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1. Introduction

A number of studies have documentiealt theclassicakevent study methodologxhibits a
biastoward detectingeffects,” irrespective of whether such effects actually éxisthis paper
addresses thibias by presenting a nemethodology thatexplicitly incorporates stochastic
behaviors of the market that are documented to exiswvhiuth are assumedway bythe clasical
event study methodologySpecifically,our methodologyinvolves utilizing amarket modethat
incorporatesARCH (autoregressive conditional heterskedastic) effentdudes time-varying
systematic risk paramet@veta), andime-varying conditional variancel-urther, a portmanteau
test statistic based on cumulative sunBUSUM of standardized one-step-ahead errors is
developed. Another important advantageoof propose@pproach is that ialso addresses
issues affectinghe statisticapower of theclassicalevent study methodologpamelyconcerns
about the appropriate width of the event window, as well as theterag of the event.

Besides providing a new method of evantlysis, weuse this method to reanalyze the
effects of a significantegulatory evenfspecifically,the passage @ alifornia’s Proposition 103)
which had previously been investigated using classiaht study techniques. We shawing
our new methodology, that once the known mablataviorsare explicitly moceled, exactly the
opposite conclusion about the effects of this particular event results.

This paper proposes a@ynamic modelfor simultaneously incorporatinggme-varying

systematic riskbeta) and conditional heteroskedasticity in ¢akulation of returns during the

1For example, se¢he papers by Boehmer, Musunaeid Poulsen (1991), Browrand Warne(1985), and
Frankfurter and McGoun (1993).
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estimation period. Excess returns agefined agthe standardized one-step-ahead forecast errors

(instead of residuals as usedtite classicalevent study methodology). The one-step-ahead

forecast errors arealculated usinghe Kalman filtertechnique. A portmantedast isdeveloped
to testwhether thecumulative abnormakturns CAR) aresignificantly different fronzero. This

test, based upon cumulative suJSUM) 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 isincertain (as does tldassicalevent study methodology). In addition, a graph of
the CARcan provide a rougimdication concerninghe point atvhich the market began teact
to the event. This is an important contribution in cases suchPasposition 103, where
information gradually diffuses intihne market. The philosoptoehindour work issimilar to the
problem inthe statistics literature of detecting points of change. Wmsotldirectly endogenize
the type ottime of change into the model, but insteafér a change whethe statistic exceeds a
threshold level.

The paper is organized as follows. In the next section, the methodology is presented.
definethe standardized forecast errorsvdrich the teststatistic is based, and preseeteral

simulation examples. Ithe third section of the paper, &pply our proposednodel to an

2Boehmer, Musumeand Poulsen (1991) simulate an event with stochasffiects. They concludthat when an
event causes eveninor increases in variance, the mosmmonly-used methods rejebe nullhypothesis of zero
average abnormal return too frequently; i.e., find an "effect” too often.

3As a result of theitests of event study methodology statistical power, Bramth Warne(1980) emphasize the
importance of carefully defining event dates duéhtopossible adverse power effectsimdorrectly defined event
dates. The mordays oneanust include in the eventindow (because of inability tpinpoint an event date) the
lower the power ofthe classical evestudy methodology. Most dfie studies define the evetdy ashe day on
which the evenbccurs(e.g., theday of a stoclsplit or merger). This identificatiomay obscur¢he issue of
defining “occurrence”. For instance, Mandelker (1974) ubed date of a mergemnd found no significant
evidence of shareholdegturneffects. Howevenvhen Asquithet al. (1983)usedthe date on which the intent to
merge was announced, they found significaRs and cumulative ARs. Fothe evenstudy consideretiere, we
obtain similar results. The market reacted to an election result, not ewghe(election) day, buather eight
days prior to the election.

We
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examination othe effect of the passage o€Californiaregulatory initiative Proposition 103, on

the stockvalues of insurance companies. This particular event has previously been analyzed in a
number of previous studi¢lsat employthe classicalevent study methodology, so it provides an
excellent case studpr our methodology. The fourth section concludes the paper witiet

summary and conclusions.

2. Methodology

Excess returns are the mathematittierence between observesturns and theammal or
expected returns based upon some model of the return generating process. The excess returns are
also known by a variety afthernames, including abnormegturns, excess returns, prediction
errors, and average residuals. \Wmpose atime-series regression with a Generalized
Autoregressive ConditionallijeteroskedasticGARCH effect market model.This takes into
account certain important characteristics of mamkadels for security pricesamelystochastic,
time varying non-diversifiable risR, and a time varyindneteroskedastic error structure. The
estimation, identification and diagnostic checkipgpcedures for the proposetiodel are
discussed subsequentlyOur new event study methodology is then developed based on
cumulative sums QUSUM of standardized one-step-ahead forecast errors (based upon the
stochasticp and GARCH error marketmodel) inorder to detect the manner which (and

statistical significance of) a particular event affects the market.
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2.1 Model Selection

Much of the event study literature is based on a mamkelel relatingthe return on an
individual asset to the return on a marketex and an asset-specifionstant. Thdasic market

model can be written as
r,=a, +B, 0, e, (1)

wherer, is the one-period return on asset fi@ie t, r,, is the return on the markiidex at time

t, ande, is an uncorrelated error tenvith mean 0 andonstantvariances.”. Forsimplicity, we
subsequently omthe indexi. The parameters in this modek assumed to be stationary, i.e.,
constant over time. Several studiegy.,Hsu (1977; 1982)), however, have fouhd to be an
unreasonable assumption. Furth€hen and Keown(1981) have demonstrated that non-
stationarity in a stock beta coefficient can lead directly to an overestimheuokystematic risk
parameter. Accordingly, wadopt aime-varying coefficient moddor (3 in our marketmodeling

process, i.e.,
rl:a+Bl|]'ml+el' (2)

In principle, theB, termmay bemodeled by anARMA(p,q) process. However, most research
indicatesthat anAR(1) process isufficient. Accordingly, we extenthe singlandex market

model to a time varying coefficient regressioCR model, which can be expressed as follows:

rl:a+Bl|]‘ml+el’ (3a)

where
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B,-B=0(B,,-B)+a, (3b)

and ¢ is the backshift operator. Wenext adapt the markemodel to reflect potential
heteroskedastic behavior tife errorvariancethrough time. Although most traditional event-
study methods assumed a constamiancethrough both the pre- and post-event periods, some,
like Brown and Warner (1985), have notédt if thevariance is underestimatdtie testtatistic

will lead to rejection othe null hypothesis more frequently than it should. Recently, a number of
papers,ncluding those byConnolly (1989) and Schwert anfleguin(1990), fave analyzed the
importance of adjusting for autoregressoanditionally heterskedastiARCH effects in the
residuals obtained frothe conventional market models. It is argtreat theability to reliably
form statistical inferences can be seriously compromisedilyg to consider theARCH error
structure. Sincethe ARCH effect has been shown to Bignificant in many financiaderies, we
takethis into consideration iaur model by applyinghe generalized autoregressigenditionally
heterskedastiGARCH1,1) model tothe error or residual termThis yields athird potential

market model, written as

r=o+B, 2, t+e, (4a)
wheree |@, ~(0,4,),
B.~B=¢(B.. ~PB)+a, (4b)
wherea, ~ (0,0,°), and
h=a,+a,h +a,& . (4c)

Overfitting testscan be performed for testing tbeer of 3, and theorder of thevariance

equation.



