                                                                                                                    ON T HE FORECAST ABILITY OF ASEAN - 5

                                               STOCK MARKETS RETURNS USING TIME SERIES MODE LS

                                                                                        Khim - Sen Liew
a
, Kian - Ping Lim
b
 and Chee - Keong Choong
c

                                                 a
                                                         Faculty of Economics and Manage me nt, Univer siti Putra Malaysia

                                                     b
                                                          Labuan School of Inte rnati onal B usi ness and Fin ance, Universiti Malaysia Sabah

                                                 c
                                                        F acul ty of Acc ount ancy and Manage ment, Universiti Tunk u Abdul Rahman

Abstract

This study examines the forecastability of ASEAN - 5 stock marke t returns using linear and

non - linear time series models. Time series models  with GARCH errors are also considered.

Based on formal econometrics tests, this study shows that the behaviour of these returns do

not follow random walk movement. Results of this study also re veal that all the estimated

time series models, both linear an d non - linear, have smaller out - of - samp le forecast errors than

the random walk model. These two findings robustly indicate that returns of ASEAN - 5 stock

marke ts do not follow random walk movement and are forecastable. Thus, this stud y can be

taken as provid ing justification for the work of technical analysts.

Keywords : Random walk; Time series models; Autoregressive; Smooth Transition

                                                                       Autoregressive; GARCH; Forecasting; ASEAN - 5 stock markets.

I.  INTRODUCTION

Over the past few decades, there has been a growing in terest in the modelling and forecasting

of economic and financial variables, such as GDP, exchange rates, stock prices or returns.

Most of these earlier works used structural models, tryin g to explain the fluctuations in the

variable under stud y with some exo genous macroeconomic variables as the explanatory

variables. Lately,  with th e advancement of time series econometric techniques, many

researchers resort to time series models in their fo recasting endeavour. Th is approach gain

further popular ity when data of higher frequency are becomin g available from the equity,

foreign exchange and derivatives markets, which is particularly useful to those with short -

term horizons.

Time series models have been widely applied in forecasting financial time s erie s for several

reasons. The most important reason is that time series models enjoy greater simplicity as

compared to the econometric structural models without loosin g their forecastability.  In other

words, the forecasting performance of time series mode ls are at least comparable to structural

models disre garding the fact that the forme r requires minimum in formation set. Unlike a

structural model, a time series model demands nothin g more than the historical records of the

variable under investigation

1
. It  is assumed that the movements of a time series are solely

explained in terms of its own past and therefore forecasts can be made by extrap olation of the

past (Harve y, 1993). The work of time series modellin g and forecasting has close connection

1
     One problem enc ounte re d by forecasters using structural  model s is that t he e xpla nat or y va riables

int roduced on the ri ght - hand side of the equati ons ma ke t hem di ffic ult t o use for projecti on (Six, 1989).

It is t he si mpl icit y of the  ti me serie s re qui re me nt t hat enable s the resulting mode l t o be a good

alternati ve t o t he solution of man y foreca sting proble ms.

with techn ical analysis, which basically involves the study of past price behaviou r in order to
draw conclusions concerning the direction and magn itude of future price move ments. From
the practical aspect, there is a growing trend that financial marke t participants use price
histories to make predictio ns of future values. For exa mple, interviews reported in Taylor and

Allen (1992) showed that at least 90% of the respondents used technical analysis in formin g
their expectations. There is also encouraging evidence sugg esting that forecasting using
technical analysis is able to produce surprisingly accurate forecasts (see, for example, Pruitt
and White, 1988, 1989; Brock et al ., 1992). Even in  the area of non - linear forecasting, it was
seen by many technical traders as j ustification for their work. Clyde and Osler (1997) argued
that technical analysis can be viewed as a simple way of exploring the non - linear behaviour of
financial time series. For example, rules such as ^head and shoulders~ are clearly a ttemptin g
to find some kind of non - linearity in these series.

Linear time series model was first formally introduced by Yule in 1926, in the form of
autore gressive (AR) model, even though time series analysis is believed to have started much
earlier (Cryer, 1990). Since t hen, time series models have gained its popularity within the
empirical re gu larities. Recently, non - linear time series models have been introduced to cater
for the need of characterizing the nonlinear dynamics of certain variables in va rious fields.

For in stance, Threshold Autore gressive (TAR) model was introduced to characterize the limit
c ycles and cyclical data (Tong and Lim, 1980) and Smooth Transition Autoregressive

(STAR) model was developed to characterize the non - linearities in business cycles

(Terä svirta and Anderson, 1993). The latter has been widely adopted in the stud y of non -
linearities in va rious financial time series data, particularly on to the exchange rate s.

