 0
0 1

]
.

There are no unknown parameters in system matrix,
T , and therefore the one-step-ahead forecast errors
produced by the Kalman filter technique in classical
regression are uncorrelated and are equivalent to the
OLS recursive residuals as in Brown et al. (1975).
In the more usual case when the model parameters
have been partly estimated, thezl are only approxi-
mately uncorrelated with mean zero and varianceσ 2.
We adopt maximum likelihood estimation, since it is
known to be consistent.
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2.5. Cumulative sum test (CUSUM) – to overcome
event date uncertainty

In many cases, events may have a gradual, as op-
posed to sudden impact upon the market. Accordingly
we shall utilize a technique (the cumulative sum, or
CUSUM technique) which is sensitive to detecting the
gradual shifting of the mean of the return series over
time. This method was first introduced by Page (1954)
in the context of continuous inspection schemes for
quality control. Because the CUSUM technique makes
use of information trends involvingsuccessiveobser-
vations and not onlysingle observations, this tech-
nique is more likely to detect a gradual change that
takes place over time than other schemes used in the
classical event study methodology.

Our purpose is to be able to reliably detect the ef-
fects caused by a specific event in a given return series.
Initially, suppose that we can use as much information
as possible in order to determine that no event effect
is present in the data prior to timeτ . Model parame-
ters are estimated during the period incorporating the
first τ − 1 observations. Thus, the estimators and the
model structure will be unaffected by the event. Our
null hypothesis assumes that the appropriate market
model for assessing the “event effect” is the one that
we inferred from using estimation period data, i.e.,
the model with the stochasticβ and GARCH errors.
The alternative hypothesis is that, due to the event, the
response structure is different from the assumed one
and that it is unrestricted. Hence, if the one-step-ahead
forecast errorszl are significantly far away from their
expected null value of zero, this would indicate that
the observations in the estimation period and the event
period are generated from different models. Therefore,
our proposed test statistic is based onzl , and it takes
the form

Zr =
r∑

i=−t1

zi, r = −t1, −t1 + 1, . . . , t2. (6)

For convenience, we change the notation to (1, n), by
letting n = t2 − (−t1) + 1 be the number of days in
event period window, 0 is denoted as the event day.
Then

Zr =
r∑

i=1

zi, r = 1, . . . , n. (7)

When the model parameters are known,Zr obeys a
student-t distribution, and a recursivet-test with nor-
mal distribution may be performed. However, the ex-
act distribution forZr is unknown when the model
parameters are partially estimated. Thus, we propose
a portmanteau test instead of considering an exact dis-
tribution. To develop a portmanteau test, we use an
invariance principle for random walks (Feller, 1970,
pp. 342–343), which basically states that the asymp-
totic distribution of certain functions of random vari-
ables are insensitive to changes of the distributions of
these random variables. Let

T = max
r≤n

|Zr |. (8)

Then, asn → ∞,

Pr

{
T√
n

≤ t

}
→ 4π−1

∞∑
k=0

(−1)k(2k + 1)−1

· exp

{−(2k + 1)2π2

8t2

}
. (9)

Under the null hypothesis, the relationship depicted
in Eq. (9) should hold approximately for moderate
sizen. For a given series, let 1− p∗ denote the value
computed from the right-hand side of Eq. (9) witht

given by

t = max|Zr |/
√

n. (10)

That is,p∗ is the observed significance level of the
test. The test rejectsH0 at α level of significance if
p∗ < α.

The graphical technique associated with the
CUSUM also provides abundant information con-
cerning the determination ofwhenthe return structure
changed. The cumulative sumsZr may be plotted
sequentially to give a graphical method for detecting
the approximate location of the “turning point”. If
there is no effect up to timet = t0, 1 < t0 < n, but
there is an effect fromt0 on, then the sample path of
Zr should perform a downward (negative) trend from
zero starting att0. In other words, the turning point
in the sequential plot ofZr is roughly att0. Thus, the
previous test statistic can be accompanied by a plot
of CUSUM to visually verify the effect.

At a given level of significanceα, a statistical as-
sessment of the significance of the CUSUM graph is
obtained by plotting two predefined values above and
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Fig. 1. CUSUM plot where change occurred at time 5.

below the horizontal axis corresponding to the likeli-
hood of boundary crossing by CUSUM of these lines
being exactlyα. Brown et al. (1975) derived the equa-
tion of these boundary crossing lines as

y = ±[d + c(t − 1)]

for some t in (1, n), where d = a
√

n − 1, c =
2a/

√
n − 1, anda can be solved from the equation

Q(3a) + exp(−4a2)(1 − Q(a)) = (1/2)α, (11)

where

Q(z) = 1√
2π

∫ ∞

z

exp(−1/2u2)du.