Event Study Methodology: A New and Stochastically Flexible Approach

2.2. Model Estimation

In the estimatiorstage, we use thmaximumlikelihood estimator. Thdikelihood function
of the n set of observationsay, y,, ¥,,::+, ¥, IS given by multiplyinghe conditionaprobability

density functions since the observations are correlated; i.e.,
L(y:0) = [ POV 1)
t=1

where p(y[y,,) denotes the conditional distribution gfgiventhe informationset attime t-1.

By the prediction errodecomposition formula, theg-likelihood function of model4a-4c) can

be represented by innovatiomsand their variancek, both ofwhich are functions of unknown
parameters; e.gf = (o, oaz, a). Sincev; and f; involve recursiveterms, theKalman filter
technique is used to estimate tieed parameters of the model, and to obtain therefrom
prediction of future values. S&eockettand Cher{1994) for the mathematicdktails and proof

of convergence of these estimates.

2.3. ldentification and Diagnostic Checking

In the usuatime series model, identification ispaeliminary to estimation athe model.
Here, we need tepecify the three stemodel described earlierThus, identification of the

adequate model will proceed in a number of steps as follow,

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

rl =a +Bl Ij'ml-i_gl’

is identified and estimated by leasjuares in the ordinary regression model. Undenuahe

hypothesis, the ordinary least squa@k9 residuals, should be white noise and uncorrelated
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with the regressor,,. Moreover, the squaresiduals would also perform as white noise.
Otherwise, the autocorrelation functiohQF) of residualst, (or the ACF of squaredesiduals

£.") may suggest a misspecification problem. The test statistic
> re
Q=n(n+2)| =— (5)
n-k

of Ljung andBox (1978) can be used to perform a statistestt to detectsignificant
o , h . - A :
autocorrelation in the erroe () series. Thé autocorrelatiorcoefficient ofé, is -, andQ is

distributedx2 with m degrees of freedom. @ is statistically significant, wenay proceed to

employ the step-2 (or consider tARRCHeffect) model, i.e.,
(i) The random coefficients model,

rl :a +Bl Ij'ml +£l’
is estimated, where

B.~B=¢PB_,~B)+a.

Under thenull hypothesighat there is ndARCH we may(as shown in Li (1981)) use the
conservative bounds &T-1/2 on the squared residuals. Consequently, if regressifficients
are stationary, the squaregsidualsmay come directly fronthe step-1 model. However, if the
time-varying regression coefficierdasespecifiedthe squaredesidualsnaycome from the step-2
model. Therefore, the first caleads tathe estimation of a linear regressiandel withGARCH

effects, and the second caseolvesthe estimation of eme-varying regression coefficiemodel
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with GARCH Once an adequatpecification is availablehe final step involves maximum
likelihood estimation and testing based on the selected model.

Informal tests based on th&CFs may be dne foridentification and diagnostics; however,
we also preserformal statisticatests asvell. One suchest is thdikelihood ratio test,which is
based upon anaximum likelihood approach. Two other tests (thWgald test and Lagrange
Multiplier test)also havesimilar properties to thékelihood ratio test under aequence obcal
alternatives.

The likelihood ratio test isprimarily concerned with testing thealidity of a set of
restrictions on the ®1 parameter vectof. The disadvantage of thikelihood ratio test is that
the model must be estimated undssth thenull and alternative hypotheses. An alternative
Lagrange Multiplier test procedure (see Harvey (1981)) is more attractivambthed is easier to
estimate under theull hypothesis. The Lagrand@ultiplier (LM) test statistic under theull

hypothesis, which is asymptotically distributet, takes the form

LM = S(60)' 1"1(8p) S60).

dlogL

’logL
(6 g

where§0) = Is the score vector an(®) = E 302 ) is theinformation matrixpoth of
S

which are evaluated under thell hypothesis. Estimation under the more general restricted
model is therefore avoided. The ideaderlyingthe test is thawhen the null hypothesis is
correct, the restrictedstimate of8y will tend to be near the unrestrictethximum likelihood

estimate. Consequently, the first derivativeS@), will be close to theero vector. Under the

4 A more complete discussion may be found in a wide range of sources, including Cox and Hinkley (1979).
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usualmaximumlikelihood regularity conditionghe LM statistic is asymptotically equivalent to
the likelihood ratio statistic.

Since most traditional event studies thee singlandex, orstep-1 market model, we would
like to especiallyfocus on this model. In this modéhe null hypothesis assumélat 3 is not

stochastic and that error ter@dave constant variance. For non-stoch@stice write

which is fixedfor all t. In terms ofour general specificatiorthe error terna, in equation (3b) is
identically zero, orog2 equals zero.Oncep is taken to beiXed, the autoregressiveoefficient®
becomes irrelevant. As there is no stochastic parameter variation, odl@eatter whavalue is
attached to this coefficient. This is described as follow:

H1p:, 0=0, 05 =0,
versus

Hyq: 0% 0, 02> 0 (but specifiedp = 0).

Onedifficulty associated with this problem tisat thenull hypothesis specifies a value on the
boundary of the parameter surfacethat is to say, we know that tharianceoy2 cannot beless
zero. Whenthe parameter is interior to an open set in parameter space, MoranHa9&bpwn
that theLM test isequivalent to a likelihoodatio test. However, for thieoundary situation, the
two tests are no longexquivalent (see Chaif1974)). Chant notes that thesual inferential
procedures based on likelihood ratio tests break down thkgrarametdres on aboundary, but
the LM testremains unaffected and retains its asympiatoperties (Chant (1974), section 4).

Accordingly, weadopt thelLM test forthis problem. Ifthe abovenull hypothesis (Hp) is not

10
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rejected, we adopt a stepaiodel, whereas if the nelaypothesis is rejected, weoceed to test

the null hypothesis of a simple market model WwRCH effect:

H20: O'a: 0

Ho1i 62>0

Whenthe variance equatiomcludesthe lagged conditional varianceddes notyield astandard
regression result (See Breusch and Pagan (19F8))this case, wadopt aregulart-test. The

other choice when rejecting; flis to test the null hypothesis of VCR model, which is,
H3g o = 0 versus

H31: a#0.
In this casethe log-likelihood function involveshe recursive tery|t-1, which complicates the
regression framework. Thus, v8éll adopt thelikelihood ratio test or theegulart-tests. In

Table 1, we summarize the model building procedure.

[PLACE TABLE 1 ABOUT HERH

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 filtercan be used to produce the one-step-ahead foextast, orinnovations, for

the post-sample (event period) data. By standardized one-step-ahead forecast errors, we mean

| 00 event period

11
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wherev, andf, are theinnovations and variances tfe model (whichare a function of the
unknown model parameters). When the model is correctly specified and the model parameters are
known, z are uncorrelate(br independent under normality) withean O and unit variance. For

instance, if the model is the simple step-1 model, the classical regression
r=a+B, @, +€, e, ~ NID(052)

can be written in a state space form, in which the state wgcamd the transition matrik are

2

1
|0¢
000

QD

-}

o

—
11
| —
o BB
Ll

There are no unknown parametersystem matrixJ, and therefore the one-step-ahead forecast
errors produced byhe Kalman filter technique in classicakgression are uncorrelated and are
equivalent tothe OLS recursive residuals as Brown, Durbin and Evangl975). In the more

usual case whetihe model parameters have been partly estimaledz areonly approximately

uncorrelated withmeanzeroand variance®. We adopmaximumlikelihood estimation, since it

is known to be consistent.