The main objective of this stud y is to e xamine the forecastability of ASEAN - 5 stoc k market
returns, utilizing linear and non - linear time series models. This study is motivated by the
following reasons. First, previous published studies on the ASEAN - 5 stock markets are
largely focused on fundamental analysis based on the Efficient Market  Hypothesis (EMH),

Arbitra ge Pricing Theory (APT) and Capital Asset Pricing Model (CAPM) but the technical
analysis has been sidelined for pure academic purposes. This study is therefo re conducted to
fill in this lite rature gap. Se cond, this study aims to investigate the applicability of time series
models in the ASEAN - 5 stock markets in terms o f asset returns forecasting. Stock p rices were
long believed to follow a geometric random walk with uncorrelated innovations. T he
unpredictable and random behaviour of stock market continue to be scrutinized by researchers

(see, for example, Fama, 1976; Fama and French, 1988; Lo and MacKinlay, 1988; Dockery
and Kavussanos, 1996; Zhu, 1998). Suppose time series model is capable of generatin g future
asset prices or retu rns movements with acceptable accurac y
2

, this indicates that the series are
not random and thus forecastable, which will have strong implication on weak - form
efficiency
                                                         3

                                                              . Besides that, stock market forecasters ma y have reliable forecasts from alternative
s ource ˙ technical analysts ˙ almost instantaneously and at cheaper cost.

In this study, we employ the linear autore gressive  (AR) model and non - linear Smooth

Transition Autore gressive (STAR) model. As forecasters are always in terested to evaluate the
gain in the performance of their forecastin g models over the random walk, th is study also
generated the random walk forecasts. Besides that, the Generalized Autoregressive

2

     Acc urac y is the primar y c rit eri on in selecting f oreca sti ng techniques, a nd t his is supported b y the
surve y c onducte d by Y okum and Armstrong (1995). The y found that ^accurac y~ i s the dominant
criterion amon g al l the forec asting expe rts i n thei r sampl e (researche rs, educators, pra ctitioners and
decisi on m a ke rs).

3

     A random wa lk series i mplies that t he market is wea k - form e fficie nt. Si nce ne w i nformation i s
dee med t o c ome i n a ra ndom fashion in an efficie nt marke t, cha nges i n prices that  occur a s a
c onseque nce of that i nformat ion will seem ra ndom. Thus,  in vestors i n weak - form effi cient ma rket
cannot e xpect t o find a ny pat terns i n the hist orical se quence of stoc k price s that will provi de i nsight
int o fut ure price move ment s a nd all ow the m to earn abnormal rate of ret urn.

Conditional Heteroscedasticity (GARCH) model, which is commonly adopted in stock marke t

stud y are also incorporated in our time series models for the forecasting evaluation.

The remainder of this paper is organized as follows: Section II pro vides an ove rview of the

time series models used in this study. Section III contains the preliminary data  analysis

explains the research design in this study. The results on the forecasting performance of

various models are discussed in Section IV. The final section concludes this study.

                                                                                   II.

                                                                                                         AN OVE RVIEW OF T HE TIME SERIES MODELS

Autoregressive model of o rder p  or briefly AR( p ) of a time series

t
y
could be represented by

the general equation:

                                                                                                                    å

+

-

                                                                                                        +

                                                                       =

                                                                                                                       =

-

                                                                                                                        p

                                                                                                                    i
t
i
t
i

                                                              t
u
y

                                                      y

1

                                                                                              0

)

(
e
a

                                                                                   a
                                                 (1)

where

                                                    0

                                         a

                                                            and

                                                                                                      i

                                                                                          a

                                                                                                            ; i = 1, . .., p  are autoregressive parameters to be estimated, u  refers to the

mean value of

                                                                                                    t

                                                                                             y
                                                                                                          , and

t
e

represents random errors with zero mean and finite variance.

