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Abstract

Recent empirical researches report that nonlineaamjcs is present in asset returns because of
noise traders involved in the market. This studgmaixes whether there exists any nonlinear dynamics
in Asian stock markets. We employ the smooth ttamsiautoregressive model with the percentage
change in trading volume as the transition variableapture the nonlinear movement between stock
returns and trading volume in Taiwan, Hong Kongig@pore, and Korea stock markets. The results
show nonlinear dynamics exist between stock retwnd trading volume in the stock market.
Moreover, trading volume plays an important roletfe cyclical movements in the stock market.
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STAR models
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1. Introduction

Stock prices are believed to be sensitive to thevamt economic news. Based upon
the capital asset pricing model (CAPM) and the teabe pricing theory (APT), stock
market returns can be predicted by financial androeconomic variables. Investors can
reward excess returns by taking systematic riské,nbt earn extra premium by bearing
diversifiable risk: However, no satisfactory model can argue thatethigrlinear relation
between stock returns and macroeconomic factormaumber of increasing empirical
evidences challenge the CAPM and APT. First, théeai#ty investors are thought to be
rational under CAPM, but some empiricabults show that investors are not rational &l th
time and that irrational investment behavior hauénces on the price formation of
securities. For example, De Long et al.(1990) psepa model to show that investors’
irrational beliefs have influences on the pricenfation of assets. They point out that the
irrational beliefs would drive the stock pricesthar away from the fundamental values, and
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the deviations of stock prices become more extrévizgeover, Lee et al. (2002) employ a
GARCH-M model to show that the conditional voldyiliand excess returns of the stock
market are affected by investor sentiment.

Second, both CAPM and APT predict asset returnh pitced variables in a linear
way. However, some studies have already preseh#tdite business cycle shows nonlinear
characteristics and economic variables exhibit asgtric processes during contraction and

expansion in the economy (Keynes, 1936;&8eirta and Anderson, 199Z)cal and

Osborn, 2000%.Recent studies put more attention on the stoaknstof which dynamics
are characterized by nonlinear behavior in therass cycle. For example, Leung et al.
(2000) predict the international stock returns loifieial neural network method. Some
papers examine U.S. stock market by a Markov switchmodel (Turner et al. 1989; Perez-
Quiros and Timmermann, 2000). Sarantis (2001) ariian (2003, 2004, 2005,2007)
employ the smooth transition autoregressive (SThRYlel to examine non-linear behavior
in the international stock markets.

Moreover, several researches account for differadons of nonlinearities in financial
markets. The main explanations include that hetmiegus beliefs between informed
investors and noise traders (Brock and LeBaron6188leifer, 2000), different investment
horizons, geographical locations, and risk profiesied among investors (Peters, 1994),
market frictions and transaction costs (Dumas, 1$#2cu et al. 1995), and different eco-
nomic growth (Cecchetti et al. 1990). Sarantis (Y0tates that smooth transition models
are not only suitable to explore the nonlinear eyelical behavior of stock returns, but also
appropriate to explain smooth transition duringimeg changes due to heterogeneous
beliefs, varying learning speeds, and differenestment horizons between investors.

Many studies investigate nonlinear behavior ofrimi¢ional stock prices by the STAR
model (McMillan 2001, 2003, 2004, 2005, 2007; Stsar2001) But so far, utilizing the
STAR models to highlight the interactions betwetatis returns and trading volume is few
even though past trading volume providing some alalkl information about stock returns
has been recognized by financial academics(McMil@f7). Blume et al. (1994) present
traders can learn valuable information of stockgphbst prices and past volume, and argue
that stock returns and trading volume are jointiyedmined by the same market dynamics.
Datar et al. (1998) uncover the relation that lamlume firms earn higher future returns, and
high volume firms gain lower future returns. Conetdal. (1994) find low trading volume
stocks exhibit price reversal pattern, but highunod stocks easily show return continuation
by studying weekly data. Moreover, Lee and Swarhigmat(2000) illustrate the interaction
between price momentum, reversal, and trading velobynmomentum life cycle hypothesis
and suggest investor to make profit by the momerihwmsting strategy based on past price
and volume information. Shiller (2000) also promo$iee feedback loop theory to explain
the relationships among stock returns, investotimemt, and trading volume during the
stock market cycle. Furthermore, Tetlock (2007)starcts a straightforward measure of
media content to proxy for investor sentiment aindd the interactions among media con-
tent, market prices and trading volume.