2.5.Cumulative Sum TesCUSUM -- To Overcome Event Date Uncertainty

In manycases, eventsay have gradual, as opposed to suddempact uporthe market
Accordingly we shall utilize @aechnique (theeumulative sum, oCUSUM technique) which is

sensitive to detectinhe graduashifting ofthe mean ofthe returrseries over timeThis method

12
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was first introduced by Pad@&954) in the context of continuousspection schemdsr quality

control. Because thEUSUM technique makes use of information tremdslving successive
observations andot only singleobservations, this technique is mdkely to detect agradual

changethat takesplace overtime than other schemes used ithe classical event study
methodology.

Our purpose is to bable to reliablydetect theeffects caused by specificevent in agiven
return series. Initially, suppose that wean use amsuch information as possible order to
determinethat no eveneffect is present in thdata prior totime t. Model parameters are
estimated during the period incorporating the firstl observations. Thus, the estimators and
the model structure Wl be unaffected by the eventOur null hypothesis assumebat the
appropriate market model for assesgimg “event effect” is the ortbat weinferred from using
estimation periodlata, i.e., thenodel withthe stochastif andGARCHerrors. Thealternative
hypothesis ishat, due to the event, the response structwléfesent fromthe assumed one and
that it is unrestricted. Hence, if the one-step-ahead forecast eresessignificantly far away
from their expectedull value ofzero,this would indicatghat the observations in tlestimation
period and the event period are generated fildfarent models. Thereforeur proposed test

statistic is based on, and it takes the form

Zr:_z Z r:_tl’_t1+l""tz (6)

For convenience, we change the notation to (1,n), by letting-n(+) +1 be thenumber of days

in event-period window, 0O is denoted as the event day. Then

13
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Whenthe model parameterare known, Zobeys a studesttdistribution, and a recursivietest
with normal distributiormay be pdormed. However, the exact distribution foriZ unknown
whenthe model parametersre partially estimated. Thus, we propose a portmanteatinstead
of considering an exact distribution. To develop a portmantest, we use almnvariance
principle for random walks (Felled,970, pp. 342-3)which basicallystates that thasymptotic
distribution of certain functions of random varialdesinsensitive to changes tfe distributions

of these random variables. Let

T = nrlSzX|Z’|' (8)

Then, as n- o,

9)

Pr{% <t - 4n‘1§( - x+) xp{—_(2k+21)2"2}.

8t
Under the null hypothesis, the relationship depicted in (9) should hold approximately for moderate
size n. For a given series, let Lgenote the value computed from the right hsidd of(9) with

t given by
t=max| Z| iyn. (20)

Thatis, p~ is the observedignificance level othe test. The test rejects H at a level of
. agn .k
significance if p<a.
The graphical technique associated vitte CUSUM also provides abundant information

concerning the determinationwhenthe return structure changed. Tdwnulative sums Zmay

14
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be plottedsequentially to give a graphicalethod for detecting the approximate location of the
“turning point”. If there is no effect up to time t & 1L < § < n, but there is aeffect from § on,
then thesamplepath of Z should perform a downward (negative) trend faero starting atgt
In other words, théurning point in the sequential plot of 8 roughly at§. Thus, the previous
test statistic can be accompanied by a pl@WsUMto visually verify the effect.

At a given level of significance, a statistical assessment of significance othe CUSUM
graph is obtained by plottingwwvo predefined values above and beldlne horizontabxis
corresponding to thikelihood of boundary crossing ByUSUM of theselines being exactlyt.

Brown et al(1975) derived the equation of these boundary crossing lines as
y=%[d+c(t-1)]
for some t in (1,n), wherd=a/n—1, ¢ = 2a/~/n—1, anda can be solved from the equation
Q(3a) + exp (- 4a9)(L - Q(a)) = 1/2a, (11)
where

Qo) == Jexp-Su" M

One rejects thhypothesis of nérend (zerceffect or no event effect) &vel of significancex if

the plottedCUSUMgraph crosses either of theo prespecified lines. Useful pairs of valuesof

and a are
a = 0.01, a=1.143
a = 0.05, a=0.948
a =0.10, a= 0.850.

15
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For a one-tailed test, one would take the significance leweiragll),instead ofr/2 as used in a

two-tailed test.

2.6. Simulation Examples

In order toillustrate the technique agll asthe graphical methodology assatedwith the

CUSUMplot, we simulate several different market models in the following examples.

Example 1: Simple marketmodel. We simulatéhe series imvhich the beta changes in event

period. In the following data sets, we choosesihe ofthe estimation period to H€0, and, the

size of the event-period window to be n = 30. The postulated model is

Y, =X * € t=1,2,..,105,

=-3.0+2.0¢ +¢ t = 106,..,130.

where theg’s are unit namal andthe Xs have a uniform distributio(0,1). Ascan be seen in
Figure 1, the turning point Bbout at thesixth observation ithe event period (the 106time
point). After this turning pointhe CUSUM plot exhibits atrend (upward irthis case). The

precise p* value calculated from equation (9) (wiiven by equation (10)) is 0.0025.
[PLACE FIGURE 1 ABOUT HERH

Example 2: This example is similar to exampleldut it does notonsiderany 'changing point';

i.e., the model is

yt:Xt+ €, t=1,2,..,130.

16
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The CUSUMplot for example 2 is shown in Figure 2. In th&se, the plot doesot exhibit any
evidence of a persistetrend, and the p¥alue calculated from equati¢@) (with t given by

equation (10)) is 0.865, indicating that there are no significant changes.

[PLACE FIGURE 2 ABOUT HERH

Example 3 Step-2 model: VCR model. Here the postulated model is

yt:Bt)(t+£t t=1,2,..,105,
=-10 +[3t X +E t = 106,..,130,

where the stochastic risk paramdievolves according to

B-2=03B,-2) +a a ~ NID(0,1).

The CUSUM plot for example 3 is shown in Figure 3. Again, a cléawnward trendoegins

around the sixth point, and the p* value is equal to 0.003.

[PLACE FIGURE 3 ABOUT HERH

3. An Empirical Study

Next, we apply the methodology outlined in the previous section of the paper to an
investigation ofthe financial implicationsassociated with the passageGaiifornia’s Proposition
103. Proposition 103 providesuaique opportunity t@mpirically examinghe impact of a well-
publicizedregulatory change on th&tock marketvalues of a regulated indust(gpecifically,
property-liability insurance industry). Because PropositioB wasextremely 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.

17
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Next, we provide some background information on Propositi®) anddiscuss thesample
design anddataanalysis. The results obtained usiogr methodology are alsceported and
compared with the results of other studies that have appliethfisecakevent study methodology

to this particular event.