This linear time series model has been extended to a non - l inear time series model by adding a

nonlinear component to Equation (1). The resulting model, known as the Smooth Transition

Autoregressive (STAR) model allows the variable under investiga tion to  adjust smoothly

every moment within different regimes with t he speed of adjustment depends on the size of

the deviations from its equilibrium level. STAR of order p  or briefly STAR( p ) representation

is given by (see Teräsvirta and Anderson, 1993):

                                                          t

                                                   y
                                                                =

                                                                                     0

                                                                             a

                                                                                              +
)

( u
y

                                                                                                                   p

                                                                                                                      1

                                                                                                              i
i
t
i

-

                                                                                                                å

                                                                                                                 =

-
a  +  [
)

( u
y
p

1
i
i
t
i

-
å

=

-
b ]F(

d
t
y

-

) +

t
e

                    (2)

where

                                                   0

                                        a

                                                           and

                                                                                                   i

                                                                                        a

                                                                                                         ; i = 1, ..., p  stand for autore gressive para meters;

i
b

; i = 1, �, p  are known

as nonlinear autoregressive parameters. F(

                                     · )is the transition function depending on the lagged

level,

                                                         d

                                              t

                                       y

                                                   -

                                                                   where d  is known as the delay length or dela y parameter, and

t
e  is a white noise

with zero me an and constant variance.

Two versions of transition functions, namely the exponential and lo gistic functions are

proposed in the literature. These functions, in that order, can be expressed as

                                               F(

                                                                               d

                                                                      t

                                                               z

                                                                          -

                                                                                       ) = 1 ˘  exp[˘

2
g
(

d
t
z

-

)

2
]                      (3)

and

                                               F(

                                                                               d

                                                                      t

                                                               z

                                                                          -

                                                                                       ) = [ 1 ˘  exp(˘

2
g

d
t
z

-

)]

- 1
                    (4)

where

                                                   2

                                        g
                                                          stands for the transition parameter, measurin g th e  speed of adjustment.

STAR model (2) with specification (3) is known as LSTAR or logistic STAR model, whereas

with specification (4) is termed ESTAR or exponential STAR model

4
. Practically,  these two

4
     Intere sted rea ders c oul d refe r Terä s virta a nd Ande rson (1993) and Te räs vi rta (1994) for t horough

disc ussi on on the t heoretica l and e mpi rical aspects of these model s.

models have quite different empirical implications on the stock market behaviour: the LSTAR
model describes the asymmetrical nonlinear adjustment process, while the ESTAR model
suggests symmetrical nonlinear adjustment process.

Note that the assumption that
t

e
 is a  white noise in Equatio ns (1) and (2) is usually violated
in the modelling of financial time series, which is well - known for their volatile behaviour.

Engle (1982) incorporates the time - varying variance by specifyin g

                                                                                                   t

                                                                                     t

                                                        t

                                                                               z

                                                                                        s

                                                 e =

                                                                                                                                (5)
where

                                                 t

                                          z

                                                       ~ i.i.d. (0, 1) and
t

s
is a time varying, positive, and measurable function of the time
t  ˘  1 information set.  In formulating his ARCH ( q ) model, Engle (1982) proposed the time -
varying parameter
t

                                                                                                              s

 as dependent of past values of
t

e

, represented by the form:

                                                             2

                                                           t

                                                s

                                                                    =

2

                                                                                                                        1

                                                                                           0 it

                                                                                                                    q

                                                                                                                i

i
-

                                                                                                                   =

                                                                                                                å
¶

                                                                                                    +

                                                                                  ¶ e

                      (6)
where

                                                  0

                                         ¶

                                                         > 0 and

                                                                                                                   i

                                                                                                          ¶

¯�

In  practice, the linear  ARCH ( q ) models usually require a long la g length q . It is well known
that longer la g length might reduce the degree of freedom. The Generalized ARCH or

GARCH ( p , q ) model due to Bollerslev (1986) p rovides an alternative with mo re flexible lag
structure. The GARCH ( p , q ) model is represented by

                                                             2

                                                           t

                                                s

                                                                    =

2

                                                                                                                        1

                                                                                           0 it

                                                                                                                    q

                                                                                                                i

i
-

                                                                                                                   =

                                                                                                                å
¶

                                                                                                    +

                                                                                  ¶ e

 +

2

1

i
t

p
i

i
-

=

å
s
q

                     (7)

A special case of GARCH ( p , q ) model with p  = q  = 1 namely the GARCH (1, 1) model was
independently suggested by T a ylor (1986).  To ensure a well - defined process in the  context of

GARCH (1, 1) model, the followin g customary constraints are applied to the parameters:

i

¶

>

0;  i = 0, 1,

                                                                                        1

                                                                               q

                                                                                              > 0 and

1

1

q

+

¶

 < 1. In mo st applications, GARCH (1, 1) model is found
suffice. Hence, this study will confine to the use of GARCH (1, 1) model.

                                                                                                                     III.  DATA AND RESEARCH METHODOLOGY

The Data

The daily Composite Indices of the five major ASEAN stock markets, covering the period of

2/1/1990 to 31/10/2001, amountin g to a total of 3087 observations are emplo yed in this study.