To sum up, both theoretical models and empiricalilte mentioned above demonstrate
that there is interrelationship between stock retuand volume during the stock market
cycle. Hence, the objective of this paper is tongixe nonlinear dynamics between stock
returns and trading volume and to consider tradiolyme as the transition variable to
examine the nonlinear stock market dynamics. Theaneed of the paper is organized as
follows. In the next section, we present the speatibn and estimations of STAR models.
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In section 3, we show and interpret our empirieslutts. In section 4, we compare the out-
of-sample forecasting performance of the nonlimaadel with that of the linear model. In
the final section, we conclude our findings

2. Specification and Estimation of STAR Models

The paper is to exploit the potential nonlinear aydlical behavior between stock
returns and trading volume. We employ the STAR nwdehich allow the transition
variable to cause a slow change between differgihtes to investigate nonlinear relation

in stock market (Tésvirta and Anderson, 1992; Terdsvirta, 1994). Meeeowe consider

trading volume as the transition variable to exantire nonlinear dynamics between stocks
returns and trading volume.

2.1. Trading volume as the transition variable

There are some explanations about the role ofrigagiblume in the market. Prior
researches interprate trading volume as a liquigitgxy. Based upon the liquidity
hypothesis, relatively low volume stocks are ldgsidl, but gain higher expected return
(Amihud and Mendelson, 1986; Datar et al., 199&nBan et al., 1998 ). Some researches
find that trading volume contains valuable inforimatof stocks and propose change in vo-
lume can measure abnormal activity. Lee and Swalimana(2000) state that low (high)
volume stock display characteristics of value (glan stocks. The reason why low (high)
volume stocks usually gain higher (lower) futureures is that investors mispercept about
future earnings of those stocks.

Besides, Lee and Swaminathan (2000) propose theemtom life cycle hypothesis to
show that trading volume and stock returns haveriiakation in the stock market cycle.
Shiller (2000) illustrates how investor expectasidor future market performance, related
information of stocks, and trading volume are dnity the mechanism of the feedback loop
or the self-fulfilling prophecy.

Hence, the trading volume is an important factotrigger off the operations of the
market cycle. When we try to find out nonlinear dgmic in the stock market, the significant
influence of trading volume on stock returns shdudconsidered. That is, in this study we
employ the trading volume as the transition vagaiol examine the nonlinear dynamics of
stock markets.

2.2. Specification of models

The STAR family of models has two particularly ugeforms. One is the logistic
STAR (LSTAR) model which describes a situation vendifferent states of an economy
have different dynamics and the transition from tméhe other is smooth. The other is the
exponential STAR (ESTAR) can explain the similanamic structure of different phases of
an economy, but the middle ground can have diffedgnamics (Terasvirta and Anderson,
1992)

The advantage of employing STAR model in studyiimaricial market is to take
considerations that individuals can be impossilde réact simultaneously to certain
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information. For example, when economic indicateh®w bad signals, investors in the
market would not take the same decisions at theegimme. Some sell their investments
immediately, but some keep them for a while. Hejeneities among investors may result
from the different risk aversion, experiences ingassing information, investing objective,

and time to get valuable information. The STAR nmamws there are continuous states,
not abrupt structural change, between the extrebhersce, STAR models are more suitable
and realistic to process market dynamics. Moreo88 AR models can explain different

states during the market cycle, such as, the mdl lzear markets. Investors could have
different strategies in the bull and bear marketthe market dynamic could be different in
the bull and bear market. The LSTAR model is gooddéscribe such characteristics.
Furthermore, extremes, such as peak and trougloci markets, have similar dynamic, but
the mid-ground, periods of price going up continslpuand of price going downwards

gradually, show different dynamics. During the peakl trough of stock markets, returns
show characteristics of reversal; otherwise, retwgxhibit price momentum behavior. The
ESTAR model is a suitable model to account for suattern.