3.1. The Background Behind California's Proposition 103

On November 8, 1988, the voters Ghlifornia narrowly passed Proposition 103, a
referendumthat mandated substantial changes in the mannevhioh the state’sautomobile
insurance market was to be regulat&pecifically, this referendum calléor all insurancerates
to be rolled back by 20 percent below November 18@3sand froze rates at thosvels until
November 1989. It also changed the state's long-standing competitive laatingp a prior
approval law, granted an additional 20 per¢gobd” driver discount, and attempted to reduce
insurance prices for urban drivers by eliminating or reducing reliance on “territorial Patihg’a
result, California abandoned a market-oriented pricing syfstearheavilyregulated system. The
passage of Proposition 103 marked tuémination of abitter struggle between consumer
groups, which favored the change, and the insurance industry, which opposed it.

The impetusbehind Proposition 103 was partly due to a “casisis” in the market for
automobile insurance. During the three years preceding the referendwusttlod automobile

insurance in California increased by gércent Representatives of the industry argtilesit

5Quite interestingly, while Proposition 103 passed bgry closeoverallmargin of 51 to 49 percent, 51 of the 57
counties in Californiavotedagainst it. Most of the vote in favor ofthe initiative came from 6 highly urbanized
counties surroundingos Angelesand SarfFrancisco. Since claims tend to be more freqgaedisevere inurban

areas, it shoulccome as nosurprise thatvoters in these areasould vote in favor of astatute which (by
deemphasizing territorial rating) would essentially create a wealth transfer from rural to urban drivers.

6 While thiswould appear to be a rather substaniirease in costs, it is instructive to nétet 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 percamhual ratenationwide, compared to a 3.5 percantual ratdor the all-

items CPI.

18
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higher insuranceates wergustified becauseperating costs habeen driven up steadilysing
medical feesind increased litigation. In additiafeclininginterest rates durintpis same period
had reduced insurance companies' investment income.

Both consumer and indtry organizations devoted substantial effort to preparing for the
referendum. The Insurance Initiative Company Committdeblaying group that represented
insurance companies industry more than 90 ¥hepremium volumeunderwritten in Caldrnia,
spent over $6Million to defeat Proposition 103. Consumer advocétesuding RalphNader,
Common Cause, artde Consumer Union) spebi2.2 million to convincevoters of themerits of
the referendum.

Proposition 103 promised to provide short-tdoenefitsfor the consumers. The most
immediate attraction was the 20 percent reductiorfraeding of automobile arather insurance
rates for one yearSince consumers appeared to have such a fiaayeial advantage from the
enactment of Proposition 103, it likely that theinsurance industry suffered. However, an
alternative view expressed by some groupsh#é the regulatorychanges instituted in the

aftermath of Proposition 103ay ultimately benefithe insurance industry.For example, some

industry experts arguhat bysuperimposing a “faireturn” standarento Proposition 103 (see
Hill and Celis, 1989Yhe courtanay haveprovided the industry with a loophdleat may largely
negate the 20 percent rate reductoovision’ In Table 2, we summarizbe nain features of

the proposition ballot on November 8, 1988.

7As originally passed, Proposition 103 only exempted firms on the brinkaf/ency fromhaving tocomplywith

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” standardcoitétites a

fair return, on whabasis it should be calculateahidhow it should be applied iadividual companies continues

to be the subject of considerable litigation.

19
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While the debate over the effect of Proposition 103 onrthgrance industry continugs,
several empiricastudies have been doméhich have examinetiow theinitiative effected the
shareholders of property-liability insurerdlext, we briefly summarizeresults frompreviously

published studies.

3.1.1. Empirical studies regarding Proposition 103

To date, three studies hawestigated the markehpact of Propositiod03, eaclusing a
variant of standard event study methodologies asguaknown event. Fields, GhoshKidwell
andKlein (1990) studied the market reaction of @6perty-liability firms,most with substantial
exposure irCalifornia tocapture the market's reaction to the November 8, 1988, election results.
They calculated cumulative abnormedurns over a one-hundred and aiag period-65, +35).
Negative cumulative abnormatturns were observed over a forty-siay period-20, +25).

They suggest thathis is evidence of a sustained market revaluatibfowever, it is quite
plausiblethat this proposition wouldsimultaneously affeateturn and risk, in view o€hanges
such as thabolition of territorial ratingthe elimination ofcertain antitrust exemptions, and the
mandating of a “good driver” discount). Ba@adjustment mechanism is employed by Fietdsl
therefore, a shift in systematic risk and a market reaction are not simultaneously recognized.

In a related study, Szewczyk and Varma (1990) performed an event stwiclinthey
measurenot only the market reaction to the passage of Proposition 103, but also to a subsequent
California Suprem&ourt ruling that upheld most othe provisions of Propositidt03. Inthis

study, aclassicalmethodology was used with a thrdsy (-1,+1) and twenty-onday (-10 ,+10)

8Gastel (1994) provides an excellent discussionhef history of Proposition 1G#hd the continuingebate
associated with it.
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event window. Thegonducted their study onsample consisting of seventeen property-liability
firms with significant exposure in California, twenty-five randomly selected property-lidiort/
with no Californiaexposure and twenty-five non-insuraricens. Like Fieldset al, Szewczyk
and Varmareported asignificant negativaeaction forall insurers, but a more pronounced
reaction for those with California exposure.

In an effort to extend the previotwo studies, Shelor and Cross (1990) expanded the
sample of firms used by Fields al.to include mordirms without significant Californiaexposure.
This studyused a twenty-one dgyl0, +10), butunlike the previous studies, Shelor and Cross

found asignificant negativenarketonly for firms without appreciabl€aliforniaexposure. They

attribute thedifferences of their results to their large samples, to a diff@restimation interval
and to the use of firm size as a control variable.

What these studies have in commornhiat they focus attention upon the electitself.
None of these studies providey informatiorconcerning thetiming of the actual market
anticipation of the eventOur methodology providesmeansfor decidingthe real “event day”;
i.e., the day omvhichthe market began te@act. Next, weutline thetiming of events associated

with the passage of Proposition 103.

3.1.2. The timing of events

Proposition 103 receiveextensive news coverage beftine election. The firstational
coverage of thdill came on June 8,988, when it was discussed the Wall Street Journal

(WSJ. However, on October 25 (two weeks prior to the election) LDseAngeles TimgsAT)
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predicted thaProposition 103 had a good chance of being approved, and on Saturday, November
5, released a poll showing that voters favored the measure by a 12% margin.

The final vote on the proposition was closegith 51% in favor and 49% opposed. As
would be expected, the returns indicate substau@bort for thdaw in denselpopulated areas
and little support in rural districts. (Thelimination ofterritorial rating under Proposition 103
would lower thecost ofautomobile insurance for urban drivevkile increasingcosts forrural
motorists.)

Following the election thensurance industryiled a suit challengingthe law, and the
California SupremeCourt blocked the law's implementation inorder to consider its
constitutionality. In mid-Novembet988, Standard & Poor's and Moody's expressed concerns
about thefinancial implications oProposition 103 for insurers operatingGalifornia. Table 3

provides a chronology of key events related to the proposition.