Specifically, the data consist of daily closin g prices of Jakarta Composite Index (Indonesia),

Kuala Lumpur Co mposite Index (Mala ysia), Philippines Composite P rice (the Philippines),

Strait Times Index (Singapore) and Stock Exchange of Thai (Thailand). In this study, the
sample is divided into two sub - periods. The first sub - period ran gin g from 2/1/1990 to

31/10/2000 is used in the model estimation and the remain der is kept for the purpose of out -
of - sample forecasting accuracy evaluation. The data set is obtained from Kuala Lumpur Stock

Exchange (KLSE) and the indices are denominated in local currency units.

The returns of stock indices are computed as percentage  returns (
t

r

), usin g the relationship:

                                                      t

                                                 r
                                                               = 100* ln(

1

/

-
t
t

P

P
)                       (1)

where

                                                   t

                                           P
                                                         is the closing price of stock index on da y t ,  and

1

-
t

P
the pri ce stock index on the

previous tradin g da y.

The resulting returns are plotted in Figu re 1. From this figure, it can be observed that all the

ASEAN - 5 stock returns are fluctuating a round the zero horizontal line, indicating that on

average the returns ar e zero. This shows that the major stock markets in the ASEAN re gion

are self - correcting and every chance of abnormal profits is arbitra ged away.

One requirement in the time series modelling is that the series must be stationary. To

investigate  the station arity property of the re turns series, formal augmented Dicke y - Fuller

(ADF) and Phillips - Pe rron (PP) unit root tests are utilized in this study. The results of

conducting such tests are summarized in Table 1. As the returns series have zero mean and

trendle ss as depicted in Figure 1, we proceed with the testing of unit root in the absence of

intercept and trend. Both the ADF and PP test statistics in Table 1 suggest that the returns

series as represented by

t
y
are stationary at 1% signifi cance level in all cases.

Table 1

Unit Root Tests Results

ADF

PP

     Composite Index

t
y

t
y

D

t
y

t
y

D

     Jakarta Composite Index

˘ 23.825

˘ 40.302

˘ 45.147

˘ 144.813

     Kual a Lumpur Composite Index  ˘ 23.984  ˘ 41.057  ˘ 51.667  ˘ 165.315

     Philippines Composite Price  ˘ 23.407  ˘ 40.463  ˘ 45.904  ˘ 141.199

     Strait Times Index  ˘ 24.613  ˘ 41.203  ˘ 47.079  ˘ 143.761

     Stock Exchange of Thai  ˘ 23.318  ˘ 40.446  ˘ 48.616  ˘ 154.349

Notes:

                                                        t

                                                 y

                                                               and

                                                                                                        t

                                                                                                 y

                                                                                        D

                                                                                                               stands for the le vel and first - differe nce of re turns series respecti vel y. The c ritical

                                               value s for ADF a nd PP tests with no c onstant and no t rend are i denticall y ˘ 2.567, ˘ 1.939 and

                                               ˘ 1.615 for 1, 5, and 10% si gnifica nc e le vel.

Figure 1

Plots of ASEAN - 5 Stock Markets Returns

                                                                   Jakarta Composite Inde x

-15

-10

     -5

        0

        5

   10

   15

                                               500 1000 1500 2000 2500 3000

Kuala Lumpur Composite Index

-30

-20

-10

0

10

20

30

500 1000 1500 2000 2500 3000

                                                          Phili ppi nes Composite Price

-10

     -5

         0

         5

   10

   15

   20

                                                500 1000 1500 2000 2500 3000

Strai t Ti me s Index

-10

-5

0

5

10

15

20

500 1000 1500 2000 2500 3000

                                                                     St ock Exc ha nge of Thai

-15

-10

     -5

         0

         5

   10

   15

                                                500 1000 1500 2000 2500 3000

We note here that there is a chance t hat

t
y
follows a random walk process and in fact s tock

prices were long belie ved to follow a geometric random walk with uncorrelated innovations .

Recall that if

                                                                                                       t

                                                                                                y

                                                                                      D

                                                                                                             or the first - difference of

t
y
 i s purely a white noise, then it follows that

           t

    y
                  =

                                                    1

                                                -
                                            t

                                     y
                                                           . In o ther words,

t
y
 would then be a random walk process. Hence, by checking the

property of

                                                                                       t

                                                                                y

                                                                      D

                                                                                             , we would be able t o verify whether

t
y
 is a random walk or not.

