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ABSTRACT

The application of random walk or general auto-esgive model to
investigate time-varying degree of informationdlagéncy in the previous literatures
has some drawbacks. To make improvements on mguification, this study
proposes the stochastic AR(p) coefficient model thkates the dynamic behavior of
degree of efficiency with time in three functiorfatms. Using daily returns from
Thailand’s stock market from April 80 1975 to September 19th, 2014, this study
finds the statistically relationship between degoéeefficiency and time, which is
well described either by the linear or the logidtiaction. Furthermore, the results
suggest that degree of informational efficiencyha stock market improves through
time as indicated by the decreasing numbers oftdalsseminate particular amount
of information.
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1. Introduction

Market efficiency is one of the most important fdations of finance theories.
Although the hypothesis of efficiency has been msiteely studied for financial
markets in developed and emerging countries, ttezature in this area is still
growing. New sample markets as well as new teclesiqor improvements are
introduced in order to achieve correct and insighthderstanding. In the early period
of the study, Fama (1970) concentrated his inteosstinformational efficiency,
classifying efficiency into three separate formgmely, weak-, semi-strong- and
strong-form. Among these three forms, the teswweak form efficiency is the most
popular because it employs market price data wrach readily available to
investigators. Examples of such studies include &4#®65), Lo and Mackinlay
(1988), Worthinton and Higgs (2006), Kim and Shadasa (2008), etc. Most of the
tests for weak-form efficiency are restrictive vat they focus on whether the markets
are or are not efficient during a sample periodvétiheless, Grossman and Stiglitz
(1980) argued that the market could not be fulfjceint so that it was worth the
effort of informed investors to gather the necegsgaormation.

It should be noted that market efficiency is infatranal. The market is
considered fully efficient if all information is kmvn instantaneously to all investors
and is reflected in prices. Based on this definitilhe market should be interpreted as
being more efficient, or less inefficient, if itkies less time for information to flow to
investors and to be fully reflected in the relevasset prices. So, even though the
market is inefficient for a period in time, it isteresting to ask whether the market is
less inefficient or more efficient in the followingeriod. From a theoretical
perspective, Lo (2004) proposed the Adaptive Mattgpothesis (AMH) to show
that market efficiency is an evolutionary procesd aan be improved through time.
Briefly, AMH asserts that individuals have their mmterest and can make mistakes.
However, they will learn from their mistakes andapidthemselves to the changing
environments. Competition as well as innovatioro d&ads to the evolution of the
market, which, in turn, improves the degree ofcgdficy. His study found that degree
of efficiency in US market varied over time as tated by AR(1) coefficient from
rolling regression. These findings point to thetf#tat, despite inefficiency, the
degree may be time-varying.

The question as to whether the degree of markieiezity is time varying has
been addressed in the literatures. Emerson e1@9.7) found evidence of changing
auto-regression (AR) coefficients from a regressodnstock returns in Bulgarian
stock market. This study is the pioneer in suppafrttime-varying degree of
efficiency. Their framework has been broadly atee@mnd extended by subsequent
studies. For example, Zelewska-Mitura and Hall (®0@mployed this approach to
investigate whether stocks listed in different pdsi have different degrees of
efficiency, Li (2003a) applied it to study time-yarg efficiency of two stock
exchanges in China, Li (2003b) extended the scostudy using data from A-share
and B-share markets of each stock exchange, wihdarAet al. (2010) employed it to
investigate degrees of efficiency in emerging miskeefore and after liberalization.
Apart from Emerson et al (1970)'s framework, Kharitaet al. (2012) recently



applied time-varying smoothed transition autoregik@smodel (time-varying STAR)
to the study of evolving market efficiency in Thaait’s stock market.

The approaches used by the abovementioned stuavesdmawbacks at least
in three respects. Firstly, the rolling regressimodel applied by Lo (2004) is
inappropriate because AR coefficient of the modelfiked in each estimation
window. Thus, the series of constant coefficiertallsnot be able to represent the
correct dynamic process of degree of efficiencycoBdly, the time-varying AR(p)
model suggested by Emerson et al. (1997) imposasona walk specification to
AR(p) coefficient. With normally distributed distuance of the random walk process,
the coefficient is allowed to be any value betweaenus and plus infinity as well as
to revert to the high level even if it has a failitrend. The theoretical and empirical
evidences suggest otherwise. Once the market bacomoee efficient, as indicated by
a decreasing in magnitude of AR(p) coefficient,sitless likely to become less
efficient in the future. Lastly, the time-varyin@8R model applied by Khanthavit et
al. (2012) imposes deterministic specification tR(p) coefficient. It is, therefore,
unable to capture stochastic behavior of the cdeffit, if it indeed exists.