One rejects the hypothesis of no trend (zero effect or
no event effect) at level of significanceα if the plotted
CUSUM graph crosses either of the two prespecified
lines. Useful pairs of values ofα anda are

α = 0.01, a = 1.143

α = 0.05, a = 0.948

α = 0.10, a = 0.850.

For a one-tailed test, one would take the significance
level asα in Eq. (11), instead ofα/2 as used in a
two-tailed test.

2.6. Simulation examples

In order to illustrate the technique as well as the
graphical methodology associated with the CUSUM
plot, we simulate several different market models in
the following examples.

Example 1 (Simple market model). We simulate the
series in which the beta changes in event period. In
the following data sets, we choose the size of the es-
timation period to be 100, and, the size of the event
period window to ben = 30. The postulated model is

yt = xt + εt , t = 1, 2, . . . , 105,

= −3.0 + 2.0 · xt + εt , t = 106, . . . , 130,

where theεt ’s are unit normal and thext ’s have a
uniform distribution (0, 1). As can be seen in Fig. 1,
the turning point is about at the sixth observation in the
event period (the 106th time point). After this turning
point, the CUSUM plot exhibits a trend (upward in this
case). The precisep∗ value calculated from Eq. (9)
(with t given by Eq. (10)) is 0.0025.

Example 2. This example is similar to Example 1,
but it does not consider any ‘changing point’; i.e., the
model is

yt = xt + εt , t = 1, 2, . . . , 130.
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Fig. 2. CUSUM plot where no change in structure occurred.

The CUSUM plot for example 2 is shown in Fig. 2.
In this case, the plot does not exhibit any evidence of
a persistent trend, and thep∗ value calculated from
Eq. (9) (with t given by Eq. (10)) is 0.865, indicating
that there are no significant changes.

Example 3(Step 2 model: VCR model). Here the pos-
tulated model is

yt = βtxt + εt , t = 1, 2, . . . , 105,

yt = −10+ βtxt + εt , t = 106, . . . , 130,

where the stochastic risk parameterβ evolves accord-
ing to

βt − 2 = 0.3(βt−1 − 2) + at , at ∼ NID(0, 1).

The CUSUM plot for example 3 is shown in Fig. 3.
Again, a clear downward trend begins around the sixth
point, and thep∗ value is equal to 0.003.

3. An empirical study

Next, we apply the methodology outlined in the
previous section of the paper to an investigation of
the financial implications associated with the pas-
sage of California’s Proposition 103. Proposition
103 provides a unique opportunity to empirically

examine the impact of a well-publicized regulatory
change on the stock market values of a regulated
industry (specifically, the property-liability insurance
industry). Because Proposition 103 was extremely
well publicized over an extended period of time, this
particular event provides a nearly ideal setting for
comparing our methodology with the classical event
study methodology.

Next, we provide some background information on
Proposition 103, and discuss the sample design and
data analysis. The results obtained using our method-
ology are also reported and compared with the results
of other studies that have applied the classical event
study methodology to this particular event.

3.1. The background behind California’s Proposition
103

On 8 November 1988, the voters of California
narrowly passed Proposition 103, a referendum that
mandated substantial changes in the manner in which
the state’s automobile insurance market was to be
regulated. Specifically, this referendum called for
all insurance rates to be rolled back by 20% below
November 1987 levels and froze rates at those lev-
els until November 1989. It also changed the state’s
long-standing competitive rating law to a prior ap-
proval law, granted an additional 20% “good” driver
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Fig. 3. CUSUM plot with stochastic b and change occurring at time 5.

discount, and attempted to reduce insurance prices
for urban drivers by eliminating or reducing reliance
on “territorial rating”.5 As a result, California aban-
doned a market-oriented pricing system for a heavily
regulated system. The passage of Proposition 103
marked the culmination of a bitter struggle between
consumer groups, which favored the change, and the
insurance industry, which opposed it.

The impetus behind Proposition 103 was partly due
to a “cost crisis” in the market for automobile insur-
ance. During the three years preceding the referen-
dum, the cost of automobile insurance in California
increased by 40%.6 Representatives of the industry ar-
gued that higher insurance rates were justified because

5 Quite interestingly, while Proposition 103 passed by a very
close overall margin of 51–49%,51 of the 57 counties in California
voted against it. Most of the vote in favor of the initiative came
from six highly urbanized counties surrounding Los Angeles and
San Francisco. Since claims tend to be more frequent and severe
in urban areas, it should come as no surprise that voters in these
areas would vote in favor of a statute which (by deemphasizing
territorial rating) would essentially create a wealth transfer from
rural to urban drivers.

6 While this would appear to be a rather substantial increase in
costs, it is instructive to note that over this same period, a similar
“crisis” was occurring nationwide. Cummins and Tennyson (1992)
note that from 1984–1989, the auto insurance CPI grew at a 9%
annual rate nationwide, compared to a 3.5% annual rate for the
all-items CPI.

operating costs had been driven up by steadily rising
medical fees and increased litigation. In addition, de-
clining interest rates during this same period had re-
duced insurance companies’ investment income.