Our unit root tests results in Table 1 su ggest that

t
y

D

 is stationary at significance level. We

then conduct the portmanteau Q - test to check whether the stationary ser ies are actually

identically and independently distributed (Brockwell and Davis, 1996). Briefly, the null

hypothesis in the Q - test is that the sample autocorrelation of all lags are  statistically

indifferent from zero, implying that

t
y

D

 is i.i.d. The test results for the computed Q - statistics

up to 12, 24 and 36 lags are reported in Table 2. It is obvious from th is table tha t the null of

white noise for the first - difference series of the returns has been strongly rejected in all cases.

T hus, this stud y has demonstrated th rou gh formal econometric test procedures that the returns

series are not random walk movement at all. To sum, we have shown that the returns series

are stationary, which does not move in random walk manner. We thus model these series with

the linear and non - linear time series models as discussed in Section II.

Table 2

Q - Statistics for

t
y

D

Lags

12  24  36

Jakarta Composite Index

563.620*

616.290*

664.370*

Kuala Lumpur Composite Index  857.5 10*  914.950*  927.930*

Philippines Composite Price  533.260*  562.160*  611.670*

Strait Times Index  547.480*  568.630*  582.390*

Stock Exchange of Thai  623.370*  650.340*  680.320*

Note:  Asteri sk (*) indicate s si gni fica nce at 1% si gnificance le vel.

Res earch Methodology

This study models the ASEAN - 5 stock markets returns with AR( p ) and STAR( p ) models

with the assumption that the residuals

t
e

 follow white noise process. Two type of STAR

models namely the ESTAR( p ) and LSTAR( p ) as des cribed in the aforementioned section are

considered here, with p  =1 in all cases, as suggeste d by the sample partial au tocorrelation

functions (PACF) in Figure  2. For the purpose of forecasting comparison, we also allow

t
e

 to

follow GA RCH (1, 1) process, yielding AR(1) - GARCH(1, 1), LSTAR(1) - GARCH(1, 1) and

ESTAR(1) - GARCH(1, 1) models. Thus, a total of six time series forecastin g mo dels for each

returns series are  considered in this stud y.  These six models and a random walk model are

uti lized to generate out - of - samp le forecast for the forecast horizons of 1 da y,  1 week, 1

month, 3 months, 6 months, 9 months and 1 year for each returns series, startin g from

1/11/2000 . The forecasting performance of these models on each forecast horizon is evaluated