The STAR model is defined as

rt :ao +aixt +(180 +Bixt)F(St*d)+gt (21)
where I, is the market stock return, X =(r_.,r_,....l.), a,=(a,a,,..4a,),

. iid . g . . -y
B.=B.B,...B), €~N(O,0°), F is the transition function,S_, is the transition
variable, and d is the delay parameter.

The transition function can be a logistic form:
F(S.) ={1+exp-p(S., —ol} ", ¥y >0 (2.2)

where ) is the smooth parameter, measuring the transgifized from one regime to the
other; Cindicates the threshold. When is great than 0, the degree of autoregressiveydeca
depends on the transition variabl&,,. When S_, is far above the threshold, the value of
transition function would approach 1; and wh8n, is far below the threshold, the value of

transition function approaches' ®ence, LSTAR model characterizes asymmetric pseEes
of market cycles.
The transition function can also be an exponefdianh:

F(S..) =1-exp[-(S_, -©)°], y >0 (2.3)
When J is between 0 ando, the degree of autoregressive decay depends dratigition
variable, S _, . As S_, is close to the threshold, the value of transifiomction approaches

to 0. As S_, moves farther away from the threshold, the valiigamsition function is 1.

The ESTAR model suggests similar dynamic for lowl &or high values of the transition
variable, but different dynamic for mid-range oé tihansition variable.

We follow the modeling procedure as supported byarsvirta and Anderson (1992),

Terasvirta (1994), and Sarantis (2001) to build 8UAR models.
Step 1: Specify a linear AR model. We choose tigeldagth,p, of AR model to determine
the maximum value of k by Ljung-Box Q statistic artocorrelation.
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Step 2: Test the linearity of STAR models for diéfet value of delay parametet, of the
transition variable. We estimate the following diaxy equation.

' P P P
rt = 0’0 +a1Xt +jz=1azjxt—jst—d +jz=1a3j Xt—jstz—d +jz=1a4jxt—jst3—d +ut (2-4)
The null hypothesis for linearity test i8,, =a,, =a,, =0, j=1,..., p . We chose d when

the linearity is rejected with the smallest teatistic of p-value.
Step 3: Choose the appropriate model of STAR fablyesting following restrictions:

Hy:a,, =0j=1..,p. (2.5
Hy:a, =0/a,, =0,j=1...,p. (2.6)
Hy,:a, =0/a, =a, =0,j=1...,p (2.7)

If (2.5) is rejected we choose the LSTAR model(255) is not rejected and (2.6) is
rejected, we choose the ESTAR model. If (2.5) @é)(are accepted and (2.7) is rejected,
we select the LSTAR model.

3. Empirical Results
3.1. The data

We investigate weekly stock index returns and trgdiolume of four Asian countries
to explore their nonlinear dynamic relationshiphere are Taiwan Weighted Stock Index,
Hong Kong Hang Seng Index, Singapore Straits Tilmesex, and Korea Composite Index
The data for Hong Kong, Singapore, and Korea amn fihe website Yahoo! Finaric&he
data for Taiwan Stock Index is from the Taiwan Emoic Journal (TEJ) data bank. All the
index returns are presented in natural logaritifnsavoid the problem of different scales in
stock returns and trading volume, we employ thegmiage change of trading volume as
the transition variable to uncover the nonlineanatyic relationship between stock market
returns and trading volume.