Both consumer and industry organizations devoted
substantial effort to preparing for the referendum.
A lobbying group known as the Insurance Initiative
Company Committee (representing insurers under-
writing more than 90% of written premiums in Cal-
ifornia) spent over $60 million to defeat Proposition
103. Consumer advocates (including Ralph Nader,
Common Cause, and the Consumer Union) spent
$2.2 million to convince voters of the merits of the
referendum.

Proposition 103 promised to provide short-term
benefits for the consumers. The most immediate at-
traction was the 20% reduction and freezing of auto-
mobile and other insurance rates for one year. Since
consumers appeared to have such a large financial ad-
vantage from the enactment of Proposition 103, it is
likely that the insurance industry suffered. However,
an alternative view expressed by some groups is that
the regulatory changes instituted in the aftermath of
Proposition 103 may ultimatelybenefitthe insurance
industry. For example, some industry experts argue
that by superimposing a “fair return” standard onto
Proposition 103 (see Hill and Celis III, 1989), the
courts may have provided the industry with a loop-
hole that may largely negate the 20% rate reduction
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Table 2
Major features of Proposition 103 ballot on 8 November 1988a

Rate rollback Insurers are required to immediately reduce rates on all insurance other than workers’ compensation and
ocean marine to 20%. In the next year the insurance commissioner can allow increase only if the insurer is
threatened with insolvency.

Regulation of rates All new rates are to be approved in advance by the commissioner.The burden of demonstrating the need for
any proposed increase rests with the insurer.

Good-driver discount Drivers with no more than one conviction for a moving violation can purchase auto insurance at a 20%
discount from regular rates.

Elected commissioner The insurance commissioner will be elected by popular vote rather than being appointed by the governor, and
may not be an officer, agent, or employee of an insurer or have a financial interest in any insurer or licensee.

Taxes The state premium tax will be adjusted so that the total amount of tax collected will remain constant after
the reduction in premium.

Antitrust The antitrust exemption of the insurance industry is repealed.
Rebates The restriction on agents providing rebates to consumers is lifted.
Amendments Changes to this act may be made only through popular vote.
Banking Banks will be allowed to sell insurance.
Rate making Territorial rating will be limited. The primary factors affecting rates will be driving characteristics of the

insured.
Proponents Ralph Nader, AFL–CIO, Consumers Union.
Opponents Insurance industry, Chamber of Commerce, Gov. Deukmejian, Insurance commissioners.
Final vote 51% favorable, 49% against (referendum passed).

aSource: This table is adapted from (Fields et al., 1990), Table 1, p. 236.

provision.7 In Table 2, we summarize the main fea-
tures of the proposition ballot on 8 November 1988.

While the debate over the effect of Proposition
103 on the insurance industry continues,8 several
empirical studies have been done which have exam-
ined how the initiative effected the shareholders of
property–liability insurers. Next, we briefly summa-
rize results from previously published studies.

3.1.1. Empirical studies regarding Proposition 103
To date, three studies have investigated the market

impact of Proposition 103, each using a variant of stan-
dard event study methodologies assuming a known
event. Fields et al. (1990) studied the market reaction
of 36 property–liability firms, most with substantial
exposure in California to capture the market’s reaction
to the 8 November 1988, election results. They cal-

7 As originally passed, Proposition 103 only exempted firms on
the brink of insolvency from having to comply with the 20%
rate rollback. In a subsequent decision on the constitutionality of
Proposition 103, the California Supreme Court struck down the
insolvency exemption rule, and replaced it with a “fair return”
standard. What constitutes a fair return, on what basis it should be
calculated, and how it should be applied to individual companies
continues to be the subject of considerable litigation.

8 Gastel (1994) provides an excellent discussion of the history
of Proposition 103 and the continuing debate associated with it.

culated cumulative abnormal returns over a 101 day
period (−65, +35). Negative cumulative abnormal re-
turns were observed over a 46 day period (−20, +25).
They suggest that this is evidence of a sustained mar-
ket revaluation. However, it is quite plausible that
this proposition would simultaneously affect return
and risk, in view of changes such as the abolition of
territorial rating, the elimination of certain antitrust
exemptions, and the mandating of a “good driver” dis-
count. Noβ adjustment mechanism is employed by
Fields et al.; therefore, a shift in systematic risk and a
market reaction are not simultaneously recognized.

