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Jensen (1978) defines an efficient market as follows:

A market is efficient with respect to information
set et, if it is Iimpossible to make economic profits by

trading on the basic of information set et.

Underlying the EMH is competition for information.
.Conpetition drives investors and financial analysts to obtain
information on the firm from many sources. The implications of
the efficient market clearly contradict the hypothesis that
accounting reports are the sole source of information and its
implications. These contradictions led researchers to address two

questions:

Do changes in accounting methods and their earmings

effects systematically mislead to stock prices? and

Are accounting earnings associated with stock prices

or changes in stock prices?

2.2.2 Capital asset pricing model (CAPH)

The capital asset pricing model (CAPM) is a set of

predictions concerning equilibrium expected returns to risky
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E(Rit) 2 Rft + (E(Rat) - Rft]l i

where E(Ri¢)

the expected return on security i at time ¢,
Rft = return on riskless assets at time ¢,

E(Rat)

the expected return on the market securities
as a whole at time ¢,
B 1 = risk coefficient of security i,

= d(Rit, Rat)/d” (Rat) or

= covariance between Rif{ and Rami 3

variance of Rat

2.2.3 Portfolio theory and market model

In general, optimal portfolio investment is based on
the investors’ wealth and satisfaction on the investment decision.
Porfolio theory can gxplnin the roles of accounting information
in decision making of the investors by its relevance to the needs.
In a single period, the factors that an investor will invest in a
security are based on two parameters, expected return and
variance of return (risk) of the security in such period.
Beaver (1989)" suggested the three aspécts of portfolio theory

in application of financial reporting as follows:

* william H. Beaver, Financial Reporting: An Accounting

Revclution, Second Edition, Prentice-Hall, 1989, p.30.
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The market model is a statistical description of

relation between the rate of return on asset i (Rit) and rate
of return on market portfolio of assets (Rat) when the joint
distribution of the rate of return on asset and the market
portfolio is bivariate normal. It is the market model

(Sharpe, 1964) that the return on security i is illustrated as

.follow:
Rit = =i + piRat + eit
Real return = Expected return + Abnormal return
wvhere Rit = real return on security 7 at time ¢,
orl = intercept or constant of rate of return,
g it = slope i or systematic risk on security 7,

= covariance betveen Rit, Rwt / variance of Rut,

Rat = systematic return in portfolio market,

eil = difference between real return and expected return

or abnormal return.

2.2.4 Market-based accounting research (MBAR)

The market-based accounting research (MBAR) is an

accounting research methodology by which the researchers
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investigate the effects of accounting information on the
investors’ portfolio investment decisions. The main objective is
to evaluate the information content of accounting information
system by empirical studies on the security market behavior. MBAR
contains the applications of portfolio theory, EMH, CAPM, and
market model in order to explain and predict the relationships

"between stock prices and published accounting information. One of
the proxies of such effect is the abmormal return (AR) on
investment. MBAR is an approach to studying the accounting signal
effect on the marketable security reactions surrounding the day

of announcement.

Lev gnd Ohlson (1982) has concluded the literature of

MBAR empirical in the accounting fields as follows:

(1) Information content of accounting data which are

earning announcement and non-earning financial data.

(2) The effects of accounting choices and changes in
order to explain and predict the behavior of managers,
accounting professioners, auditors, financial analysts, investors,

regulating agencies, and others who involve in the circumstances.
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2.3 Event Study and Modelling Abnormal Returns’

An event study is an empirical investigation of the
relationship between security price and economic events. Most
event studies have focused on the behavior of share prices in
order to test whether their stochastic behavior is affected by
the disclosure of firm-specific events for examples, earnings
announcements, accounting change, and other information involved.
The basic structure of the standard form of event study is
commonly referred to as residual or abnormal return analysis that
employs the market model. Basic structure of residual analysis

is required in the following steps:

Step 1. Identify event dates for a sample of firms subjecl
to the disclosure item of interest (for example, earnings

announcements), and group observations into a common event test.