This study proposes the stochastic AR(p) coefficrandel to examine time-
varying degree of informational efficiency in Thaid’s stock market. The degree of
efficiency is measured by tracking the amount afeti as implied by the size of
AR(p) coefficient from the regression of marketuraet the market needs to
disseminate information. Besides, this model makg®rtant improvements on what
has been applied in the past. Firstly, this staghawmodel is more suitable to
investigate the time-varying degree of efficienbgrt the constant parameter model
applied by Lo (2004). Secondly, the proposed smatibn is in a general form,
which capable of accommodating the specificatioAR{p) coefficient even if it is a
random walk, as proposed by Emerson et al. (1997)eterministic, as proposed by
Khanthavit et al. (2012), or even a constant. inaind most importantly, the model
imposes functional relationship of AR(p) coeffidienth time in order to align with
the theoretical perspective that the AR(p) coeffitihas a negative relationship with
time and should move towards a long-run value negessarily zero, as time goes to
infinity. The key contribution of this study is fwropose some improvements on the
model as well as to provide an insightful analggifow Thailand’s market efficiency
improves over time based on correct specificatibthe degree of efficiency that the
market must have as time passes.

The scope of this study is limited to informatiorddiciency in weak form.
That is, all the information should be reflectedhie current market price so that past
prices cannot predict future prices and abnorntakme cannot be made consistently.
The author uses daily data of logarithm returnsS&T Index from April 38, 1975,
the establishment of the Stock Exchange of Thail&fir), to September 192014,
totally 9,682 observations. Kalman filtering tedum is applied to estimate the
unobserved stochastic AR(p) coefficient based errglgression of the market returns.
The remaining of this paper is organized as folto@sction 2 discusses the time-
varying coefficient models applied in the previditsratures and the model proposed
by this study. Section 3 briefly discusses the methogy for model estimation.



Section 4 presents data and descriptive statisMext, the empirical results are
reported and discussed in Section 5. Finally, 8edd provides conclusions of the
study.

2. Time-Varying Coefficient Models for Investigatig Evolving Market
Efficiency

2.1 The Existing Models

There are at least three specifications of timgxagr coefficient models
applied in previous studies to investigate chamgdise degree of efficiency. The first
one is rolling regression applied by Lo (2004), §e$ specification assumes that AR
coefficient is constant in each estimation windale (reader may refer to Lo (2004)
for more details on model specification). The secone is a time-varying AR(p)
model proposed by Emerson et al. (1997). The misdetpressed as follows:

1 = Bor + Z?:l BitTt—i + Ve, ve~N (O, 0\2;) (1)
Bit = Bit-1 + w¢, w~N (O, Uaz)) (2)

where r; denotes return at tinte
Bo: denotes arbitrary time-varying drift parameter,
B;: denotes time-varying auto-regression coefficiéntt® lag order of returns
fori =1,...p,
v, denotes white noise disturbance of retugp;N (0, ;2), and
w; denotes white noise disturbance of auto-regressawmefficient,
w~N(0,02),

AR coefficient,f;;, in this model is stochastic and its behavioreésatibed by
random walk process in eq. (28;; plays a key role in determining the degree of
market efficiency because it implies how fast infation is reflected in the asset
prices. Especially when AR(1) specification is irepd, the coefficienB;; can be
applied with half-life (HL) measurement to estimdtee numbers of days for
information dissemination. Basically, HL is compaifey dividing minus logarithm 2

by the logarithm of AR(1) coefficient, i.é. = ;01;22. The lower AR(1) coefficient,

the faster a half of a particular amount of infotimra is relayed to the market.

Some studies provide arguments on using random pkess to describe
dynamic behavior of;;. For example, Rockinger and Urga (2000) suggesiaidthe
best predictor of the future value of a parameseits present value. Hence, the
random walk process seemed to be the most app®peleice. In addition, Li
(2003a) mentioned that the random walk process fleagble enough to nest two
possibilities off;; to be both constant and time-varying in one spztibn. He also
argued that the coefficient will be forced to cheangven if it is constant when
assuming other processes rather than random walk.



However, the author argues that random walk spatifin of AR coefficient
is inaccurate. This is mainly due to the assumptodnGaussian white noise
disturbance termy,. It is obvious thag;; will have no directional trend and is likely
to have any value. Without any mechanism to refatewith time, it is allowed to
bounce back to a higher level once it is closehlong-run value. In such a case, it
would say that once the market becomes more eificeless inefficient, the degree
of efficiency could be deteriorated at any pointiofe in the future. Intuitively, when
a market has achieved a certain level of efficieftcghall not turn back to being less
efficient.

Apart from random walk, Li (2003b) assumed thatfollowed general auto-
regression of order one process (GAR(1)). He cldirtteat the specification of
GAR(1) was parsimonious to either constant or tragsing degree of efficiency.
Nevertheless, the author considers that this dpatdn still has some flaws. This is
because it does not incorporate a mechanism to sengo functional relationship
between the coefficient and time, and again, iallewed a reversion to a higher
value.