In a related study, Szeweczyk and Varma (1990)
performed an event study in which they measure not
only the market reaction to the passage of Proposi-
tion 103, but also to a subsequent California Supreme
Court ruling that upheld most of the provisions of
Proposition 103. In this study, a classical methodol-
ogy was used with a three day (−1, +1) and 21 day
(−10, +10) event window. They conducted their study
on a sample consisting of 17 property-liability firms
with significant exposure in California, 25 randomly
selected property–liability firms with no California ex-
posure and 25 non-insurance firms. Like Fields et al.,
Szewczyk and Varma reported a significant negative
reaction for all insurers, but a more pronounced reac-
tion for those with California exposure.
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Table 3
Chronology of key press reports relating to California’s Proposition 103 ballot on 8 November 1988a

Trading days relative
Date to election day Press report

10/25 −10 Several polls indicated that Proposition 103 is leading the rest of the initiatives and more
likely to pass. (LAT)

11/5 −1 California Field Poll indicates that 49% favor, 37% oppose, and 14% are undecided. (LAT)
11/7 −1 Negative impact on insurance industry stocks is expected if proposition is approved. (WSJ)
11/8 0 Election day.
11/9 +1 Final results show Proposition 103 wins by 200,000 votes. The insurance industry files court

challenge to Proposition 103. (LAT)
11/10 +2 Consumer advocate groups threaten to move campaign into other states. (WSJ)
11/11 +3 Insurance companies threaten to withdraw from California market. (WSJ)
11/14 +4 S & P indicates a probable reduction in credit in the credit ratings of insurers doing business

in California. (WSJ)
11/18 +8 Moody’s indicates that Proposition 103 means financial concern for insurance firms. (LAT)
11/22 +10 Consumers in other states launch efforts to reduce insurance rates. (WSJ)

aSource: This table is adapted from Fields et al. (1990), Table 2, p. 237.

In an effort to extend the previous two studies,
Shelor and Cross (1990) expanded the sample of firms
used by Fields et al., to include more firms with-
out significant California exposure. This study used a
21 day window (−10, +10), but unlike the previous
studies, Shelor and Cross found a significant negative
market only for firmswithout appreciable California
exposure. They attribute the differences of their re-
sults to their large samples, to a differentβ estima-
tion interval and to the use of firm size as a control
variable.

What these studies have in common is that they
focus attention upon the election itself. None of these
studies provide any information concerning the timing
of the actual market anticipation of the event. Our
methodology provides a means for deciding the real
“event day”; i.e., the day on which the market began to
react. Next, we outline the timing of events associated
with the passage of Proposition 103.

3.1.2. The timing of events
Proposition 103 received extensive news coverage

before the election. The first national coverage of the
bill came on 8 June 1988, when it was discussed in
the Wall Street Journal(WSJ). However, on 25 Oc-
tober (two weeks prior to the election), TheLos An-
geles Times(LAT) predicted that Proposition 103 had
a good chance of being approved, and on Saturday, 5
November, released a poll showing that voters favored
the measure by a 12% margin.

The final vote on the proposition was close, with
51% in favor and 49% opposed. As would be ex-
pected, the returns indicate substantial support for the
law in densely populated areas and little support in ru-
ral districts. (The elimination of territorial rating under
Proposition 103 would lower the cost of automobile
insurance for urban drivers while increasing costs for
rural motorists.)

Following the election the insurance industry filed
a suit challenging the law, and the California Supreme
Court blocked the laws implementation in order to
consider its constitutionality. In mid-November 1988,
Standard & Poor’s and Moody’s expressed concerns
about the financial implications of Proposition 103 for
insurers operating in California. Table 3 provides a
chronology of key events related to the proposition.

3.2. Sample design and data

A sample of 52 publicly traded insurance compa-
nies with substantial involvement in property–liability
insurance was selected fromA.M. Best’s Aggregates
and Averages. (Many of the property–liability firms
listed by Best’s are subsidiary companies of parent
firms. In these cases, the parent firms’ stock prices
are used in the analysis). Any firm with confound-
ing events such as a proposed tender offer, litigation,
stock split, or takeover defenses were eliminated from
the sample to control for other market distortions that
might have been precipitated by these events. Those
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Table 4
Property–liability insurers in the sample

Firm Ticker symbol Exchange

Amwest Insurance AMWEST NYSE
Aetna Life and Casual AET NYSE
Transamerican TRANS NYSE
American General AGC NYSE
Chubb CHUB NYSE
Cigna CIG NYSE
CNA Financial CNA NYSE
Continental CIC NYSE
Lincoln National LIN NYSE
Orion Capital ORION NYSE
Progressive Group PROG NYSE
Teledyne TDY NYSE
Travelers TRAV NYSE
USF& G USFG NYSE
Xerox (Crum/Forster) XEROX NYSE
Belvedere BELV NYSE
Hanover Insurance HINS OTC
Ohio Casualty OHCA OTC
Safeco SAFC OTC
St Paul STPC OTC
Seibel Bruce Group SEBG OTC

firms are also excluded from the sample, if the nec-
essary financial data was incomplete. For firms listed
on either the New York Stock Exchange (NYSE) or
the American Stock Exchange (ASE), daily stock re-
turns were taken from the Center for Research in Se-
curities Prices (CRSP) tape. Closing prices recorded
in the “NASDAQ National Market Issues” pages of
theWall Street Journalwere used for firms trading on
the Over-The-Counter (OTC) market. The market re-
turn was measured using the CRSP unweighted index.
The final sample consisted of 21 companies, three of
which had no property–liability exposure in Califor-
nia. The sample firms are listed in Table 4.