3.2. Sample design and data

A sample of 52 publiclytraded insurance companies with substantial involvement in
property-liability insurance was selected frémM. Best's Aggregate and Averag@dany of the
property-liability firms listed byBest'sare subsidiary companies garentfirms. In these cases,
the parenfirm's stockprices are used ianalysis). Any firmwith confounding events such as a
proposed tender offetitigation, stock split, or takeoverdefenses wereliminated from the
sample tocontrol for other market distortions thaight have been precipitated these events.
Thosefirms are also excluded from tilsample, ifthe necessaryinancial data wasncomplete.
For firms listed on eithethe New York StoclExchange NYSE or the American Stock

Exchange ASB, daily stock returns were taken from the CenterResearch in Securities Prices
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(CRSB tape.Closing pricesrecorded in the NASDAQNational Market Issues” pages of the
Wall Street Journalvere used fofirms trading on the Over-The-CountédTC) market The
market return was measuresingthe CRSPunweighted index. Thinal sample consisted of 21
companies, 3 of which had no property-liabilyposure inCalifornia. Thesample firms are
listed in Table 4.

The market reactionsually is bettecaptured in pricenovementver time andnot on a
single event day. Thus, the duration of event-period should be determined first. The
determination of the starting point of event period, or the endpoint of estimation period, must be
carefully chosen so that the estimation periodneiticontaminateany potential effects due to the
event. From Table 4, dajl0, October 25, 1988 appears to bgoad choice as the starting
point. Also, inorder to have a moderate evanbhdow size, §-10,20) or thirty-onalay window
surrounding the electiotiate ofNovember 8, 1988 (labeled d@y, isselected for this study. Of
course, the longer event period with a startlag much earlier than November 8 (day 0) can be
constructed. We also performedaralysis using a 51-d€y30,20), event window, however the
average residuals ftine first 20days was close tpero,reinforcingour choice of(-10,20). The
expecteddalily return for each security was computeddgerving the markdiehaviorover a
one-hundred and twenty tradimtay's intervalprior to the event window, i.eysing return
observationdeginningl30 tradinglays before election day and continuing until 11 days before

the event window.

3.3. Data Analysis

For each firm,theidentification, estimation and diagnostic checking stages have been done

to determine thdinal model forthe estimation-periodata. Simple market modelsare well
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specifiedfor some of théirms, however, ARCH effect and nonstationary beta are presented for
some firms, which indicatéhe traditional event-studysing simplemarket modelmay be
inappropriate and therefore causing some probtaatswealready mentioned. The models for
each firm and diagnostic statistitdV statistics, Box-Ljun@ statistic) arell shown in Table 8.
After employingthe selected market model, thenulative abnormaleturns (standardized one-
step-ahead forecast errorguring the event-period arexamined. We hypothesizethat
Proposition 103 would have a negative effecinsurance-companstockprices, and calculated
the p-values (equation 9) for eafim and the approximateming whenthe firm's stock price
reacted to thenformation, ifthe p-value weremallenough to compare to thevel. Theyare all

shown in Table &°

3.4. Discussion

While most of thecompanies examined had negatstandardized cumulative abnormal
returns CARSs) during the event perio€ARs weresignificantlynegative(at 5% or 10%evels)
for only 4 firms, orabout 15% of theample. The Propositidt03 studies citedarlieradopt the
standard procedure ehlculating cumulative abnormedturns acrosall firms,andall report a
significantly negative market reaction to the passage of Propodi8n However, we choose

not to aggregate abnormal returns across companies, since both calendar and industryt€lustering

9For illustrative purposes, we have attache@F and PartialACF plots for Amwestinsurance Company and
Orion Capital Corp. in Figures 6-13.

10cusuUMplots for a company showing a significaffiect (the Progressive Groupndfor a company showing a
non-significant effect (Travelers Corp.) are exhibited in Figures 4 and 5.

11calendar, otevent” clustering refers to a situation whitre event being consideredcurs at onear thesame
time for all of the firms in the sample. Industry clustermefers to events concentrated the same industry.
Industry clusteringandevent clusteringire known taeduce thegower ofthe traditional evergtudy methodgsee
Dyckman, Philbrick and Stephan (1984)).
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problems exist. Nevertheless, general inferenwgs bedrawn,since85% of thefirms showed
no significant negative effect.

The CUSUM plots revealedhat theturning points arenot at theelection day itself. For
example, Progressiv@roup exhibited a significant price declif@@ctober 25 (day -8when the
Los Angeles Timesuggested that Proposition 103 was nlikaly to pass (see Figud). We
also examineavhether thereanay be a firm-specificharacteristic thamight explain why certain
firms have significan{negative) effectsvhile others do not. Shelor and Cross concluthed
small firmswere more exposed to tipetentially negative consequences of Propositia® than
large firms. However, we(like Fieldset al) fail to detect asize effect In addition, when we
reviewed thanajor characteristics of Propositia03 (see tabl2), wefoundthat theinitiative’s
key provisions involved a number of regulatory restrictions on the California automobile insurance
market (such as the “good driver” discount and the territorial ratmtation). Therefore, we
decided to investigate whethiims that concentratéheir books ofbusiness irthe automobile
insurance market were mos@nificantly affected by Proposition 103 théirms specializing in
otherlines of business. Wepllected data frorA. M. Bess Premium-Loss-Expense database on
automobile premiumsvritten (APW and total premiumswritten (TPW) during 1987, and
calculated the ratidAPWo = APWTPW for eachfirm in our sample. This information is
presented in Table 7.

Next, we compare &rm that had asignificantly negative reaction té&ropo#ion 103
(Progressive Groufp-value =.047))with afirm that reactedAmwest Insurance Company (p-
value =0.32)). Progressive Group @imarily anauto insurer (itsAPW% equals96.26%),

whereas Amwest specializeslimes of businessther tharautoinsurance (itAPW%% is 0). This

25



Event Study Methodology: A New and Stochastically Flexible Approach

dichotomy suggestthat APW might be a potential explanatowariable for determining the
market reaction to Proposition 103. Upon furteeaminationhowever, thesignificance of this
variable is questionablef-or example, Hanover Insurance didt experience a significastock
price reaction to Proposition 103; yet oJmalf of its business is in automobile insurance.
However, when we investigate this particwdampany further, wdind that the proportion of
total premiumswritten by Hanover irCalifornia isquite small. This findingsuggests that our
APW% variable may béoo aggregatedideally, it would behelpful to be able te@alculate an

APW% in California variablefor eachcompanyt2  Unfortunately, such detailed information

(premiums written by line and Istate) is notvailable fromdata sources that we could access.
However, fromthe previous discussion, weay conclude tha®PW2% and the percent of total
premiumswritten in Caifornia (PW26) are important proxyariablesfor use ininvestigating the
impact of Propositionl03. Fields et al. also concludedhat the totalpremiumswritten in
California by a firm is a critical variable in explaining nega&R Shelor and Cross showed no
significant impact on California property-liability or multi-line insurersile on occasion there
was asignificant negative impact on non-California firmEhesetwo conclusions arextremely
different.