The third specification is a time-varying STAR mbgeoposed by Khanthavit
et al. (2012). The model is expressed as follows;

e = {P(l) + Z?:l Pilrt—i}
+H(p§ — pd) + Xi_1 (7 — pDITe=i}G (543 61, ¢1) 3)
+... +{(p6n —pg )+ Zle(plm - sz_l)rt—i}G(Sti Om—1,Cm—-1) + &

where r, denotes return at timg
p¥ denotes coefficient of return at lag ordét of the k" autoregressive
process, foi =1,...pandk =1,...m,
pk denotes intercept of thé" autoregressive process,
G(ss; 0y, i) denotes the logistic function, whesg denotes time variable,
0, = 0, andc, is parameter of the logistic function, and
g, denotes random disturbaneg;N (0, 0%)

This model explains market returns via a combimatal autoregressive
processes. They are related by a monotonic funotibriime, G(s;; 0y, cx), to
accommodate a smooth transition between each AR¢uess. Their study allowed
lag order p to be greater than one and apptiddsorption Time (AT) measurement
to measure improvement in the degree of efficieAdymeasures the period of time a
market requires to disseminate 1t%) of information. If T is set at 50%, AT
measurement will yield the same result as HL measant.

This approach facilitates the investigation of twaeying degree of
efficiency, especially when returns processes aseribed by AR(p) where p > 1.
The aggregate size of all AR(p) coefficients arketainto consideration via the
general impulse response function of AT measurenmeatder to make an inference
on the improvement of degree of efficiency. Newveldls, specification of



autoregressive process of this model is deternuni§herefore, with a particular set
of parameters, market return at each period capéeified with certainty.

2.2 The Proposed Stochastic AR(p) Coefficient Model

This study proposes the stochastic AR(p) coefficierodel that improves
drawbacks of the existing models discussed abowe model is formulated as
follows:

_ . T = Bo + 2?:1 .gitrt—i + V; ' (4)
Bie = ab + aif () + XL, TRy apBi—j + wh (5)

where r, denotes logarithm return at time
B, denotes longterm mean rate of return,
B;: denotes stochastic AR coefficient of tH& lag order of returns foi =
1,...p,
v, denotes white noise disturbanegyN (0, 62),
al denotes drift term or long-term meangf,
al denotes time coefficient,
al. denotes coefficient of thé€" lag order off;, forj = 1,.../m,
f(t) denotes a functional relationship/f with time, and
w! denotes white noise disturbanaé~N (0, 52).

Similar to the previous studies;, is related to the degree of market efficiency
as its magnitude reflects how much time the maeiets to relay information. In case
AR(1) specification is imposed, such as in Rockinged Urga (2000) and Arouri et
al. (2012), the HL measurement can be applied.iAm@dse lag order p is greater than
one, such as in Khanthavit et al. (2012), AT meament can be applied. Though,
this model is opposite to Emerson et al. (1998¢ewveral respects.

Firstly, mean rate of market returng,, in this model is assumed to be
constant. The author considers that the assumpficgime-varying long term mean
rate of return is not only unnecessary, but alsxgorate. It is unreasonable to say
that mean rate of return changes over time whenaui conditions in the long run
remain unchanged. Moreover, f, follows random walk, when the model is
restricted so that all AR(p) coefficieni8,, are dropped to zere, will also collapse
to random walk, which is inconsistent with theorytime series model in which
returns are stationary.

Secondly, eq. (5) nests the specificationfgfto be a constant, or random
walk process, or auto-regressive process into &iwe. example, if parameters
restrictions are imposed such thdtanda! equal zerom anda. equals to one, the
reduced-form specification will facilitate a randamalk process. Again, ik} anda!
are restricted to zero, but the absolute value.ofs less than one, the reduced-form
will accommodate auto-regressive specification. dddition, if aiand a. are



simultaneously restricted to zero amflis very small, the reduced-form specification
will facilitate a constant degree of market effrog.

Thirdly, a functional relationship with timef(t), is imposed to describe
dynamic behavior off;,. With a particular set of parameter valugs, shall be
decreased through time, as suggested by the hygmtbeimproving efficiency. As
the true relationship of;, with time is unknownf(t) in eq. (5) can be a constant,
increasing function or decreasing function. Thisdgt however, proposes three
functional forms as follows;

JAGKEE: (6)
£® =< (7)
£®=1-—= 8)

The function of time in the eq. (6) linearly rekt¢he stochastic AR(p)
coefficient with time variable. In case degree of efficiency has relationshighwit
time in this manner, parametet should be significant and negative. On the other
hand, eq. (7) relates AR coefficient with time im@n-linear manner. This function
accommodates the possibility of rapid improvememt the degree of market
efficiency. In case the relationship between degkefficiency and time can be
explained by this non-linear function, parametkshould be significant and positive.
In addition, ;, will dramatically drop to an insignificant valueitin a few sample
periods.