The market reaction usually is better captured in
price movements over time and not on a single event
day. Thus, the duration of the event period should
be determined first. The determination of the starting
point of the event period, or the endpoint of estimation
period, must be carefully chosen so that the estima-
tion period will not contaminate any potential effects
due to the event. From Table 4, day−10, 25 Octo-
ber 1988 appears to be a good choice as the starting
point. Also, in order to have a moderate event win-
dow size, a (−10, 20) or 31 day window surrounding
the election date of 8 November 1988 (labeled day 0),

is selected for this study. Of course, the longer event
period with a starting day much earlier than Novem-
ber 8 (day 0) can be constructed. We also performed
an analysis using a 51-day (−30, 20), event window,
however, the average residuals for the first 20 days was
close to zero, reinforcing our choice of (−10, 20). The
expected daily return for each security was computed
by observing the market behavior over a 120 trading
day’s interval prior to the event window, i.e., using re-
turn observations beginning 130 trading days before
election day and continuing until 11 days before the
event window.

3.3. Data analysis

For each firm, the identification, estimation and di-
agnostic checking stages have been done to deter-
mine the final model for the estimation-period data.
Simple market models are well specified for some
of the firms. However, ARCH effects and nonstation-
ary betas are present for other firms in our sample,
which indicate that the traditional event study method
may be inappropriate and therefore cause some of the
problems that we have already discussed. The mod-
els for each firm and diagnostic statistics (LM statis-
tics, Box–LjungQ statistic) are all shown in Table 5.9

After employing the selected market model, the cumu-
lative abnormal returns (standardized one-step-ahead
forecast errors) during the event period are examined.
We hypothesized that Proposition 103 would have a
negative effect on insurance company stock prices,
and calculated thep-values (Eq. (9)) for each firm and
the approximate timing when the firm’s stock price
reacted to the information, if thep-value were small
enough to compare to the level. They are all shown in
Table 6.10

3.4. Discussion

While most of the companies examined had
negative standardized cumulative abnormal returns
(CAR’s) during the event period, CAR’s were

9 For illustrative purposes, we have attached ACF and partial ACF
plots for Amwest Insurance Company and Orion Capital Corp. in
Fig. 6–13.
10 CUSUM plots for a company showing a significant effect (the
Progressive Group) and for a company showing a non-significant
effect (Travelers Corp.) are exhibited in Figs. 4 and 5.
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Table 5
Final modelsa

Firm α β φ σ 2
a α0 α1 α2

AMWES 1.2E−4 1.054 0.332 0.21E−2 0.24E−19 0.8339 0.2112
(.0019) (.391) (.956) (.0019) (.0003) (.014) (0.0243)

AET 5.1E−4 1.716 −0.114 0.102E−5 0.023E−7 0.975 0.03
(.0012) (.259) (0.2675) (0.0011) (.0229) (0.015) (0.016)

TRANS −0.3E−4 1.696 0.846 0.27E−2 0.14E−8 0.3885 0.143
(.0008) (.178) (.987) (.5E−2) (.003) (0.0167) (0.0089)

AGC 9.0E−4 1.427 0.99 0.14E−7 0.34E−9 0.8469 0.1869
(.001) (.215) (1.0) (.304) (.0047) (.0098) (.013)

CHUB 2.5E−4 1.235 −0.98 0.24E−9 0.17E−9 0.9264 0.0735
(.0001) (.2087) (1.72) (0.0008) (0.0006) (0.046) (0.0408)

CIG 8.4E−4 1.262 0.1796 0.14E−10 0.34E−12 0.882 0.154
(.001) (.21) (1.006) (0.0032) (0.0003) (0.0297) (0.04)

CNA −1.8E−4 1.966 −0.87 0.14E−9 0.867E−7 0.921 0.0852
(.0012) (.256) (1.53) (0.996) (.998) (0.024) (0.024)

CIC 7.6E−4 0.926 0.859 0.054 0.021 0.22E−9 2.34
(.0008) (.166) (.578) (0.04) (0.0044) (0.015) (0.01)

LIN 5.1E−4 1.716 −0.997 0.2734 0.3932 0.22E−6 6.476
(.0012) (.259) (1.21) (.0053) (0.0051) (0.0539) (0.112)

ORION 1.5E−4 0.648 −0.62 0.139E−5 0.278E−9 0.897 0.119
(.0012) (.261) (3.32) (0.859) (0.759) (0.096) (0.1)