Table 3

Forecasting Performance by the RMSE

RMSE

Foreca st

Horizon

                                                                                                      RW  AR  ARG  ESTAR  ESTARG  LSTAR  LSTARG

Jakarta Composite Index

1 Year  1.854  0.001  0.006  0.029  0.009  0.025  0.009

9 Months  1.826  1.342  1.342  1.349  1.344  1.349  1.344

6 Months  1.779  1.062  1.061  1.069  1.064  1.069  1.064

3 Months  2.079  1.638  1.639  1.635  1.637  1.635  1.637

1 Month  1.431  1.430  1.432  1.434  1.433  1.434  1.433

1 Week  1.264  1.403  1.403  1.403  1.403  1.403  1.403

1 Day  1.480  1.414  1.414  1.413  1.413  1.413  1.413

Kuala Lumpur Composite Index

1 Year  1.789  1.296  1.299  1.295  1.298  1.295  1. 297

9 Months  1.706  1.343  1.346  1.341  1.345  1.341  1.344

6 Months  1.793  1.263  1.288  1.260  1.270  1.260  1.265

3 Months  1.767  0.819  0.825  0.815  0.823  0.816  0.821

1 Month  1.389  0.897  0.882  0.915  0.886  0.910  0.890

1 Week  1.256  1.222  1.233  1.211  1.230  1.214  1 .227

1 Day  1.932  0.006  0.044  0.036  0.033  0.025  0.022

Philippines Composite Price

1 Year  2.252  1.716  1.719  1.719  1.719  1.718  1.720

9 Months  2.274  1.720  1.723  1.721  1.723  1.722  1.724

6 Months  2.426  1.913  1.914  1.913  1.914  1.913  1.915

3 Months  3.052  2. 484  2.485  2.485  2.485  2.484  2.486

1 Month  4.290  3.814  3.810  3.815  3.813  3.812  3.813

1 Week  2.090  1.605  1.611  1.624  1.625  1.609  1.636

1 Day  3.127  1.605  0.136  0.201  0.202  0.129  0.238

Strait Times Index

1 Year  2.062  1.431  1.436  1.430  1.433  1.432  1.434

9  Months  2.035  1.425  1.430  1.423  1.426  1.426  1.428

6 Months  1.955  1.282  1.285  1.282  1.284  1.282  1.284

3 Months  2.040  1.341  1.285  1.340  1.344  1.342  1.345

1 Month  1.828  1.351  1.350  1.356  1.356  1.351  1.353

1 Week  2.172  2.174  2.171  2.188  2.189  2.173  2.181

1 Day  1.598  0.255  0.316  0.352  0.401  0.256  0.367

Stock Exchange of Thai

1 Year  2.135  1.677  1.677  1.678  1.677  1.679  1.677

9 Months  2.115  1.725  1.725  1.726  1.725  1.727  1.725

6 Months  1.981  1.565  1.559  1.569  1.560  1.568  1.561

3 Months  2.361  1.799  1.799  1 .800  1.795  1.802  1.796

1 Month  2.421  2.184  2.161  2.192  2.167  2.197  2.169

1 Week  2.105  1.767  1.726  1.718  1.735  1.789  1.740

1 Day  2.297  0.036  0.089  0.127  0.155  0.013  0.074

  Note:  ARG, LSTARG, E STARG stand for AR - GARCH, LSTAR - GARCH and E STAR - GARCH

                                          model s re spec ti vel y.

Table 4

                                                                                                                 Ranking of  Forecasting Models by Forecast Horizon

RMSE

Countries

                                                                                                                  RW  AR  ARG  ESTAR  ESTARG  LSTAR  LSTARG

1 Year

Indone sia  7  1  2  6  3  5  3

Mala ysia  7  3  6  1  5  1  4

Phili ppi nes  7  1  3  3  3  2  6

Singa pore  7  2  6  1  4  3  5

Thaila nd  7  1  1  5  1  6  1

Ave ra ge  7.0  1.6  3.6  3.2  3.2  3.4  3.8

9 M onths

Indone sia  7  1  1  5  3  5  3

Mala ysia  7  3  6  1  4  1  3

Phili ppi nes  7  1  4  2  4  3  6

Singa pore  7  2  6  1  3  3  5

Thaila nd  7  1  1  5  1  6  1

Ave ra ge  7.0  1.6  3.6  2.8  3.0  3.6  3.6

6 M onths

Indone sia  7  2  1  5  3  5  3

Mala ysia  7  3  6  1  5  1  4

Phili ppi nes  7  1  4  1  4  1  6

Singa pore  7  1  6  1  4  1  4

Thaila nd  7  3  6  6  1  4  2

Ave ra ge  7.0  2.0  4.6  2.8  3.4  2.4  3.8

3 M onths

Indone sia  7  5  6  1  3  1  3

Mala ysia  7  3  6  1  5  2  4

Phili ppi nes  7  1  3  3  3  1  6

Singa pore  7  3  1  2  5  4  6

Thaila nd  7  3  3  5  1  6  2

Ave ra ge  7.0  3.0  3.8  2.4  3.4  2.8  4.2

1 M onth

Indone sia  7  1  2  5  3  5  3

Mala ysia  7  6  1  4  2  3  5

Phili ppi nes  7  5  1  6  3  2  3

Singa pore  7  2  1  5  5  2  4

Thaila nd  7  5  1  4  2  6  3

Ave ra ge  7.0  3.8  1.2  4.8  3.0  3.6  3.6

1 Wee k

Indone sia  7  1  1  1  1  1  1

Mala ysia  7  3  6  1  5  2  4

Phili ppi nes  7  1  3  4  5  2  6

Singa pore  2  4  1  6  7  3  5

Thaila nd  7  5  2  1  3  6  4

Ave ra ge  6.0  2.8  2.6  2.6  4.2  2.8  4.0

1 Day

Indone sia  7  5  5  1  1  1  1

Mala ysia  7  1  6  5  4  3  2

Phili ppi nes  7  6  2  3  4  1  5

Singa pore  7  1  3  4  6  2  5

Thaila nd  7  2  4  5  6  1  3

Ave ra ge  7.0  3.0  4.0  3.6  4.2  1.6  3.2

          Notes:  ARG, LSTARG, E STARG stand for AR - GARCH, LSTAR - GARCH and E STAR - GARCH

                                                 model s re specti ve l y.

           For each foreca st horizon, t he ranki ng is done ba sed on RMSE of eac h forecasting model.