In eq. (8), the author applies the logistic funetmoposed by Khanthavit et al.
(2012) to relatef;, with time. In opposite to the specification in &), this
specification facilitates either gradual or rapmprovement of degree of efficiency,
as indicated by the size of parametahat could be estimated from the regression of
market returns. From casual observation, like tlodt the development of
communication network trading systems, as wellrapiacal evidences, such as Li
(2003a and 2003b) and Khanthavit et al. (20125 more likely that the degree of
efficiency slowly improves through time.

Lastly, the specification in eq. (5) is generathat the number of lag ordet
is not specified. However, this study proposesdedgrm equals to one to estimate
the model. With this specification, the proposedcpss forB;, can be absolutely
compared with random walk or GAR(1) specificatigapléed in the previous studies.
If the estimated parameters in eq. (5) are stedibyi significant, they will be the
evidences to support the argument that neitherorandalk nor GAR(1) is correctly
specified.



3. Model Estimation
3.1 Kalman Filter

This study will apply Kalman filter technique totiesate the stochastic,
unobserved parametef;,. Briefly, Kalman filter is a recursive procedurer f
computing the optimal estimator of state, e.g.uhebserved variable, at timebased
on the measurement, e.g. the observed informadiailable up to and including time
t. This recursive procedure consists of predictingl aipdating phases. In the
predicting phase, the state and prediction erratanee are estimated using the
observed information from the previous period. Oti@enew information at timeis
available, the estimated state is updated. Newreaten plays an important role to
update the state in such the way that the lowervHreance of new observation
(relative to the variance of prediction error), treater impact of new observation it
has on the estimated state at the next periodyveedversa (the reader can refer to
Harvey (1991) for more details).

To apply Kalman filter, a time series model is puta state space form,
consisting of measurement equation and transitogpra@on. The stochastic AR(p)
coefficient model in equation (4) and (5) can beipwstate space form as follows:

1 = R¢By + Bo + v¢ )
B, = AB,_; + D, + w, (10)
where R, denotes observation vector, /-1 - Tt-p]
B, denotes state vector or vector of stochastic ARfpgfficient, e.g.

[ﬁlt ,Bpt]

A denotes transition matrix. This is a diagonalrirathich containsy}, on its
main diagonal, and

D, denotes a vector of drift term}, and function of timeg! f (¢).

The estimation of unobserved state ve@pr= [5;, - ﬁpt]' depends on
a set of unknown parameters of the mogek: {8, aj, at, ak, 6,7, 02,02 }. This calls
for a maximum likelihood estimation to estimatesthgarameters. With assumptions
of normally distributed error terms, and indeperwdebetween the error terms and
initial state vector, the likelihood function care bwritten in prediction error
decomposition form as follows:

Log L = —%Tloan - %Zle log|F,| — %Zle v, F7 v, (11)

Denotev, as prediction error and denafg as prediction error covariance.
Maximum likelihood estimation finds the value ofkmown parameters ity so that
log likelihood function in eq. (11) is maximized.



3.2 Lag Order Identification

As the number of lag order p of the stochastic AR{pefficient model is
unknown, it is crucial to specify lag order progesince it has important implications
on the correctness of model specification as wetha interpretation of the degree of
efficiency. This study applies information critet@midentify the appropriate order of
p in eq. (4) because it provides a measuremenbofiess-of-fit of the statistical
model given a set of observations. Two particudormation criteria tests are going
to be estimated; Akike information criterion (Al@nd Schwatz Bayesian criterion
(SBIC). These tests are also applied in Khanthetat. (2012) to identify lag order of
time-varying STAR model.

Based on the auto-regressive process with congtaameter, AIC and SBIC
can be calculated as follows:

AIC=T xIn(X_,v?) +2(p +1) (12)
SBIC=T xInXf_,v®) + (p+1) xIn(T) (13)

whereT denotes total number of observations apdenotes disturbance term of the
auto-regressive process and p is numbers of lagrardhe model with the most
appropriate lag order is the one that gives theetawAIC or SBIC. In case estimations
of AIC and SBIC lead to an inconsistent conclusitwe, higher order of lag term will
be chosen in order to be more conservative andlamoe of model misspecification.
It should be noted that these tests are prelimibacause the AR(p) coefficients are
assumed to be constant under testing proceduresead they are stochastic in the
proposed model.

3.3 Model Comparison

This study proposes three functional forms in €%.to (8) to relate the
degree of market efficiency with time. Though, #hebree specifications of the
stochastic AR(p) coefficient model are nested wiith constant and random walk
specifications, neither of them are nested to eatbler. Thus, traditional tests for
parameter restriction and model comparison canagbdyformed. This calls for an
alternative statistical test to compare the progageecifications with one another. In
this study, the author will follow the test for neddcomparison suggested by Voung
(1989) because it is able to provide directiondrimation for choosing between non-
nested models.