It should benoted that oufinding for the Amwest Insurand@ompany case is inconsistent
with the results oFieldset al, who showed that thedmwest Insurance Company htlee largest
negativeCARIn their sample during a forty-d&yent window. This inconsistenoyay bedue to
the different event period, adue to thespecification of arARCH effect for Amwest Insurance

Companydata. Once theempirically verifiedARCH effect for thisfirm is incorporated into the

12For theProgressive Groughe premiums written in California ranks first among doeniciles in which it is
licensed.
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model, it decreases the standardized residudeandd tothe conclusiothat Proposition 103 did
not have a significant impact upon this firm’s stock p¥¥c€hus, we suspect that timeonsistent
results may be due to model misspecification by Fetidd

In summarythe majorportion (85%) ofpublicly tradedinsurance companies aur sample

showed no significantly negative effect to the passage of Proposition 103.

4. Conclusion

The classical event study methodology uses ange market model forcalculating
abnormalreturns andimplicitty assumeshat the security residualsare uncorrelated with a
variance that is constant through both the estimation and the event periodisst3taéstic used
in the classicalevent study methodology is then simply gwen ofthe event-periodbnormal
returns divided by the square root of the sum of all securities' estimation-period residual variances.
Under normality, independence, and stationarity assumptiondeshistatistic has a student-
distribution that is used to assess the “significance” of the event. A number of studies have shown
that the abovstatistical assumptions are inappropriate and impaigsdoward detectinggvent-
related “effects," irrespective of whether such effects actually exist.

In this article, we developeddynamicmarket model to obtaithe expected returns of
individual securities. This model takes into account certain known characterifinescifl time
series,including time-varyingoeta, autocorrelated squared returns, and the fat-tailed property of
daily return data. An autoregressive procesth order 1,AR(1), is initializedfor beta, and a

GARCH1,1) process is utilized to model the time-varying conditional variance.

13Note: FGKK utilizedtraditional event-study method, which assunties (conditional) variance being constant
over time. It might underestimate the variance.
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For parameterestimation, amaximum likelihood approach is used. The estimation
process is completada a numerical optimization algorithm in conjunction witadman filter
technique, which makethe computation morefficient. Model diagnostic checkingcludes
informal tools, such as Box-Jenkin's autocorrelation functid@) techniques, asell as formal
test satistics such as thiéelihood ratio testand the Lagrangeultiplier test. Inaddition, the
Kalman filter was used to produce one-step-ahead forecast arnarisare then used to develop
excess return variables.

As in theclassicalevent study methodology, thmill hypothesis ighat excess returns
equalzero. Our tesstatistic is based on cumulative suBUSUM of standardized one-step-
ahead forecast errors. Under thassicalstep-1 regression model, the one-step-ahead forecast
errors are equivalent to recursive residtizds appeared in Browet al. (1975). It can behown
that they are uncorrelated and follow a standard normal distribution. However, for step-2 or step-
3 models, thesystem matrices contain unknown parameters when represtémingpdel as a
state spactorm. In this situationthe property ofack of correlatiorstill holds for largesample
sizes, but the exact distribution of G&)SUM of standardized one-step-ahead forecast errors is
unknown. Accordingly, wepropose a portmanteau testatistic in equation (8using an
invariance principlefor random walk, fronfeller (1970). The power of theest statistic
calculated usinghe classicalevent study methodology isuallyaffected by the length of event
period; the longer the event window, the lower the pow¢esif However, iequation (8), the
length of event window becomes less critical. Furthermore, a ptbe @USUM can illustrate

the approximateday wherthe markebegins reacting tdhe new information. Simulation
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examplesveregiven toshow how theCUSUM plots behavethothwhen there is no change, and
when there is a change in the step-1 and step-2 market models.

We have appliedur new methodology to an examinationtio¢ effect of the passage of
California’s Proposition 103 on the prices imisurancestocks. This effect previously has been
investigated using classicavent study techniques. Because Proposition 103&xtesmelywell
publicizedover an extended period of timihis particular event provides adeal setting for
comparingour methodology with the previous studitgt employedthe classicalevent study
methodology. Twentywo publicly traded property-liability insurersmost with asignificant
business presence in Californigere chosen for the study. The stemddel is well specified for
some of thdirms, however time-varyingbeta orARCH effect arespecifiedfor somefirms. We
investigatedndividual insuranceeompanies, and founthat only four firms had asignificantly
negativestockprice reaction to the passage of Proposition 103. We also foatebmefirms,
such as the Amwest Insuran€empany, hachot significantreaction to Proposition 103This
result stands in stark contrast to the results of a previous stugiglidget al. We believethat
the source ofnconsistency islue to the fact that tHaeldset al. study didnot incorporate the
ARCHeffects.

Our study suggests that thpplication ofthe classicalevent study methodology, without
checkingthe behavior of security returns for stochastic beta @GARCH effects,may very well

cause researchers to draw inappropriate conclusions.
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TABLE 1
Model Building Procedure
Identification Estimation Diagnostic Checking
odel least
squares
ACF of
LM1 test
maximum
likelihood
ACF of from t-test, ACF of
step-1 model, CCF
ACF of
of :
with maximum | LR test and-tests
1 likelihood |ACF of residuals from
GARCHequation
ACF of
From previous steps maximum From previous steps
likelihood
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TABLE 2
Major features of Proposition 103 ballot on Nov. 8, 1988

Rate rollback Insurers are required to reduumediatelyrates onall insuranceother
than workers' compensation and oceamime t020%. In the nexyear
the insurance commissioner can allow increaséy if the insurer is
threaten with insolvency.

Regulation of rates  All new rates are to be approved in advance bgdhenissioner. The
burden of demonstrating the need &0y prposedincrease resta/ith
the insurer.

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

Elected commissioner  The insurance commissioner will be electedpoyar vote rathethan
beingappointed by the governor, anthy not be arofficer, agent, or
employee of an insurer or havefiaancial interest inany insurer or
licensee.

Taxes Thestatepremiumtax vill beadjusted 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 ratingillvbe limited. The primary factorsaffectingrateswill

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).

"Source: This table is adapted from Fieldsal.(1990), Table 1, p. 236.
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TABLE 3
Chronology of key press reports relating to California's Proposition 103 ballot on Nov. 8, 1988.

Trading days relative
Date to election day Press report

10/25 -10 Several polls indicat¢dat Proposition 103 iadingthe rest
of the initiatives and more likely to pasisA{l)

11/5 -1 California Field Poll indicates that 49% fa\B¥% oppose, and
14% are undecidedLAT)

11/7 -1 Negative impact on insurance industgcks is expected fif
proposition is approvedW(S)

11/8 0 Election day.