Normal Errors ver sus GARCH Errors

On average, models with the assumption of GARCH errors do not out - performed models with
normality assumption. Taking the 3 - month forecast horizon for illustration, we notice that AR

(1) ˘  GARCH (1, 1) predicts better than AR (1) model in terms of average rankin g.

Meanwhile, ESTAR (1) ˘  GARCH (1, 1) also give better forecasts than ESTAR (1, 1) model
ranked second, on avera ge. As for the LSTAR models, LSTAR (1) ˘  GARCH (1, 1) model is
superior to LSTAR (1 ) model as well. It is unknown whethe r the use of other GARCH
variants such as Exponential GARCH (Nelson, 1991), Threshold GARCH models (Za koin,

1990; Glosten et al ., 1993

) and
Fractionally Integrated GARCH (Baille et al ., 1996) will b rin g
about improvement in terms of forecast performance.

ESTAR versus LSTAR

ESTAR (1) model has out - predic ted LSTAR (1) model for all forecast horizon with the
exception of 6 - month and 1 - week horizons, whereas ESTAR (1) ˘  GARCH (1, 1) model has
out - predicted LSTAR (1) ˘  LSTAR (1) ˘  GARCH (1, 1) model for all f orec asts horizon
excludin g the 1 - week and 1 - da y horizons. Thus, based on forecasting performance, the

ESTAR specifications are in generally more appropriate than the LSTAR specifications in
characterizing the behaviour of ASEAN - 5 daily stock returns. This indicates that the ASEAN -

5 stock market adjusts symmetrical towards over - valuation and under - valuation of daily stock
returns
                                        6

                                            .

V.  CONCLUSIONS

Most previous studies on stock markets are based on fundamental analysis such as Efficient

Market Hypothesi s (EMH), Arbitra ge  Pricing Theory (APT) and Capital Asset Pricing Model

(CAPM). The technical analysis has not received much attention for pure academic purposes.

This study is therefore conducted to fill in this literature gap.  Another motivation of th is
study is that stoc k prices were long believed to follow a geometric rando m walk with
uncorrelated innovations. The unpredictable and random behaviour o f stock ma rket continue
to be scrutinized by researchers. However, if time serie s model is capable of ge nerating future
asset prices or returns movements with acceptable accuracy, it would mean that the series is
not unpredictable at all and the random walk hypothesis could be rejected. Thus, this stud y
examines the forecastability of ASEAN - 5 stock market re turns, utilizing linear and non - linear
time series models.

Besides utilizing models based on normality assumption, time series models with GARCH
errors are also considered in this stud y to encounter for the heteroscedasticity pro blem, which
is normally r eported in financial time series. Based on formal econometrics tests, this study
shows that the behaviour of these returns do not follow random walk movement. Results of
this study also re veal that all the estimated time series models, both linear and non - linear,
have smaller out - of - samp le forecast errors than the random walk model.  The major
conclusion drawn from these two findings is that returns of ASEAN - 5 stock markets do not
follow random walk movement and are forecastable. Thus, this stud y can be take n as
providing justification for the work of technical analysts.

6

     ESTAR speci ficati on is dee med suitable for financial series that processes s ym me trical adjustment
mechani sm, whe reas LSTAR speci ficati on is best for those wit h as ym me trical adjust ment  mecha ni sm.

(Ba um et al ., 2001)

REFERENCES

B aum, C. F., Ba rkoula s, J.T. and Ca gla yan, M. (2001) Nonli near adjustment t o Purcahsi ng Powe r Parit y

                       in the Post - Bretton W oods e ra . Journal of Internati onal Money and Finance , 2 0: 379 - 399.

Bol lerslev, T. (1986) Ge neralise d Autore gressi ve Conditional Hete rosce dasticit y.  Journal of

                       Economet rics,  51,  307 ˘ 327 .

Bailli e, R. T., Boll ersl ev, T.,  and H. O. A., Mi kkelsen (1996). Fracti onall y Integr ated Generalised

                       Aut oregressive Conditi o nal Het er oskedasticit y. Journal of Econometrics , 74, 3 -  30.

Broc k, W. A., La konishok,  J. and LeBa ron, B. (1992) Simple technical t ra ding rules a nd the st ochast ic

                       prope rties of st oc k returns. Journal of Finance , 47, 1731 - 1764.

Broc kwell, P. J. and Da vis, R.  A. (1996) Int roducti on to Time Series Forec asti ng . Ne w York: Springer -

                       Verla g.

Cl yde, W. C. and Osler, C. L. (1997) Cha rting: cha os the or y in disguise?  Journal of F ut ure s Market s ,

                       17, 489 - 514.