PROG 2.1E−4 0.328 0.472 0.23E−5 0.145E−3 0.36E−7 0.15E−3
(.0003) (.112) (0.031) (0.0043) (0.432) (0.0654) (.0067)

TDY −4.9E−4 1.068 0.42 0.62E−2 0.176E−3 0.22E−12 0.17E−2
(.0006) (.1176) (0.0293) (0.0021) (0.6E−4) (0.0289) (.0098)

TRAV 3.4E−4 1.191 −0.79 0.13E−6 0.338E2 0.22E−9 1.2
(.0009) (.181) (1.264) (3.12) (21.57) (0.992) (7.13)

XEROX 0.4E−4 1.55 −0.054 0.27E−7 0.54E−4 0.886 0.128
(.0009) (.181) (1.849) (0.404) (0.012) (0.013) (0.025)

BELV 1.8E−4 0.92 0.433 0.54E−8 0.203E−5 0.0749 0.0996
(.0026) (.5472) (0.978) (.1E−5) (.2E−4) (.0014) (.0023)

HINS 1.2E−3 1.274 −0.999 0.14E−8 0.22E−10 0.34 0.16E2
(.0012) (.385) (0.995) (0.823) (1.21) (0.121) (1.51)

OHCA 2.7E−4 0.797 0.054 0.33E−5 0.48E−3 0.64E−4 0.0038
(.0009) (0.274) (0.76) (.4432) (0.012) (0.086) (0.025)

SAFC 8.7E−4 1.4301 0.69 0.14E−9 0.278 0.0946 0.0476
(.0001) (.3596) (0.876) (.859) (0.076) (0.018) (0.019)

STPC −2.2E−4 1.824 −0.974 0.14E−6 0.13 0.22E−7 0.306
(.001) (.302) (1.0) (0.996) (0.038) (0.021) (0.016)

SEBG −2.5E−4 0.765 −0.031 0.27E−5 0.54E−7 0.939 0.06
(.0016) (0.508) (1.251) (5.87) (1.003) (0.02) (0.019)

aThe standard errors for each estimate are shown in parenthesis.

significantly negative (at 5% or 10% levels) for only
four firms, or about 15% of the sample. The Propo-
sition 103 studies cited earlier adopt the standard
procedure of calculating cumulative abnormal returns

across all firms, and all report a significantly neg-
ative market reaction to the passage of Proposition
103. However, we choose not to aggregate abnormal
returns across companies, since both calendar and
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Fig. 4. CUSUM plot of the Progressive Group, Inc.

Fig. 5. CUSUM plot of the Travelers Corp.

industry clustering11 problems exist. Nevertheless,
general inferences may be drawn, since 85% of the
firms showed no significant negative effect.

The CUSUM plots revealed that the turning points
are not at the election day itself. For example, Progres-
sive Group exhibited a significant price decline 25 Oc-

11 Calendar, or “event” clustering refers to a situation when the
event being considered occurs at or near the same time for all
of the firms in the sample. Industry clustering refers to events
concentrated in the same industry. Industry clustering and event
clustering are known to reduce the power of the traditional event
study methods (see Dyckman et al., 1984).

tober (day-8), when theLos Angeles Timessuggested
that Proposition 103 was more likely to pass (see
Fig. 4c). We also examined whether there may be a
firm-specific characteristic that might explain why cer-
tain firms have significant (negative) effects while oth-
ers do not. Shelor and Cross concluded that small firms
were more exposed to the potentially negative conse-
quences of Proposition 103 than large firms. However,
we (like Fields et al.) fail to detect a size effect. In ad-
dition, when we reviewed the major characteristics of
Proposition 103 (see Table 2), we found that the initia-
tive’s key provisions involved a number of regulatory
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Fig. 6. The ACF of residuals from step-1 model (Orion Capital Corp.).

Table 6

Firm LM1 Q6 Q∗
6 p∗

AMW 40.21 0.273 0.00 0.32
AET 0.29 0.768 0.793 0.3
TRANS 0.31 0.806 0.204 0.32
AGC 2.04 0.72 0.03 0.13
CHUB 26.88 0.452 0.000 0.47
CIG 3.67 0.28 0.648 0.35
CNA 8.10 0.03 0.542 0.43
CIC 0.12 0.45 0.46 0.013
LIN 15.52 0.358 0.43 0.37
ORION 4.54 0.906 0.441 0.23
PROG 40.96 0.15 0.92 0.047
TDY 3.0 0.13 0.407 0.101
TRAV 4.7 0.365 0.56 0.55
USFG 7.2 0.12 0.524 0.55
XERO 0.552 0.22 0.132 0.55
BELV 10.68 0.436 0.251 0.45
HINS 19.68 0.41 0.03 0.43
OHCA 0.946 0.2 0.56 0.15
SAFC 0.912 0.4 0.648 0.11
STPC 2.328 0.2 0.4 0.43
SEBG 8.54 0.2 0.15 0.32

LM1 refers to testH0 : σ 2
a = 0, α = 0, vs.Ha : σ 2

a > 0, α 6= 0
(but specified (φ = 0).