Briefly, Voung (1989)’s test for model comparisam based on Kullback-
Leibler Information Criterion (KLIC), which measwwréhe distance between the true
unknown distribution and hypothesized model. Tt tan be applied to any given
pair of competing models, whether or not they asted, non-nested, or overlapping,
and both, only one or neither of them are corresplgcified. KLIC is computed from
the expected value of the difference between l&glihood values of the true
unknown model and the competing model. Given tkgession, KLIC will always
be positive. However, when comparing KLIC of twargqueting models; namely the
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null model and the alternative model, by subtractine from another, it can be either
positive or negative. Therefore, in order to ma&eotusion, Voung (1989) suggested
the following test statistic:

\/ﬁ(% ?=1mi) —
TGN s, o=l Inle (g

whereln L; , denotes log likelihood value at téf¢ observation, foi = 1,...,n, of the
null model andlnL;; denotes the same for the alternative modfelstatistic is
compared with critical value at a conventional #igant level from a standard
normal distribution. Ifi is greater than the positive critical value, wgecethe null
hypothesis that both models are equivalent in fasfathe null model. On the other
hand, ifV is lower than the negative critical value, we cejghe null hypothesis that
both models are equivalent in favor of the altaugaiodel. If the absolute value Bf
is between minus and plus critical value, neithedet is distinguished. In this study,
the test statisti& will be compared with critical values at 99%, 9%#td 90% for
hypothesis testing.

V=

4. Data and Descriptive Statistics

This study employs the daily closing price indextloé Stock Exchange of
Thailand (SET Index) obtained from the SETSMART athaise to represent the
overall market returns. In fact, the Exchange pesiSET Total Return Index (SET
TRI) which can be used as a proper measurementaoken performance as it is
adjusted for changes in number of stocks resuftiogn corporate actions, e.g. right
issuance, public offering, exercise of warrants, etowever, the author proposes to
use the SET Index to investigate evolving efficient Thailand’s stock market based
on the following two reasons. Firstly, the SET Tderies is available since January
2" 2002, while the SET Index series is availablessiapril 30", 1975, (the opening
of the Exchange). The longer series of data, theermsightful it should provide on
the changing degree of efficiency with respect vold@ion of the stock market.
Secondly, the SET Index and SET TRI are highly elated, as evidenced by their
correlation coefficient of 0.9966Therefore, estimated results using data from SET
Index shall not be biased.

The samples cover the first official trading dawpnfr April 3d", 1975 to
September 18 2014. Then, logarithm returns on SET Index is poted using

ln(ppf ), wherep, denotes the daily closing index at timeThis logarithm returns, in
t—-1

total of 9,681 observations, is used for modelnestion. The descriptive statistics of
logarithm returns are summarized in Table 1.

! Sample period to estimate correlation is from aan@"“, 2002 to September 192014.
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Table 1
Summary of Descriptive Statistics
Statistics Mean Standard| Skewnesg Kurtosis JB
deviation (p-value)
SET Index 0.0003 0.0146 -0.1066  11.7664 1,547.60
(0.0000)
Table 2
Identification of Optimal Number of Lags Using AIC and SBIC
Numbers 1 2 3 4 5
of lags
AIC -54575.191] -54572.982 -54566.080 -54560.779 -54553.314
SBIC -54560.835 -54551.448 -54537.368 -54524.891 -54510.248

Following the information reported in Table 1, logfam returns is
characterized as negative skewness and leptoksiyrtegth a skewness of -0.10664
and kurtosis of 11.76642. These evidences of nomaldty are affirmed by the
Jarque-Bera (JB) normality test statistic, showthreg the null hypothesis of normally
distributed return series is rejected with 99% aarice interval. However, it should
be noted that the application of Kalman filter $hadt be affected by the non-
normality of returns series. This is because Kalrfider is based on orthogonal
projection theory so the classical assumption afSS&n distribution is not required.

The results of AIC and SBIC tests are demonstret&thble 2. They indicate
that the model with only one lag order has the mum AIC and SBIC. Although the
results of these tests are derived from the estmadf classical time-invariant
coefficient AR(p) model, the author proposes that iapplicable to the stochastic
AR(p) coefficient model because the constant ARffment shall be considered as
the average value of all stochastic AR(p) coeffitse Moreover, previous researchers
such as Rockinger and Urga (2000), Arouri et aD1@) also applied time-varying
AR(1) coefficient model to describe return procesgheir studies. Therefore, this
study specifies the stochastic AR(1) coefficientdeloto investigate time-varying
degree of efficiency in Thailand’s stock market.