11/9 +1 Final results show Proposition 103 wins by 200,000 votes. The
insurance industryfiles court challenge toProposition 103.
(LAT)

11/10 +2 Consumer advocate groups threatembye campaign into

other statesWSJ)

11/11 +3 Insurance companies threaten to withdraw f@ahfornia
market. WSJ

11/14 +4 S & P indicates a probable reduction in credithé credit
ratings of insurers doing business in CalifornfdS(

11/18 +8 Moody's indicatebat Proposition 10&eans financiatoncern
for insurance firms.L(AT)

11/22 +10 Consumers iather statedaunch efforts toreduce insurance
rates. WSJ

"Source: This table is adapted from Fieldsal.(1990), Table 2, p. 237.
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TABLE 4
Property-Liability Insurers in the Sample

Firm Ticker Symbol Exchange
Amwest Insurance Company AMWEST NYSE
Aetna Life and Casual AET NYSE
Transamerican TRANS NYSE
American General Corp. AGC NYSE
Chubb Corp. CHUB NYSE
Cigna Corp. CIG NYSE
CNA Financial Corp. CNA NYSE
Continental Corp. CIC NYSE
Lincoln National Corp. LIN NYSE
Orion Capital Corp. ORION NYSE
Progressive Group. PROG NYSE
Teledyne Inc. TDY NYSE
Travelers Corp. TRAV NYSE
USF & G Corp USFG NYSE
Xerox (Crum/Forster) XEROX NYSE
Belvedere Corp BELV NYSE
Hanover Insurance HINS OTC
Ohio Casualty OHCA OTC
Safeco Corp SAFC oTC

St Paul Co. Inc. STPC OTC
Seibel Bruce Group SEBG OoTC
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TABLE 5 -- Final Models

Firm [0)
AMWES | 1.2E-4 |1.054 |0.332 21E-2 | .24E-19 | 0.8339 |0.2112
(.0019) | (.391) | (.956) (.0019) | (.0003) | (.014) (0.0243)
AET 5.1E-4 |1.716 |-0.114 102E-5 | .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 25E-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 |.14E-10 |.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 14E-9 | .867E-7 | 0.921 0.0852
(.0012) | (.256) |(1.53) (0.996) | (.998) (0.024) | (0.024)
CIC 7.6E-4 | 0926 |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 |-.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 139E-5 | .278E-9 | 0.897 0.119
(.0012) | (.261) | (3.32) (0.859) 1(0.759) |(0.096) |(0.1)
PROG 2.1E-4 | 0.328 |0.472 0.23E-5 | .145E-3 | .36E-7 | .15E-3
(.0003) | (.112) |(0.031) |(0.0043) | (0.432) |(0.0654) | (.0067)
TDY -4.9E-4 | 1.068 | 0.42 0.62E-2 | .176E-3 | .22E-12 | 0.17E-2
(.0006) | (.1176) | (0.0293) | (0.0021) | (0.6E-4) | (0.0289) | (.0098)
TRAV 3.4E-4 | 1191 |-0.79 0.13E-6 | .338E2 | .22E-9 |1.2
(.0009) | (.181) |(1.264) |(3.12) (21.57) | (0.992) | (7.13)
XEROX | 0.4E-4 | 1.55 -0.054 27TE-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 54E-8 | .203E-5 | 0.0749 | 0.0996
(.0026) | (.5472) | (0.978) | (.1E-5) | (.2E-4) |(.0014) | (.0023)
HINS 1.2E-3 | 1.274 |-0.999 14E-8 | .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 33E-5 | .48E-3 | 0.64E-4 | 0.0038
(.0009) | (0.274) | (0.76) (.4432) 1(0.012) | (0.086) | (0.025)
SAFC 8.7E-4 | 1.4301 | 0.69 14E-9 | 0.278 0.0946 | 0.0476
(.0001) | (.3596) | (0.876) | (.859) (0.076) |(0.018) | (0.019)
STPC -2.2E-411.824 | -0.974 14E-6 | 0.13 0.22E-7 | 0.306
(.001) | (302) [(1.0 (0.996) |(0.038) |(0.021) |(0.016)

36




Event Study Methodology: A New and Stochastically Flexible Approach

SEBG

2. 5E-4
(.0016)

0.765
(0.508)

-0.031
(1.251)

27E-5
(5.87)

0.54E-7
(1.003)

0.939
(0.02)

0.06
(0.019)

"The standard errors for each estimate are shown in parenthesis.
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TABLE 6
Firm LM1 Qg 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

1. LMy refers to test it 02, = 0a=0,vs. H 024> 0 o # 0 (but specifiedp =0)

2. Qg column refers to thprobability for testing white -noise of residuals from step-1 modg’i, s similar
definition, but for testing white noise of squared residuals.

3. X4(3,0.05) = 7.81x%(2,0.05) = 5.99x2(3,0.1) = 6.25x%(2,0.1) = 4.61
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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

Note: APW% isdefined as the percentageanfto premiums written in proportion to the company’s entire
book of business. Auto premiums written includes auto liability and auto physical damage.
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Figure 1. CUSUMplot where change occured at time 5.
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Simulation Example 2
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Figure 2. CUSUMplot where no change in structure occured.
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Cusum z

Simulation Example 3
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Figure 3. CUSUMplot with stochasti@ and change occuring at time 5.

CUSUM Plot of Prog Corp.

(@)

-12 —

Figure 4. CUSUMplot of the Progressive Group, Inc.
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CUSUM Plot of Traveler Corp.

1.5 +
. 4 |
'\ / I O'i | / \.\. / \'\'\. | |
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-15

Figure 5. CUSUMplot of the Travelers Corp.

Lag Covariance Correlation-198765432101234567891
0 000017816 100000 | ********************l

1 -6.165E-6 -0.03460 | A |
2 -0.000012 -0.06714 | A |
30.00001338 0.07508 | CP [
40.00001073 0.06023 | L |
5-8.1171E-6 -0.04556 | A [

6 1.1377E-6 0.00639 | . [
7 1.15565E-6  0.00649 | .
8-9.7882E-6 -0.05494 | A |
9 2.68699E-7 0.00151 | |

10 -1.1124E-6
11 -2.3916E-6
12 -0.0000322
13 4.65925E-6
14 8.63411E-6
15 2.56661E-6
16 -7.6807E-6
17 -0.0000101
18 -3.1458E-6
19 -6.8217E-6

-0.00624 | . |
-0.01342 | . |
-0.18094 | .

0.02615 | . |
0.04846 | I

0.01441 | .

-0.04311 | A |
-0.05686 | A |
-0.01766 | .

-0.03829 | i

| .
20 3.50329E-7 0.00197 | . |
21 6.53483E-8 0.00037 | .
22 4.4161E-6 0.02479 | Ol [
230.00001284 0.07209 | . [
24 4.6055E-6 0.02585 | . |

Figure 6. The ACF of residuals from step-1 model (Orion Capital Corp.).
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Lag Correlation -198765432101234567891
1 -0.03460 | *|

2 -0.06842 | |
3 0.07065 | O |
4 0.06133 | . |
5 -0.03220 | A |
6 0.00611 | .

7 -0.00683 |

8 -0.05303 |

9 0.00162 | .

10 -0.01493 . |
11 -0.00589 . |
12 -0.17993 wox| [
13 0.01032 . |
14 0.03281 . |
15 0.04735 . |
16 -0.02238 . |
17 -0.08058 R [
18 -0.03605 A |
19 -0.04822 A |
20 -0.00512 . |
21 0.00909 . |
22 0.02801 S |
23 0.08007 o

24 -0.00405 . |

Figure 7. Partial Autocorrelations of residuals from step-1 model (Orion Capital Corp.).