3.2. Unit root tests and descriptive statistics

The unit root tests of stock index returns andplrcentage change in trading volume
are reported in Table 1. The unit root tests fooséh series show the evidences of
stationarity. Table 2 shows some descriptive stesior returns and for percentage change
in trading volume. We report their means, stand#diations, maximum, and minimum
value. Because we will take percentage changeadirtg volume to be the transition
variable of the STAR models, we need to find thtueaof the threshold of percentage
change in trading volume, and make sure the valubeothreshold between the maximum
and minimum value. We can find percentage changeaiing volume of four countries
vary quite small.
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Table 1. Unit root tests for stock returns and for the percentage change in trading volume

Unit root tests for the change percentage

Unit root tests for stock returns in trading volume

Country  Taiwan Hong Singapore Korea | Taiwan Hong Singapore Korea
Statistic Kong Kong

wtd.Sy -10.023" -9.403" -9.260° -7.704"| -11.639" -7.516  -9.793" -7.994"

m.
Dickey-F -9.977" -9.3567 -9.205" -8.2777| -11.639" -7.521" -9.753" -8.215"
PP -2011.7° -280.8" -601.4" -511.7"| -1870.8" -274.4" -583.8" -407.9"
*** represents 1% level of significance. Wtd.Symickey-F, and PP are the Weighted Symmetric testkeéyi-
Fuller test, and Phillips-Perron test, respectively

3.3. Tests for linearity and selection of STAR models

The results for the maximum lag of the AR modelsl &or the linearity tests are
presented in Table 3. We find out the maximum lathe AR models by Ljung-Box Q sta-
tistic (LB) for autocorrelation. Most countries wstimating have relatively long lag length.

Table 2. Descriptive statistics for stock returns and for the percentage change in trading volume

- - Descriptive statistics forthe percentage
Descriptive statistics for stock returns change in trading volume
Country Taiwan Hong Singapore Koreg Taiwan Hong  Singapore Korea
Statistic Kong Kong
Mean 0.002 0.001 0.0004 0.003 0.004 0.005 0.011 0.004
Std.Dev. 0.041  0.025 0.031 0.044 0.372 0.273 0.505 0.237
Max 0.220 0.108 0.199 0.174 3.587 1.131 2.655 -1.433
Min  -0.253 -0.078 -0.255 -0.149 -5.010 -1.290 -2.229 1.464

When the linearity test is rejected at 5% levekigfnificant, those countries suggest
nonlinear dynamics in stock markets. Results sugtpes delay parameters of transition
variable in most countries are 0, except for Homgn¢( The evidences imply that the
percentage change in trading volume at the samedpean induce nonlinear dynamics of
stock returns in all of countries we investigatmg Hong Kong. We can argue that there is
interrelationship between stock returns and thegqreage change in trading volume in the
current period in those countries. Only the evigeot Hong Kong shows that two-period
lagged percentage change in trading volume cantréaswonlinear dynamics of stock
returns.

Table 4 reports the results of model specificatiBased upon the selection criteria
mentioned in section 2, nonlinear models of allrdaas are determined. We will employ
the LSTAR model in Taiwan and Korea to explore tieesiymmetric dynamics of the stock
markets. Moreover, we explain nonlinear dynamicshefstock market of Hong Kong and
Singapore by the ESTAR model.
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Table 3. Tests for linearity

Maximum BLB(U)®  Minimum P-value over Delay

Country 0<d<8¢ parameter

Taiwan k=32 0.000 d=0
LB(32)=18.734
P-value= 0.662

Hong Kong k=12 0.024 d=2
LB(38)=6.743
P-value= 0.663

Singapore k=40 0.000 d=0
LB(38)=27.043
P-value= 0.829

Korea k=40 0.003 d=0
LB(40)= 24.087
P-value= 0.935

Notes:

a: First, we estimate linear AR models of differerders. The maximum value of k is selected by gjiwox
Q statistic for autocorrelation.

b: LB(V) is the Ljung-Box statistic fd/ order autocorrelation in the AR model.

c: Choose d with the lowest P-value over the rahtge8.

Table 4. Specification of the nonlinear model®

Country H 04b H - b H 02 b Type of model
Taiwan 0.0025 0.0091 0.0000 LSTAR
Hong Kong 0.5434 0.0337 0.0401 ESTAR
Singapore 0.0371 0.0002 0.1163 ESTAR
Korea 0.1683 0.0346 0.0150 LSTAR

Notes:
a: The value listed on the column H04 . H 03 and H o, are p-value for testing model specifications.
b: Equation (6), (7) and (8) in the section 2.