5. Empirical Evidences

5.1 Estimation Results of the Stochastic AR(1) Cdefient Model

According to the indicative results from AIC and ISBtests, the stochastic
AR(1) coefficient model can be expressed as follows

B e =Po + ,§1t7”t—1 + Ve (15)
Bir = ag + atf(t) + azfi—1 + w¢ (16)

The proposed functions of time in eqgs. (6) to (@) substituted irf (¢t) in eq.
(16). Next,B;, is the smoothed estimate from the Kalman filted ather unknown
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parameters of the model are then derived from mamxinmikelihood estimation.
Besides, when restriction is imposed such taanda! equal to zero, and} equals
to one, the restricted model represents random \spécification applied in the
previous studies. For purpose of comparison, tludysestimates both restricted and
unrestricted forms of the stochastic AR(1) coedinti model. The results are
summarized in the following table.

Table 3
Estimation Results of Random Walk and Stochastic AR) Coefficient Model

Stochastic AR(1) coefficient model with
Random . . . . —— .
Parameters walk model Ilngar function inverse function Iogl_stlc function
of time (eq. (6)) | of time (eq. (7)) | of time (eq. (8))
Panel A
Bo 0.0240 0.0191 0.0195 0.01806
(1.6402) (1.5047) (1.5415) (1.4155)
as - 0.3980*** 0.1837*** 0.0643
(12.4538) (12.3323) (1.4436)
ai - -0.3756*** 4.3810*** 0.2813***
(-7.4787) (3.3986) (3.3700)
ai - 0.0285 0.0369** 0.0285
(1.5886) 2.0582 (1.0809)
6 - - - 9.5281*
(1.6798)
T - - - 0.5246***
(7.9467)
G, 1.4318*** 1.0842*** 1.0848*** 1.0838***
(137.2620) (40.3541) (40.4225) (223.2911)
g, 0.0095*** 0.6937*** 0.6983*** 0.6942***
(3.4769) (24.6888) (24.7853) (65.39538)
Panel B
LRT - 1,854.7193*** 1,815.0010*** 1,856.6937***
df 3 3 5

Note. Figure in parentless is t-statistic. *, **daft* denote the estimated parameters are significa
10%, 5% and 1% level, respectively. LRT denotesliliood ratio test in which the random walk
model is the restricted model and the stochasti¢@1\Boefficient model is the unrestricted modeldAn
df = df, — df;; where df, and df represent numbers of free parameters of the uintest and restricted
models, respectively.

Table 3 is separated into 2 Panels; Panel A presbkatestimated coefficients
together with the t-statistics, while Panel B pragselikelihood ratio test (LRT)
statistics. Several messages are presented in Ra@snsidering parameters in eq.
(16); the results show that drift parametetg, from two models are statistically
significant. The estimated drift term in the modgth linear function of time is equal
to 0.3985, while it is 0.1837 in the model with @mge function of time. These figures
represent a long-term mean value of the stocha®id) coefficients,3;,. Suppose
the dynamic process @, is truly described by these two modeig, of each model
will reflect the average number of day in which thiermation is disseminated to the
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stock market. However, this expression is subjedhée test for model comparison,
which will be discussed later in subsequent section

Besides, coefficients of trend elemerdt], are statistically significantly
different from zero in all three specifications. €Be evidences are very important
because they indicate that the degree of markieieaf€y has a statistical relationship
with time, which is consistent with the hypothesfsthis study. The sign of} is
negative in the model with the linear function iofie¢, while it is positive in the model
with inverse and logistic functions of time. Thessults indicate that, in the long run,
B1: will behave in at least three manners; linearlgrdasing, abruptly decreasing
within a very short period of time, or S-shape dasing. At the same time, they also
imply how degree of efficiency in the stock markeproves. In addition, parametér
in the model with logistic function of time is alsmportant to explain how fast the
degree of efficiency improves. A big positive valwé 6 suggests a rapid
improvement, while a small positive value suggestserwise. In this studyd is
equal to 9.5281 and is significantly different fraero. Nevertheless, its effect B
is deprived by a small value af, which equals to 0.2813. As a result, the magmitud
of B, in the model with logistic function of time willrgdually decrease throughout
the sample period.

The estimated volatilitg, is large vis-a-vig, and is statistically significant.

This indicates thaf;, is not constant, but rather time-varying and haslationship
with time as mentioned earlier. Nevertheless, exéepthe model with inverse
function of time, this study finds no evidence efationship betweef;, and its one-
period lagged value. Lastly, LRT statistics arehhigsignificant at 1% level, with the
values of 1,854.7193, 1,815.0010, and 1,856.698%h#&stochastic AR(1) coefficient
model with linear, inverse, and logistic functioh tone, respectively. The results
suggest that the stochastic AR(1) coefficient maglsignificantly better than random
walk model in terms of goodness-of-fit. The driftdatrend terms are, therefore,
meaningful to be incorporated into the model tolaxpthe behavior of degree of
market efficiency. Following these evidences, @lsbe inferred that neither random
walk nor GAR(1) specification applied in the prevsostudies is correctly specified.
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Figure 1
The smoothed estimate of8;;
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(c) The stochastic AR(1) coefficient (d) The stochastic AR(1) coefficient
model with inverse function of time model with logistic function of time