Crye r, J. D. (1990) Ti me se rie s analy sis . Bost on: Duxbury Press.

Doc ker y,  E. a nd Ka vussa nos,  M. G.  (1996) Testing the  efficient ma rket hypot hesi s using panel da ta,

                                   wit h a ppl ication t o t he Athe ns st ock ma rket. Applied Economic s Letters , 3, 121 - 123.

Engle, R. F. (1982) Autore gressi ve Conditiona l Hete rosce dasticit y,  with e stimati on of the variance  of

                       Unite d Ki ngdom i nflation. Economet ric a , 50, 987 ˘ 1007.

Fa ma, E. F. (1976) Foundations of Fi nance . Ne w York: Basi c Books.

Fa ma, E. F. and French, K. (1988) Pe rmane nt and te mporary compone nts of st oc k price s. Journal of

                                   Politic al Ec onomy , 96, 246 - 273.

Glosten, L.R., R. Ja gannat han, and D. Runkle (1993) On t he relati on between the e xpec ted value a nd

                                   the volati lit y of the normal e xcess re turn on st oc ks. J ournal of Fina nce, 48, 1779 ˘ 1801.

Harve y, A. C. (1993) Ti me Ser ies Model s. 2
nd
 e dit i on. Great Britain: Harvester Wheats hea f.

Lo, A.W. a nd Mac Kinla y,  A. C. (1988) Stoc k market prices do not foll ow random walk: e vide nce from

                                   a simple specification test. Re view of Financi al St udies , 1, 41 - 66.

Nel son, Da niel  B.  (1991) Conditi ona l Hete roskeda s tici t y in a sset  returns: A ne w approac h.

                                   Ec onometrica, 59, 347 ˘ 370.

Lundbergh, S. a nd Te räsvirta,  T.  (1998) Modelling ec onom ic hi gh - fre que nc y time se ries wit h STAR -

                                       STGARCH model s, Working Pape r,  Depa rt me nt of Ec onomic Sta tistics, Stoc kholm, Swe den.

Pruitt,  S.W.  and White, R.E. (1988) The  CRISMA tradi ng s ystem: who sa ys tec hnical  anal ysis can´t

                       beat the ma rket?  Journal of P ortf oli o Manage ment , 14, 55 - 58.

Pruitt, S.W. a nd Whi te, R. E. (1989) Exc hange - t rade d opt i ons and CRISMA t ra ding. Journal of

                       Portf oli o Mana geme nt , 15, 55 - 56.

Six, J. M. (1989) Ec onomi cs and exc hange rate foreca sts. In C. Dunis a nd M. Fee n y (e ds.) Exc hange

                                   Rate Forecasting , pp. 1 ˘  17. Engla nd: Woodhea d - Faulkner.

Ta ylor, S. J. (1986) Modelli ng Financi al Ti me Serie s . Ne w York: J ohn Wile y a nd S ons Lt d.

 Ta yl or, M.P. and Allen, H. (1992) The use of technica l anal ysis in the foreign e xc ha nge ma rke t.

                       Journal of Inte rnati onal Mone y and Finance , 11, 304 - 314.

Te rasvirta, T. (1994) Specification, estimati on, a nd e val uation of Smoot h Tra nsition Autore gr essi ve

                       Mode ls. Journal of the A me rican St atis tical Associ ati on , 89, 208 - 218.

Te rasvirta, T. and Ande rson,  H. M. (1993) Cha racte rizing nonlinea rit ies i n busi ness c ycles usi ng

                                   Sm ooth Transiti on Aut ore gressive Models. In M. H. Pesaran and S.M. Pot ter (eds.) N onlinear

                                   dynamic s, chaos and econome trics , pp111 - 128 . Ne w York: J ohn Wile y & Sons.

 Tong, H. and Lim, K. S. (1980) Threshol d Aut oregressi ve, li mit c yc les and c yc lical dat a. Journal of

                       Royal St atistical Society , 42, 245 - 292.

Yokum, J.T. and Armstrong, J.S . (1995) Be yond accurac y: c omparis on of c rite ria used t o select

                       foreca sting met hods. Inter nati onal J ournal of Forecasting , 11, 591 - 597.

Za koia n, J.M. (1990) ^Thre shold Heteroske dast ic Models,~ manuscript, CRE ST, INSEE, Paris.

Zhu, Z. (1998) The ra ndom wal k  of st oc k prices: e vi de nce from a pane l of G - 7 countries. A ppl ied

                                   Economic s Lette rs , 5, 411 - 413.