3.4. Estimates of the nonlinear models

The estimates of STAR models are processed by &tban of nonlinear least squares
and reported in Table 5. Moreover, we follow thggestions of academics to estimagte

by dividing the standard deviation of, o(r), for the LSTAR model, and by dividing the

variance ofr,, o*(r), for the ESTAR model (Granger and Terasvirta, 198&asvirta,

1994). Hencey is scale-free and easier to interpret.
From the Table 5, estimates of the parametersaasition function,, are significant

and show strong evidences of nonlinear models. Magbrtant, the smoothing parameters,
y, of all models are highly significant and is quite small in most countries. The results
suggest there is slow transition between regimethase countries. However, comparing
with other countries, Singapore has rather quiakdition speed between regimes. Besides,
the thresholds of all models are highly significanthe 5% level.
We plot the estimated transition functions of STARbdels for stock returns in

Taiwan, Hong Kong, Singapore, and Korea. From FEdi(a) to Figure 4(b), we show the
shapes of the transition functions of four coustrieach points can indicate what value of
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transition function has obtained and how frequenlgr example, from Figure 1(a) and
1(b), we can see readily the values of transitioncfion in Taiwan are within the two

thresholds most time. Figure 2(a), 2(b), 3(a), afl@) also show the transition functions are
normally to be one in Hong Kong and Singapore. é&si from 4(a) and 4(b), we find

values of the transition functions are usually éazkro in Korea.

3.5. Dynamic behavior

It is different to interpret the estimated coeficis of STAR model from Table 5.
However, we can get more information about dynab@bavior of estimated models by
examining the characteristic roots of polynomialdais. We compute the roots of the

STAR models by solving the following characteristpolynomial (Teésvirta and
Anderson,1992) foF=0, 1.

X —jkgl(% +8, 7 =0 (3.8)

WhenF=0, which means the lower or contraction regiméhanLSTAR model and the mid-
dle range in the ESTAR model. WhEr1, which explains the upper or expansion regime in
the LSTAR model and the outer (contraction or esgam regime in the ESTAR model.
The Table 6 shows the most prominent roots of edéth models for each regime in four
countries.

Table 5. Estimates of the nonlinear models?

Taiwan: LSTAR
r, =-0.025+ 0.055r, , + 0.223,_, + 0.074r,_, + 0.164r,_,, - 0.176r,_,, + (0.061- 0.169r,_,

(-7.782 (2.500 (5.81§ (3.424 (4.116 (-3.929 (9.979 (-2.139
-0.184r, , —~014% _,+0304, ,)x(1+exd-1.9221/ o(r)(s - 067 h™*
(-2.447 (-3.519 (3.475) (5.967 (1.812

VAR/VAR, =0.816
Hong Kong: ESTAR
r,=0.420+17.812 _, -14.287r - 7.420r_, +(-0.418-17.657_ +14.19T  +7.304 )

(7.072 (5.982 (-9.12) (-4.12) (-7.039 (-5.926 (8.969 (4.067
x(1-exq{~13.002(1/ o*(r))(5_, — (0.6379?) }
(4.622 (44.950
VAR/VAR =0.844

Singapore: ESTAR
r, =-4.876-94.053, , + 204.249, ,-116.012, ,, - 76.480, _,, - 41.466, ,, +(4.877+94.132, ,

(-2.079 (-2.18) (2.339 (-2.0829 (-2.589 (-3.352 (2.074 (2.183
-204.125,_, +116.080,_,, + 76.572 _,, + 41.326,_,,)

(-2.337) (2.083 (2.59) (2.349

x (1- exp(- 362.8231/ o*(1))(s - (1.196) b
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(2.449 (168.482

VAR/VAR, =0.845
Korea: LSTAR
r, =0.047-0.125, , + 0.094_, + 0.318,_, +(-0.065- 0.334 )
(4.335 (-2.769 (2.087 (2.239 (-5.467) (-1.857)
x(1+exp{~4.278(1/ a(r))(s - 0.552 })*
(2.069 (6.056)
VAR/VAR, =0.865

Notes:
a: Figures in parenthesis are t-statistics of aiefits. VAR/VAR is the ratio of variances for nonlinear and li-
near models.