Q6 column refers to the probability for testing white-noise of
residuals from step-1 model,Q∗

6 has similar definition, but for
testing white noise of squared residuals.

χ2(3, 0.05) = 7.81, χ2(2, 0.05) = 5.99, χ2(3, 0.1) =
6.25, χ2(2, 0.1) = 4.61.

restrictions on the Californiaautomobile insurance
market (such as the “good driver” discount and the
territorial rating limitation). Therefore, we decided to
investigate whether firms that concentrate their books
of business in the automobile insurance market were
more significantly affected by Proposition 103 than
firms specializing in other lines of business. We col-
lected data fromA. M. Best’s Premium–Loss–Expense
database on automobile premiums written (APW) and
total premiums written (TPW) during 1987, and cal-
culated the ratio APW%=APW/TPW for each firm in
our sample. This information is presented in Table 7.

Next, we compare a firm that had a significantly
negative reaction to Proposition 103 (Progressive
Group (p-value= .047)), with a firm whose reaction
was not significant (Amwest Insurance Company
(p-value= 0.32)). Progressive Group is primarily an
auto insurer (its APW%=96.26%), whereas Amwest
specializes in lines of business other than auto in-
surance (its APW% is 0). This dichotomy suggests
that APW might be a potential explanatory variable
for determining the market reaction to Proposition
103. Upon further examination however, the signif-
icance of this variable is questionable. For example,
Hanover Insurance did not experience a significant
stock price reaction to Proposition 103; yet over half
of its business is in automobile insurance. However,
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Fig. 7. Partial autocorrelations of residuals from step-1 model (Orion Capital Corp.).

In the ACF and PACF plots, the dotted lines represent the limits. We can see that the autocorrelations (up to lag 24) are all within two
standard deviation±2/

√
T . Q statistics calculated for several lags, for instance 6, 12, etc. are not significant.

Fig. 8. ACF of squared residuals from step-1 model (Orion Capital Corp.).
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Fig. 9. PACF of squared residuals from step-1 model (Orion Capital Corp.)

Again, the squared residuals from step-1 model are checked by ACF and PACF techniques. It was very clear pattern that the squared
residuals exhibited white noise behavior.

Fig. 10. ACF of residuals from step-1 model (Amwest Insurance Company).
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Fig. 11. PACF of residuals from step-1 model (Amwest Insurance Company).

Fig. 12. ACF of squared residuals from step-1 model (Amwest Insurance Company).
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Fig. 13. PACF of squared residuals from step-1 model (Amwest Insurance Company).

In the case of the Amwest Insurance Company, the residuals appeared to behave like white noise. However, the squared residuals are
autocorrelated when checking from ACF and PACF plots, and theQ statistics are significant. This preliminary checking causes us to check
the ARCH effect in the Amwest Insurance Company return series.

when we investigate this particular company further,
we find that the proportion of total premiums written
by Hanover inCalifornia is quite small. This find-
ing suggests that our APW% variable may be too
aggregated; ideally, it would be helpful to be able to
calculate an APW%in California variable for each
company.12 Unfortunately, such detailed information
(premiums written by line and by state) is not avail-
able from data sources that we could access. However,
from the previous discussion, we may conclude that
APW% and the percent of total premiums written in
California (PW%) are important proxy variables for
use in investigating the impact of Proposition 103.

12 For the Progressive Group, the premiums written in California
ranks first among the domiciles in which it is licensed.

Fields et al., also concluded that the total premiums
written in California by a firm is a critical variable in
explaining negative CAR. Shelor and Cross showed
no significant impact on California property–liability
or multi-line insurers while on occasion there was a
significant negative impact on non-California firms.
These two conclusions are extremely different.

It should be noted that our finding for the Amwest
Insurance Company case is inconsistent with the re-
sults of Fields et al., who showed that the Amwest
Insurance Company had thelargestnegative CAR in
their sample during a 40-day event window. This in-
consistency may be due to the different event period,
or due to the specification of an ARCH effect for
Amwest Insurance Company data. Once the empiri-
cally verified ARCH effect for this firm is incorporated
into the model, it decreases the standardized residual
and leads to the conclusion that Proposition 103 did
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Table 7

Corp. APW% PW% in California

AMWEST 0.0 46.1
AET 32.84 9.0
TRANS 33.6 35.4
AGC 11.48 N/A
CHUB 11.66 14.4
CIG 19.27 12
CNA 21.02 11.7
CIC 20.07 9.0
LIN 34.97 10.9
ORION 26.10 18.6
PROG 94.76 23.4
TDY 15.23 7.1
TRAV 36.12 7.1
USFG 25.34 N/A
XERO 27.84 26.7
BELV 16.63 N/A
HINS 51.24 N/A
OHCA 46.54 22.1
SAFC 30.24 25.0
STPC 11.71 5.1
SEBG 31.92 0

APW% is defined as the percentage of auto premiums written
in proportion to the company’s entire book of business. Auto
premiums written includes auto liability and auto physical damage.

not have a significant impact upon this firm’s stock
price.13 Thus, we suspect that the inconsistent results
may be due to model misspecification by Fields et al.