Step 2. Within the overall test period (TP) of interest,
calculate the estimate of the abnormal return for each firm and

for each period around the announcement date:

u, = R, -EMR,) t € TP

Je FR

* Norman Strong, Modelling Abmormal Returns: A Review Article,

Journal of Business Finance & Accounting, 19(4), June 1992.
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Step 3. Compute the mean abnormal return across firms in
the sample, possibly cumulated over the TP, as an estimate and

test whether it = 0 using a test statistic of the form:

mean abnormal return

standard diviation

The next sections concern the design of event studies:
alternative methods for measuring abnormal returns, evidence on
the efficiency and power of methods, testing procedures and
special problems concerned with estimation, and controlling for

extra-market factors.

2.3.1 Alternative Methods for Measuring Abnormal Returmns

There are various dimensions along which the

calculation of abnormal returns can vary.

2.3.1.1 Calculation of returns

There are two choices in calculating returns,

discrete returns and logarithmic returns:

Discrete: RJt = Pjt + Djt - PJjt-1

Pjt-1
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Logarithmetic: RJt

i

logC (Pjt + DJE)/Pjt-11,

or RJt In C(Pjt + DJt)/PJjt-11,

where PJt = the price of security J at the end of period ¢;
Djt = dividends paid during period ¢;
Pjt-1 = the price of security J at the end of period

t-1, adjusted for any capitalizations in order

to make it comparable to PJjt.

Theoretically, logarithmic returns are analytically
more tractable when linking together sub-period returns to form
returns over longer intervals (simply add up the sub-period
returns). Empirically, logarithmic returns are more likely to be
normally distributed and so conform to the assumptions of

standard statistical techniques.

2.3.1.2 The Heasurement Interval

The most popular measurement intervals are monthly,
weekly, and daily intervals. Morse(1984) has examined the
econometric trade-off between the choice of monthly and daily
data from analytical perspective. Morse’s results generally
support the choice of shorter measurement interval to detect

information effects. These results are further supported by
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simulation studies of Brown and Warner (1980), (1985) and Dyckman

efs al. 1198483,

2.3.1.3 The Benchmark for Abnormal Returns

A number of alternative specifications of the

benchmark expected return have been used in the literature.

Model A: Mean adjusted returns

The mean adjusted returns benchmark assumes
that ex ante expected return for security J is a constant that

can vary across the firms:

E(RJD — kJ for all ¢&.

This will be the case if interest rates, risk
premia, and the security’s risk are constant over time. Thé
ex post predicted return for security J in period ¢, in
the absence of any news disclosure, is given by kj and the
predicted abnormal return is given by the difference between the

actual return on security J and kJj, which is estimated from

historic data:
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uJt RJi - kJ

Model B: Market adjusted returns

The market adjusted returns model assumes
that ex ante expected returns are the same of all securities
and therefore equal in any period to the expected market return

in that period:

E(RJ) = E(Ra) for all J.

The ex post abnormal return on security J

in period ¢ that controls for market effects is given by:

uJt RJt - Rat,

where the marginal expected return on security J in period ¢

TP is conditioned on the realization of the market return in

period ©¢.

Hodel C: Capital Asset Pricing Model (CAPM)

The CAPM benchmark, as it is implemented in

practice, might be more appropriately termed a one-factor
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Security Market Liae benchmark. This model controls for
security risk as well as for the market. The ex anfe expected

return for security J in period £ is given as:

E(RJjt) = (1 - BJIRSft + BJE(Rat),

vhere Rft is the return on risk-free security in period ¢

(normally taken to be the return on Treasury Bills) and gJ is

the systematic risk of security J relative to the market index.

To implement this method, pJ must first be

estimated. The predicted abnormal return is then given by:

ujt = RJt - (1 - BJIRJt - BJRat.

Model C collapses to Model A if a security’s

systematic risk is -constant and if Rjf and Rmf{ constant over

time. Model C collapses to model B if all securities have the

same systematic risk as the market.