Autocorrelation Check for White Noise

To Chi Autocorrelations

Lag Square DF Prob

6 2.14 6 0.906 -0.035 -0.067 0.075 0.060 -0.046 0.006
12 7.01 12 0.857 0.006 -0.055 0.002 -0.006 -0.013 -0.181
18 8.22 18 0.975 0.026 0.048 0.014 -0.043 -0.057 -0.018
24 9.41 24 0.997 -0.038 0.002 0.000 0.025 0.072 0.026

In the ACF and PACF plots, the dottedines represent thdimits. We can sed¢hat the

autocorrelations (up tdéag 24) areall withintwo standard deviatior2 . Q
statistics calculated for several lags, for instance 6, 12, etc. are not significant.
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Lag Covariance Correlation-198765432101234567891

0 1.22499E-7
1 1.44691E-8
2 -3.6855E-9

3 8.27705E-9
4 6.8873E-9

5 1.78445E-8
6 6.33696E-9
7 -1.2036E-8

8 -3.8089E-9

9 1.91962E-9
10 -1.1835E-8
11 -7.2707E-9
12 -5.2742E-9
13 -1.0192E-8
14 -2.5426E-9
15 -7.0308E-9
16 -7.089E-9

17 5.68194E-9
18 4.80331E-9
19 9.43088E-9
20 -2.6039E-9
21 -6.1336E-9
22 1.04421E-8
23 -1.3529E-9
24 -5.2965E-9

1.00000 |
0.11812 |
-0.03009 |
0.06757 |
0.05622 |
0.14567 |
0.05173 |
-0.09825 |
-0.03109 |

-0.04324 |

********************l
|** . |

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

Lag Correlation-198765432101234567891

1 0.11812
-0.04466
0.07779
0.03765

0.01695

|~k~k .

2
3
4
5 0.14331
6
7
8
9

-0.10319

-0.02805

-0.00366
-0.11455
-0.03563
-0.01429
-0.05372
-0.00276
-0.03150
-0.01507
0.05430
0.04223
0.09282
-0.05108
-0.04767
0.05834
-0.08099
-0.05275

|
|~k

|~k~k |

|~k~k~k‘. |

.. ~k~k| . |

o |
*|*|' ||
A |
. |
A |

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

Autocorrelation Check for White Noise

To
Lag
6
12
18
24

Chi

Autocorrelations

Square DF Prob

5.84 6 0.441 0.118-0.030 0.068 0.056 0.146 0.052
9.22 12 0.684 -0.098 -0.031 0.016 -0.097 -0.059 -0.043
11.68 18 0.863 -0.083 -0.021 -0.057 -0.058 0.046 0.039
14.37 24 0.938 0.077 -0.021 -0.050 0.085 -0.011 -0.043

Again, the squaredesiduals fromstep-1modelare checked bxCF and FACF techniques.
was very clear pattern that the squared residuals exhibited white noise behavior.

It

Lag Covariance Correlation-198765432101234567891
0 0.00039995 1.00000 | |
10.00003799 0.09500 | R |
2 0.00007596 0.18992 | O il |
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30.00002308
40.00003618
5 -0.000014
6 -0.0000213
7 -0.0000302
8 -0.000027
9 7.59455E-6
10 -0.0001012
11 -0.0000205
12 -0.0000181
13 0.00002866
14 -0.0000332
15 0.00001718
16 5.39872E-6
17 0.00001106
18 -0.0000525
19 -0.0000349
20 0.00001608
21 -8.5474E-6
22 -0.0000233
23 -0.0000814
24 -3.0937E-7

0.05771 |
0.09046 |
-0.03495 |
-0.05318 |
-0.07544 |
-0.06749 |
0.01899 |
-0.25297 |
-0.05119 |
-0.04528 |
0.07166 |
-0.08313 |
0.04295 |
0.01350 |
0.02765 |
-0.13129 |
-0.08721 |
0.04019 |
-0.02137 |
-0.05824 |
-0.20355 |
-0.00077 |

;(***l ’ .

Figure 10. ACF of residuals from step-1 model (Amwest Insurance Company)

Lag Correlation-198765432101234567891

1 0.09500
2 0.18255
3 0.02674
4 0.05165
5 -0.06342
6 -0.07655
7 -0.05777
8 -0.03861
9 0.06686
10 -0.24030
11 -0.02268
12 0.04210
13 0.09717
14 -0.06677
15 0.00797
16 0.00444
17 -0.02124
18 -0.16594
19 -0.05487
20 0.06282
21 -0.00764
22 -0.07226
23 -0.17337
24 -0.00101

|~k~k .

Figure 11. PACF of residuals from step-1 model (Amwest Insurance Company).

Autocorrelation Check for White Noise

To Chi Autocorrelations

Lag Square DF Prob

6 7.55 6 0.273 0.095 0.190 0.058 0.090 -0.035 -0.053
12 18.08 12 0.113 -0.075 -0.067 0.019 -0.253 -0.051 -0.045
18 22.60 18 0.206 0.072-0.083 0.043 0.013 0.028 -0.131
24 30.77 24 0.161 -0.087 0.040 -0.021 -0.058 -0.204 -0.001
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Covariance Correlation-198765432101234567891

.07774E-7 1.00000
.51899E-7 0.41446
.29636E-7 0.21330

-6.5688E-9 -0.01081 |
1.08497E-8 0.01785 |
-4.4713E-8 -0.07357 |

********************l
K*kkkkkkk |
*kkk |

.61642E-8

o w

13 -5.5276E-8
14 -4.0571E-8
15 -6.0901E-8
16 1.44056E-8

-0.08728 |
-0.14163 |
-0.09095 |
-0.06675 |
-0.10020 |

0.05950 . |
0.15279 .

0.31129
0.14343 . .
0.07100 | . |

17 -
19 -
20 -

21
22
23

2.2651E-8
7.0746E-8 -0.11640 |
8.8528E-8 -0.14566 |
-6.33E-8 -0.10415 |
2.3338E-8 0.03840 |
7.9715E-8 0.13116 |

24 8.21358E-8 0.13514 |

0.02370 | o [
-0.03727 | o

X .~k~k| i ' |

***‘. |
|*** . |

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

1
2
3
4
5
6
7
8

0.41446
0.05013
-0.13988
0.07126
-0.09115
0.12712
0.14490
0.20043
-0.08987
-0.02708
-0.08944
-0.10426
0.08222
-0.08784
-0.15042
0.06846
-0.09479
-0.04856
0.03546
-0.08903
0.01207
0.19472
0.12934
-0.00199

Lag Correlation-198765432101234567891
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Figure 13 PACF of squared residuals from step-1 model (Amwest Insurance Company)

Autocorrelation Check for White Noise

To

Chi

Autocorrelations

Lag Square DF Prob

6
12
18

27.98 6 0.000 0.414 0.213-0.011 0.018 -0.074 0.060
50.79 12 0.000 0.153 0.311 0.143 0.071 -0.087 -0.142
54.95 18 0.000 -0.091 -0.067 -0.100 0.024 -0.037 -0.071

24 67.22 24 0.000-0.116 -0.146 -0.104 0.038 0.131 0.135

In the case of the Amwest Insurar@empanytheresiduals appeared to behave like white noise.
However, the squared residuals are autocorrelated when checkingGfoamd FACF plots, and

the Q statistics areignificant. This preliminary checkirgauses us to check th&CH effect in

the Amwest Insurance Company return series.
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