For four countries both regimes contain complexsaf explosive roots. This implies
that the stock markets in all countries show cwtlimovements during regimes. In Hong
Kong and Singapore, the middle regime is domind&gén explosive root, which implies
the stock market passing through the thresholdy wgetick on the way up or down.
However, the outer regime is stable, which meaesstiock market tends to stay there.
These arguments also can consist with the Tableidare 2(a), 2(b), 3(a) and 3(b). The
transition parameters of Hong Kong and Singapoedange. Moreover, most values of the
transition function are near one for these two toes

For the LSTAR model, Taiwan and Korea show thahhgiper and lower regimes are
stable. The results imply the stock markets of Baiweind Korea have a tendency to remain
at both contraction and expansion phases.

Table 6. The most prominent characteristic rootsin regimes

Country Regimeg Most prominent roots Modulus
Taiwan L 0.9620+0.0799i 0.9653
-0.9404+0.1000i 0.9457
U -0.9270 0.9270
0.9367+0.1885i 0.9555
Hong Kong M -1.6557 1.6557
1.5402 1.5402
(0] 0.8007+0.1499i 0.8146
0.8303+0.2131i 0.8572
Singapore M -1. 4857 1.4857
1.4620 1.4620
(0] 0.9449+0.0590i 0.9467
- 0.9517+0.0765i 0.9548
Korea L 0.9147 0.9147
- 0.8910+0.2283i 0.9198
U -0.7245 0.7245
- 0.6466+0.3506i 0.7355

Note: a. For the ESTAR model, M is the middle raagd O is the outer regime; for the LSTER
model, L is the lower regime and U is the uppeimeg
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Igure l(b)The estlmated transmon functlon of the
TAR model for stock returns in Taiwan by trading

Figure 1(a)The estimated transition function of tl-i:
t
volume

LSTAR model for stock returns against the percem
change in trading volume in Taiwan
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Figure 2(a)The estimated transition fu ctlon of thieigure 2(b)The est|mated tran5|t|on function of the
ESTAR model for stock returns against the percentB&TAR model for stock returns in Hong Kong
change |n tradlng volume in Hong Kong
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Figure 3(a)The estimated functlon of thieigure 3(b)The esnmated tran5|t|on funct|on of the
ESTAR model for stock returns against the percentB$TAR model for stock returns in Singapore
change in trading volume in Singapore
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Flgure 4(a)The estlmated transmon functlon of n_g ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
t

LSTAR model for stock returns against the percesn TLKS 4(2)T?e etstlrIPat(ted trans:(tlon function of the
change in trading volume in Korea model for stock retums In Korea

4. Out-of-Sample Forecasting

To evaluate the forecasting abilities of the STARdels, we examine the out-of
sample forecasting performance by comparing noalfirend linear models. First, we re-
estimate the STAR models by reducing 12-period @@taeach county Then we make
out-of-sample forecasting for 1 to 12 periods ahepde-estimated parameters for STAR
models and linear autoregressive (AR) models.

We adopt two criteria to evaluate the accuracy avédasts. One is the root mean
squared error (RMSE). The other is the mean aleselubr (MAE). Their definitions are as
followings.
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RMSE= (-5 () =12’ (4.10)
MAE = iz AR (4.11)

r., andr? are actual and forecast values respectively attin The forecasting period is

fromt+1 to t+K. K is 12, which is the out-of-sample forecasting periTable 7 summaries
the results of out-of-sample forecasting for allicwies. We find out values of RMSE and
MAE of STAR models are smaller than those of AR mledAll results support STAR

models have better forecasting performances thamagels.

5. Conclusion

This study examines whether there exists any neafirmarket dynamics between
stock returns and trading volume. We examine Tajwkong Kong, Singapore, and Korea
stock markets by employing the STAR models. Theltesare summarized as followings.
First, four countries show nonlinear evidenceshia stock market cycle. Besides, For
Taiwan and Korea, nonlinear stock market dynamies characterized by the LSTAR
models. Stock returns of Hong Kong and Singaponme lsa described by the ESTAR
models.