Model D: The matched/control portfolio benchmark

A variant of CAPM benchmark is the matched or

control portfolio benchmark, also known as the difference in
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2.3.1.4 Choice of estimation period and test period

¥With all of benchmarks A, C, D, and E above, the
returns history for each security is usually divided into an
estimation period (EP) and test period (TP). The EP is used for
estimating the parameters of the benéhlark expected return. This
.allows predicted abnormal returns to be calculated within the TP.

One form of this procedure is illustrated schematically below:

| | | |,
event date
t = -T t = -s £ =0 t =r

Here the TP spans ¢ = -T to ¢ = -s while the TP
covers & = =S,..,..0,..r. Within this setting, the value of kj
in model A, for example, would be estimated over the T -s

observations in the EP.

In some studies the EP spans either side of the TP.
It is generally chosen as a period of time close to the TP but
one in which the disclosure events under study are expected to
have no effect on security prices. This intended to allow

parameter estimation to be made during a period when there are no

T i/ A1y
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( Fama et al., 1969), and the Abnormal Performance index (API)

(Ball and Brown, 1968). These are calculated as follows:

A
CAR = £ 1 = wuJjt

LETP N J

N
APT X II(1+uﬁ)-1

"
|-

N J terp

The interpretation of these measures depends
upon whether returns have been measured in continuous or discrete
time (Ohlson, 1978; and Watts and Zimmerman, 1986). In continuous
time CAR represents the abnormal return on a portfolio that is
rebalanced every period to give equal weighting in each security.
In discrete time the API gives the abnormal return from initially
investing equally in each security and then holding these
securities over the cumulation period. (Roll, 1983; Blume and
Stambaugh, 1983; and Dimson and Marsh, 1986, discuss the possible

biases introduced by using the CAR method.)

2.3.2 Evidence on the efficiency and power of the method

There have been a number of simulation studies of the

various event study methodologies. The most influential of these
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have been a pioneering study by Brown and Warner (1980) on
monthly data, and articles by Brown and Warner (1985), Dyckman et
al. (1984) and Jain (19868), all extending the original Brown and

Warner study to daily data.

On monthly data the main conclusion of Brown and Warner

(BW) was the following:

..... a simple methodology based on the market model
perforns well under a wide variety of conditions. In some
situations, even simpler methods which do not explicitly adjust
for market wide factors or for risk perform no worse than the

market model.

In addition BW established the following results for

their simulations:

(1) with a sample size of 50 and an abnormal return of
one per cent the event’s impact is unlikely to be detected using

monthly data whatever the method used;

(2) if the exact month of the event cannot be
identified so that some form of event window has to be used (such

as with CARs) when the power of any method to detect abnormal
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performance is drastically reduced;

(3) wusing an equally-weighted index 1leads to more

powerful tests than using a value-weighted index;

(4) ¢-test are reasonably well-specified; but certain

non-parametric tests are not.

The third result above is due to the fact that on the
randomly selected sample of securities from which Brown and Warner
study, returns are more highly correlated with an equally
weighted index. This means that greater precision is achieved in
measuring systematic risk against the market and in measuring

residuals, with the result that abnormal performance is easier to

detect.

On daily data BW conclude,

«.....methodologies on the ordinary least square

market model and using standard parametric tests are well-

specified under a variety of conditions.

In addition, BW find that although daily security

returns and abnormal returns typically depart from normality,
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mean abnormal returns across securities converge to normality as

the sample size increases.

The findings of Dykman, Philbrick and Stephen (DPS) on
daily data reinfo;ce the findings of BW. In particular, DPS find
a slight preference for market model over other procedures and
_they find that any non-normality of daily abnormal returns has

little effect on event study tests.

Both Brown and Warner (1985) and Dyckman et al. (1984)
find daily data result in more powerful test statistics than are

found for monthly data simulation in Brown and Warne (1980).

The findings of BW and DPD on event studies employing
monthly and daily data clearly show that accurately identifying
announcement dates and concentrating on abnormal returns in as
small an event window as possible, results in much more powerful

hypothesis tests.