From Figures 1 (a) to (d), it can be seen thatstmeothed estimate f,,
from random walk model has a decreasing trend,enduich a trend is not visually
presented in the smoothed estimatefof from the stochastic AR(1) coefficient
model. Also, it is noticed that the absolute valogg,, from random walk model are
less than one, but some Bf, from the stochastic AR(1) coefficient model are.no
However, the arguments for these evidences carxpl@ieed in two folds. Firstly,
coefficiental are strongly statistically significant, which iart indicate that values
of B,, from the stochastic AR(1) coefficient model areplititly diminishing in the
long-run.. Secondly and most importantly, the flatton pattern of3;, is due to a
Gaussian white noise property of the disturbanaavéver, the numbers of times that

the absolute values of,, are greater than one is, on average, 2.78% of tota
observations. This is considerably small and dbaignored.

Previously, Arouri et al. (2012) studied time-vanyidegree of efficiency in
Thailand’s stock market using a random walk modéleir results differ from the
results of the stochastic AR(1) coefficient modetwo respects. Firstly, Arouri et al.

(2012) demonstrated th#, were very stable, while this study finds tht are
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volatile, but decreasing with time. This is posgiile to the less frequency of data
and shorter sampling period since Arouri et al.1@0used monthly returns from
January 1976 to March 2000. The different in magpecification is also crucial. As
discussed earlier, the random walk model is infettostochastic AR(1) coefficient
model, henceg,, from the latter model shall be more accurate aelil described the
true process of time-varying degree of market efficy in Thailand. Secondly,
Arouri et al. (2012) asserted that Thailand’s statkrket was weak-form efficient,
but did not indicate how much the degree of efficie improved. In contrast, this
study will demonstrate this improvement using thenber of days for information
dissemination in the stock market. The details belldiscussed later.

5.2 Models Comparison

Table 4 below presenti5 statistics computed from each pair of models. Reca
that a large negative value implies that the adteve model is preferred to the null
model, while a large positive value implies othessvi Comparing between the null
random walk model and the alternative stochasti¢lARoefficient model with three
forms of function of time, the results show that t@ree specifications of the
alternative stochastic AR(1) coefficient modes #aeorable to the random walk
model in describing the dynamic behavior of therdegf market efficiency. This is
consistent to likelihood ratio test in Table 3, efhindicates that the stochastic AR(1)
coefficient model is better fitted to the data thandom walk model.

Table 4
Summary of Model Comparison using Voung (1989)’s Ts
Null models
Stochastic AR(1) coefficient models with
Alternative models Random linear inverse logistic
walk model | function of function of function of
time time time
Stochastic AR(1)
coefficient model with
linear function of time -10.3570**4
inverse function of time -10.1283**F  3.3277***
logistic function of time -10.3673*** -0.6272 -3.2556%**

Note. *, ** and *** denote the estimated parameatesignificant at 10%, 5% and 1% level.

When comparing the three specification of the sasth AR(1) coefficient
models with one another, the results show thatrtbdel with linear function of time
is superior to that with inverse function of tinmedicated by a significant and positive
V statistic of 3.3277. In addition, the model wittgistic function of time is also
superior to that with inverse function of time, icated by significant and negative
statistic of -3.2556. Finally, when comparing betwehe models with linear and
logistic functions of time, the sign &f statistic suggests that the model with logistic
function of time would be more superior, howevag value of the test statistic, e.g. -
0.6272, is not statistically significant. As a riésit can only be inferred that neither
of the models with linear nor logistic functionstohe are distinguished.
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This result is understandable. With particular separameters, the logistic
function is able to accommodate the linear functwntime, especially when the
magnitude ofal is small as observed in this study. Accordingliese two
specifications are almost identical in terms ofaidéng dynamic behavior of degree
of market efficiency. Nevertheless, it should beedothat the model with linear
specification has a drawback. When time increasesfinity, ;. will possibly be a
huge negative value. In such a case, it implies ¢tinge the degree of efficiency
improves, it can deteriorate in the future becahsehigher value of;,, the greater
time to disseminate information to the market. Qpjgoto the model with logistic
function of time, the magnitude ¢, estimated from this specification will tend to
decrease continuously in the long run.

Furthermore, the model with the logistic functiohtone is more intuitive
than the model with the linear function of time whi¢ is applied to explain time-
varying degree of market efficiency. In this regatdsuggests that degree of market
efficiency gradually and continuously improves. tAé opening of the stock market,
degree of efficiency is low as indicated by the biggnitude of3;,. Thereafter, the
developments of the stock market, such as improagsnm the trading system,
enforcement of disclosure rules, establishmeneokdtives exchanges, etc., will lead
to improvement in degree of informational efficign®ather than abruptly happens,
this process arises moderately because it takes fon market participants to
accumulate experience, learn, and adapt themseltes.process is reflected in the
characteristic of the slowly decreasing trengggfproposed by this model. Once the
market participants gain more knowledge, combineath Wetter price discovery
mechanisms, the degree of market efficiency wéhthe improved.