Secondly, from the characteristic polynomial of mestimated models displays at
least one explosive root, which means that stockketacycles in most countries are
asymmetric. Moreover, from the out-of-sample fosticey performance of nonlinear
models, we also conclude nonlinear models havetbkettecasting abilities.

Third, we have an important finding, which is traglivolume as a trigger to cause
nonlinear dynamic cycle of stock returns. In statirkets investors believe “Trading volu-
me signals prices.” When trading volume goes tosuabhigh level, investors would expect
the highest prices to happen. Trading volume iddewsed and informative market statis-
tic. When trading volume shrinks to unusual lowelevnvestors predict the lowest prices to
take place. Moreover, valuable information providgdtrading volume is useful not only
for the individual stock but also for the markedéx. From the Table 5, the results show all
thresholds are highly significant. Strong evidersgsport that trading volume is good to be
the transition variable inducing cyclical dynamafstock market.

In conclusion, our study shows that investigatedntdes have nonlinearities and
cyclical behavior in stock market returns. Moregveading volume plays an important role
in the cyclical movements of the stock market. Trgdszolume is a common market indica-
tor for investors in the stock markets. Investossially observe the change in trading
volume first and then make their investment deasidNevertheless, questions remain as to
make investment strategies based upon the changadimg volume. We hope to address
such topic in our ongoing research.
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Notes:

1. The CAPM (Sharpe,1964 ;Linter ,1965) states thawifly systematic risk can be priced and that the
expected return of a asset is equal to risk-freeplus a risk premium multiplied by the asset'stegnatic
risk. Ross (1976) develops the APT which impliext there are multiple risk factors that need t¢atien
into account when calculating asset returns.

2. Keynes(1936) argues GNP has asymmetric processieg dive business cycle. Terdsvirta and Anderson
(1992) find nonlinear behavior of the industriabguction growth for OECD countries. Ocal and Osborn
(2000) investigate nonlinearity of UK consumptiarddndustrial production.

3. McMillan (2001,2003,2004,2005,2007) employ STAR m®sdto examine non-linear relationship of priced
factors and index returns, such as: UK, CAC, NikkhX, Hang Seng, Kuala Lumpur and Singapore Straits
Sarantis, (2001) investigates there are potentigatities in the stock prices of seven major itdals
countries.

4. Sarantis (2001) explains that the lower regifv), is the contraction regime and the upper reging, is
the expansion regime in the LSTAR model. McMill20@3) explains two regimes under the LSTAR model
as large returns and small returns.

5. Some economists consider short-frequent economie Series data as too noisy to reflect the cyclical
movements of variables (Terdsvirta and Andersof218irchenhall et al., 1999). However, if we prese
yearly or quarterly stock returns and trading vatuta find out their nonlinear relationship. Theules can
not provide valuable information for investors take decisions. For example, if investors buy stdesed
upon last year or last quarter data of trading m@pit is not up-to-date information for most intoes.
Hence, recent studies concerning about nonlineaamics of stock returns employ daily stock index
(McMillan,2005). In our study, we exploit valuabigormation for most investors by weekly data.

6. The sample period for Taiwan Weighted Stock Indefkam 1971/1/9 to 2006/11/10, Hong Kong Hang Seng
Index is from 2001/7/9 to 2006/11/27, Singaporai&rTimes Index is from 1995/1/3 to 2006/11/27d an
Korea Composite Index is from 1998/4/27 to 2006111/

7. http://ffinance.yahoo.com/intlindices?e=asia

8. The re-estimated sample period for Taiwan Weigisedk Index is from 1971/1/9 to 2006/8/18, Hong &on
Hang Seng Index is from 2001/7/9 to 2006/9/4, Shoga Straits Times Index is from 1995/1/3 to 2006/9
and Korea Composite Index is from 1998/4/27 to 28/d6