2.3.3 Testing procedures and special problems concerned

vith estimation

With the availbility of daily stock return data,

increased attention has been paid to the possible measurement
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problems involved in estimating market model parameters over

shorter measurement intervals.

2.3.3.1 Thin trading and biased beta estimation

Unbiased and consistent estimation of the beta
risk coefficient is important for infrequent share trading.
Price-adjustment delays result in an error-in-variables problen
in the ordinary least square (OLS) market model regression

equation resulting in biased and inconsistent beta estimates.

A number of methods for correcting for this bias
have been proposed in the literature (Scholes and Williams, 1977;
and Dimson, 1979). The Scholes and Williams (SW) beta estimator
is derived as follows:

B, =(B  +B°+8°H/1+2 p,m

vhere " is an estimator of the slope coefficient in a
simple regression of the return on security in
period ¢ against the return on the market in

period ¢t # n
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,n is an estimator of first order serial correlation

coefficient for the market index.

Under the stated assumptions, the SW beta estimator

is consistant estimator of the true beta.

The Dimson aggregate coefficients (DAC) estimator
does not require that a trade takes place in every return

interval. Dimson’s formula is as follows:

n
BD = = Bk .
k= -n
Here BE, k = -Ny....y0,.....,0 are estimates of the slope

coefficients in a multiple regression of return on the security
in period ¢ against the return on the market in periods ¢ - n,.

k5 =1,.0.58.

2.3.3.2 Thin trading and event studies

Both BW and DPS, in the studies previously
referred to, report results for the impact on simulated event
studies using daily data of correcting for thin trading. They

find that using either the SW or the DAC procedures results in
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reduced biases in OLS estimates of beta but results in no

improvement in either the specification or power of event study

tests.

DPS perform an event study simulation separately
on low-, medium- and high-trading volume populations. They find
‘that the SW and DAC methods do not increase the ability to detect
abnormal performance on daily returns for thinly traded

securities.

In addition, Bartholdy and Riding (1994)"
compare the SW and DAC with OLS applied. They find that OLS beta
estimates are less biased, more efficient, and as consistent as
SW or DAC estimators. Lower beta estimates are associated with

lower trading frequencies.

Jan Bartholdy and Allan Riding, Thin Trading and the

Estimation of Betas: the Efficacy of Alternative Techniques,

The Journal of Financial Research, Vol. XV11l, No. 2, Summer 1994,

pPp.241-254,



2.3.3.3

A

number of event

referred to as

PSR is based on

.abnormal return
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Testing procedures

refined test procedure which has been used in a
studies is due to Patell (1976), and is often
Patell Standardised Residual (PSR) Test. The
market model and is constructed as follows. The

for security i in period £€TP is calculated

according to market model. Patell notes that when the parameters

of the market model are estimated from observations outside the

TP, abnormal returns are prediction errors rather than true

residuals and should therefore be standardised according to the

following formular:

vit

where

it -

sifCit

2 - > -
83 = t=1 is an estimate of variance

of the residuals during the EP;
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ot & 14 2 % Chut = Bnt reflects the

T =(Rat - Rm>

+

standards econometric adjustment for
increase in variance for prediction

outside the EP;3

the number of observations in the EP; and

~
I

T

Re = 1 = Rat .

Summing the standardised abnormal returns across
securities, a normalised sum can be formed which is distributed

unit normal for large N:

= Vit
A i=1 ~ R¥0,1) 5
- N q 172
= Ti-2
i=1 Ti -4
S ]

wvhere Ti = the number of EP observations for security 7.
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A similar test can be constructed on the
cumulative abnormal returns:
L
CARIi = _1 = it

J1 t=1 sifcit

where I = the number of observations cumulated in the

TP (see Patell, 1976, pp. 256-7).

A number of studies when faced with the problem of
cross-sectional correlation due to contemporaneous event dates
have adopted a procedure originally employed by Jaffe (1974) and
Mandelker (1974). Under this procedure, for each time period an
equally weighted portfolio is formed of those securities that are
subject to an event during that calendar time period. A portfolio

abnormal return is calculated for each period-in the TP as:

= The TP will include all calender periods in which
any sample security experienced an event. The TP portfolio
abnormal returns are then standardised by dividing by their

estimated standard deviation calculated over the EP as follows:
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SE(Upt) = 1 = ( dpt - ap)?