In summary, the major portion (85%) of publicly
traded insurance companies in our sample showed
no significantly negative effect to the passage of
Proposition 103.

4. Conclusion

The classical event study methodology uses a sim-
ple market model for calculating abnormal returns and
implicitly assumes that the security residuals are un-
correlated with a variance that is constant through both
the estimation and the event periods. The test statistic
used in the classical event study methodology is then
simply the sum of the event period abnormal returns
divided by the square root of the sum of all securities’
estimation-period residual variances. Under normality,

13 Note: FGKK utilized traditional event study method, which
assumes the (conditional) variance being constant over time. It
might underestimate the variance.

independence, and stationarity assumptions, this test
statistic has a student-t distribution that is used to as-
sess the “significance” of the event. A number of stud-
ies have shown that the above statistical assumptions
are inappropriate and impart a bias toward detecting
event-related “effects,” irrespective of whether such
effects actually exist.

In this paper, we developed a dynamic market
model to obtain the expected returns of individual
securities. This model takes into account certain
known characteristics of financial time series, includ-
ing time-varying beta, autocorrelated squared returns,
and the fat-tailed property of daily return data. An
autoregressive process with order 1, AR(1), is initial-
ized for β, and a GARCH(1,1) process is utilized to
model the time-varying conditional variance.

For parameter estimation, a maximum likelihood
approach is used. The estimation process is completed
via a numerical optimization algorithm in conjunction
with a Kalman filter technique, which makes the com-
putation more efficient. Model diagnostic checking
includes informal tools, such as Box–Jenkin’s autocor-
relation function (ACF) techniques, as well as formal
test statistics such as the likelihood ratio test and the
Lagrange multiplier test. In addition, the Kalman filter
was used to produce one-step-ahead forecast errors,
which are then used to develop excess return variables.

As in the classical event study methodology, the
null hypothesis is that excess returns equal zero. Our
test statistic is based on cumulative sum (CUSUM) of
standardized one-step-ahead forecast errors. Under the
classical step-1 regression model, the one-step-ahead
forecast errors are equivalent to recursive residuals
that appeared in Brown et al. (1975). It can be shown
that they are uncorrelated and follow a standard nor-
mal distribution. HAowever, for step-2 or step-3 mod-
els, the system matrices contain unknown parameters
when representing the model as a state space form.
In this situation, the property of lack of correlation
still holds for large sample sizes, but the exact distri-
bution of the CUSUM of standardized one-step-ahead
forecast errors is unknown. Accordingly, we propose
a portmanteau test statistic in Eq. (8) using an invari-
ance principle for random walk, from Feller (1970).
The power of the test statistic calculated using the
classical event study methodology is usually affected
by the length of event period; the longer the event
window, the lower the power of the test. However,
in Eq. (8), the length of event window becomes less
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critical. Furthermore, a plot of the CUSUM can il-
lustrate the approximate day when the market begins
reacting to the new information. Simulation examples
were given to show how the CUSUM plots behaved
both when there is no change, and when there is a
change in the step-1 and step-2 market models.

We have applied our new methodology to an ex-
amination of the effect of the passage of California’s
Proposition 103 on the prices of insurance stocks. This
effect previously has been investigated using classical
event study techniques. Because Proposition 103 was
extremely well publicized over an extended period of
time, this particular event provides an ideal setting for
comparing our methodology with the previous studies
that employed the classical event study methodology.
Twenty two publicly traded property–liability insurers,
most with a significant business presence in California,
were chosen for the study. The step-1 model is well
specified for some of the firms, however, time-varying
beta or ARCH effects are specified for some firms.
We investigated individual insurance companies, and
found that only four firms had a significantly negative
stock price reaction to the passage of Proposition 103.
We also found that some firms, such as the Amwest In-
surance Company, did not react significantly to Propo-
sition 103. This result stands in stark contrast to the
results of a previous study by Fields et al. We believe
that the source of inconsistency is due to the fact that
the Fields et al. study did not incorporate the ARCH
effects.

Our study suggests that the application of the clas-
sical event study methodology, without checking the
behavior of security returns for stochastic beta and
GARCH effects, may very well cause researchers to
draw inappropriate conclusions.
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