Consequently, this study would suggest that thehststic AR(1) coefficient
model with logistic function of time is the mostpappriate model specification to
explain the dynamic behavior of degree of effickemcThailand’s stock market.

5.3 Numbers of Days for Information Dissemination

The magnitude of AR(p) coefficient can be relatedhe degree of market
efficiency as it implies how much time the markatds to disseminate information.
In this study, results from the statistical tesggest that AR(1) specification is
appropriate, therefore, HL measurement can beegppd investigate how much time,
in numbers of days, information is disseminatedh® market. Based on discussion
above, the author will employ the smoothed estiméfg), from the stochastic AR(1)
coefficient model with logistic function of timen lorder to illustrate whether the
numbers of days for information dissemination daseg the calculation will be done
at three points of time.

The first point of time is when = 1, which is the opening of the stock market.
The second point of time is when= £, and the last point of time is wher= 9,682,
which is the latest sample of this study. As fag #econd point of time, the author
proposes using = 7 instead of using equal to half of total observations becatise
provides an indicative point of time where trenéneént of degree of efficiency
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decreases by a half. Therefore, the estimatioralflife measure at this point of time
is more informative. From Table 3, the point of dirmorresponds té = 0.5245 is at
the 5078 observation (variable in this study is scaled by dividing by total numbe
of observation), or approximately 20 years afterdpening of the stock market.

Previously, the studies that interested in meagutnits of time to
dissipate a piece of information throughout the ketargenerally use a half of
information as a benchmark, so called HL measurémin this study, being
enthusiastic to see the different results if theepotmagnitudes of information are
applied, the author develops the measurementsugegtne unit of time in order to
spread out 25%, 50% and 75% of information. Theieoal results are tabulated in
the Table 5 below.

Table 5
Numbers of Days for Information Dissemination

Numbers of days for the magnitudes of information ee
Time disseminated to the market

One-fourth Half Three-fourth
t=1 0.3574 0.8612 1.7223
t =5,079 0.1100 0.2651 0.5301
t =9,682 0.1035 0.2494 0.4988

The results illustrated above support that degfeefarmational efficiency in
Thailand’s stock market has been improved as itelichy the decreasing numbers of
days that the market utilizes to relay either amath, a half, or three-fourth of
information. Particularly, the numbers of days tpremd out three-fourth of
information decrease from 1.7223 days at the opgeafnmarket to 0.5301 day and
0.4988 day at the points of time= 5,079 and = 9,682, respectively. Considering the
utilization of time to dissipate a half of infornmmt, it is interesting that the market
employs less than one day at all three pointsmetiAtt = 1, the market uses
0.86112 day to disseminate a half of informationef, the period of time declines to
0.2651 day and 0.2492 daytat 5,079 and = 9,682, respectively. Moreover, the
dissemination speed is also improving. For examgie, = 1, the market requires
additional 0.8162 day in order to relay furthemommation from a half to three-fourth
(1.7223 — 0.8612), while it needs additional 0.248 att = 9,682 (0.4988 -
0.2494).

However, numbers of days for information dissemomatat the latest
observation are not much different from those atgbcond point of time, i.e. at=
5,079. This could be explained that, for the gideta, the stock market has been
developed until it has reached the long run levaharket efficiency to so that the
number of day for information dissemination at #ezond and the latest points of
time is very close to each other.
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6. Conclusions

Efficient market hypothesis has been studied amstedein a numbers of
literatures. This hypothesis is important in ecoiamd financial theories since it is a
foundation in developing asset pricing models, stneent strategies, as well as risk
assessment. Recently, research framework on tpis focuses on investigating the
time-varying degree of market efficiency, partielyaon informational efficiency of
an emerging financial market.

This study proposes the stochastic AR(1) coefficismodel and imposes
relationship of degree of efficiency with time inder to correct the drawback of the
model specification applied in the previous studiased on the sample from daily
returns of the SET index from April 30th, 1975 tep&mber 19th, 2014, this study
finds that the degree of market efficiency hasadisttcally significant relationship
with time, at least in three functional forms. Thisdence leads to the conclusion that
both the random walk and GAR(1) models are misifipdc Further statistical test
also shows that the stochastic AR(1) model witkdmand logistic functions of time
are the best two models in describing the dynaneicatsior of degree of market
efficiency in Thailand. Finally, the results of Hlheasurement indicate that number of
day for information dissemination decreases thraugh.

This study not only is an evidence of improving egof market efficiency,
but also contributes to research methodology okthdy in this topic. For one who is
interested in time-varying degree of market efficyg further study can be performed
to expand the edge of knowledge on this field. Ginthe interesting results from this
study is that behavior of degree of market efficieim Thailand’s stock market is
highly volatile. It would be interesting to find bthe determinants to explain such
dynamic behavior.
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