T - 1 CeTP

- N\
wvhere zzp = 1 = apt € =1,0...,, TETP .

r ¢

This estimate of the standard diviation of the
portfolio residuals directly takes into account cross-sectional
dependence between residuals of securities within each portfolio
in a given period (for a formal development of this see Collins
and Dent, 1884). If abnormal retl.urns across different portfolios
are assumed to be cross-sectionally uncorrelated, the
standardised portfolio abnormal return can then be averaged
across N portfolios to give a ¢-statistic (or =z-statistic

for large M.

2.3.3.4 Recent developments

Recent empirical and analytical approaches to the
problem of cross-sectional dependence in abnormal returns have
tended increasingly to adopt so-called system methods involving
the pooling of time series and cross-sectional data using joint

generalized least square (GLS) estimation techniques in a
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appears to be a well-specified procedure.

(2) Where event-date clustering is a problem then some

correction for cross-sectional dependence should be used.

(3) Special care should be taken in checking whether
the sample of event securities is unrepresentative across any
extra-market dimention, in particular firm size, and, if
necessary, some form of control portfolio approach should be

employed.

(4) The ability to deﬁect information content in an
event study may be considerably enhanced if the precise event day
for the sample securities can be established. Simultaneously,
this reduces the possible effectg of omitting non-market factors
from the security return generating mechanism. In many event
studies in practice, accuracy of event dates is likely to be more

important than sophistication in modelling or statistical

techniques.
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firms® political costs. Table 2.1 illustrates relationships of

mandated accounting change and the stock prices via political

process.

Table 2.1
The Stock Price Effects of Mandated Accounting Change

Via Political Process

Mandated Accounting | Effect on Accounting Stock Price Effects
Changes Numbers
1. A restriction of -Lower reported
the accounting earnings and assets -Increased
procedures set -Higher reported
earnings and assets -Decreased
2. An expansion of -Reducing tﬁe variance
the accounting of profits -Increased
procedures set -Increasing the
variance'of profits -Decreased

Accounting numbers are useful in estimating the
securities’ risk in the situation which market prices or bond
ratings cannot be observed. The estimations of systematic risk
(betas) and bond rating obtain from their correlation to the

accounting numbers. Zmijewski and Hagerman (1981) hypothesize that
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2.4.3 Variables selected in the tests

Tests of the theories in this study are conducted to
investigate whether some other theoretical factors or variables
are involved in the stock price effects. Table 2.2 contains the

a summary of factors or variables used in the tests.

Table 2.2

Variables Uséed in The Tests of Theories

Tests Variables

a. Stock price effects test implying [- Accounting numbers changed:
the EMH of naive-investors. - income effect,

- cumulative effect.

b. Wealth transfers via debt contract|— Change in tightness of
(contract process). debt covenants:

- debt/equity ratios.

c. Wealth transfers via political - Political costs:
process. - size : total assets,

- risk : betas.

d. Difference across industries. — Industry types.
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mandated changes beforehand, hence, it is a more powerful test

associated with market expectation.

2.5.2 Empirical studies of the economic impacts of accounting

regulations

The majority of past studies aimed at detecting the
stock price effects of particular accounting regulations. Appendix
A illustrates key features of 27 capital market studies relating
to 15 Accounting Regulations. They are primarily concerned with
detection of the economic effects of accounting regulations
without explicitly testing theories for the existence of such

effects.

Appendix B contains three studies that attempted to test
theories on whether particular accounting reguletions have
economic consequences. Those studies have tested theories to see
how accounting regulations affect investor wealth, several
suggesting that the agency theory can be used to derive many
hypotheses. Based on this theory, they can predict that unexpected
accounting regulations can change the costs and nature of existing

debt covenants and, the wealth of stockholders and bondholders.
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