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Abstract  

Recent empirical researches report that nonlinear dynamics is present in asset returns because of 
noise traders involved in the market. This study examines whether there exists any nonlinear dynamics 
in Asian stock markets. We employ the smooth transition autoregressive model with the percentage 
change in trading volume as the transition variable to capture the nonlinear movement between stock 
returns and trading volume in Taiwan, Hong Kong, Singapore, and Korea stock markets. The results 
show nonlinear dynamics exist between stock returns and trading volume in the stock market. 
Moreover, trading volume plays an important role for the cyclical movements in the stock market. 
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1. Introduction 

Stock prices are believed to be sensitive to the relevant economic news. Based upon 
the capital asset pricing model (CAPM) and the arbitrage pricing theory (APT), stock 
market returns can be predicted by financial and macroeconomic variables. Investors can 
reward excess returns by taking systematic risks, but not earn extra premium by bearing 
diversifiable risk.1 However, no satisfactory model can argue that there is linear relation 
between stock returns and macroeconomic factors. A number of increasing empirical 
evidences challenge the CAPM and APT. First, theoretically investors are thought to be 
rational under CAPM, but some empirical results show that investors are not rational all the 
time and that irrational investment behavior has influences on the price formation of 
securities. For example, De Long et al.(1990) propose a model to show that investors’ 
irrational beliefs have influences on the price formation of assets. They point out that the 
irrational beliefs would drive the stock prices further away from the fundamental values, and 
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the deviations of stock prices become more extreme. Moreover, Lee et al. (2002) employ a 
GARCH-M model to show that the conditional volatility and excess returns of the stock 
market are affected by investor sentiment. 

Second, both CAPM and APT predict asset returns with priced variables in a linear 
way. However, some studies have already presented that the business cycle shows nonlinear 
characteristics and economic variables exhibit asymmetric processes during contraction and 

expansion in the economy (Keynes, 1936; Teräsvirta and Anderson, 1992; Öcal and 
Osborn, 2000).2 Recent studies put more attention on the stock returns of which dynamics 
are characterized by nonlinear behavior in the business cycle. For example, Leung et al. 
(2000) predict the international stock returns by artificial neural network method. Some 
papers examine U.S. stock market by a Markov switching model (Turner et al. 1989; Perez-
Quiros and Timmermann, 2000). Sarantis (2001) and McMillan (2003, 2004, 2005,2007) 
employ the smooth transition autoregressive (STAR) model to examine non-linear behavior 
in the international stock markets.  

Moreover, several researches account for different reasons of nonlinearities in financial 
markets. The main explanations include that heterogeneous beliefs between informed 
investors and noise traders (Brock and LeBaron, 1996; Shleifer, 2000), different investment 
horizons, geographical locations, and risk profiles varied among investors (Peters, 1994), 
market frictions and transaction costs (Dumas, 1992; Sercu et al. 1995), and different eco-
nomic growth (Cecchetti et al. 1990). Sarantis (2001) states that smooth transition models 
are not only suitable to explore the nonlinear and cyclical behavior of stock returns, but also 
appropriate to explain smooth transition during regime changes due to heterogeneous 
beliefs, varying learning speeds, and different investment horizons between investors.  

Many studies investigate nonlinear behavior of international stock prices by the STAR 
model (McMillan 2001, 2003, 2004, 2005, 2007; Sarantis, 2001).3 But so far, utilizing the 
STAR models to highlight the interactions between stock returns and trading volume is few 
even though past trading volume providing some valuable information about stock returns 
has been recognized by financial academics(McMillan 2007). Blume et al. (1994) present 
traders can learn valuable information of stocks by past prices and past volume, and argue 
that stock returns and trading volume are jointly determined by the same market dynamics. 
Datar et al. (1998) uncover the relation that low volume firms earn higher future returns, and 
high volume firms gain lower future returns. Conrad et al. (1994) find low trading volume 
stocks exhibit price reversal pattern, but high volume stocks easily show return continuation 
by studying weekly data. Moreover, Lee and Swaminathan (2000) illustrate the interaction 
between price momentum, reversal, and trading volume by momentum life cycle hypothesis 
and suggest investor to make profit by the momentum investing strategy based on past price 
and volume information. Shiller (2000) also proposes the feedback loop theory to explain 
the relationships among stock returns, investor sentiment, and trading volume during the 
stock market cycle. Furthermore, Tetlock (2007) constructs a straightforward measure of 
media content to proxy for investor sentiment and finds the interactions among media con-
tent, market prices and trading volume.  

To sum up, both theoretical models and empirical results mentioned above demonstrate 
that there is interrelationship between stock returns and volume during the stock market 
cycle. Hence, the objective of this paper is to examine nonlinear dynamics between stock 
returns and trading volume and to consider trading volume as the transition variable to 
examine the nonlinear stock market dynamics. The remained of the paper is organized as 
follows. In the next section, we present the specification and estimations of STAR models. 
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In section 3, we show and interpret our empirical results. In section 4, we compare the out-
of-sample forecasting performance of the nonlinear model 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 and cyclical behavior between stock 
returns and trading volume. We employ the STAR models which allow the transition 
variable to cause a slow change between different regimes to investigate nonlinear relation 

in stock market (Teräsvirta and Anderson, 1992; Teräsvirta, 1994). Moreover, we consider 
trading volume as the transition variable to examine the nonlinear dynamics between stocks 
returns and trading volume. 

2.1. Trading volume as the transition variable 

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

Besides, Lee and Swaminathan (2000) propose the momentum life cycle hypothesis to 
show that trading volume and stock returns have interrelation in the stock market cycle. 
Shiller (2000) illustrates how investor expectations for future market performance, related 
information of stocks, and trading volume are driven by the mechanism of the feedback loop 
or the self-fulfilling prophecy. 

Hence, the trading volume is an important factor to trigger off the operations of the 
market cycle. When we try to find out nonlinear dynamic in the stock market, the significant 
influence of trading volume on stock returns should be considered. That is, in this study we 
employ the trading volume as the transition variable to examine the nonlinear dynamics of 
stock markets. 

2.2. Specification of models 

The STAR family of models has two particularly useful forms. One is the logistic 
STAR (LSTAR) model which describes a situation where different states of an economy 
have different dynamics and the transition from one to the other is smooth. The other is the 
exponential STAR (ESTAR) can explain the similar dynamic structure of different phases of 
an economy, but the middle ground can have different dynamics (Teräsvirta and Anderson, 
1992) 

The advantage of employing STAR model in studying financial market is to take 
considerations that individuals can be impossible to react simultaneously to certain 
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information. For example, when economic indicators show bad signals, investors in the 
market would not take the same decisions at the same time. Some sell their investments 
immediately, but some keep them for a while. Heterogeneities among investors may result 
from the different risk aversion, experiences in processing information, investing objective, 
and time to get valuable information. The STAR model allows there are continuous states, 
not abrupt structural change, between the extremes. Hence, STAR models are more suitable 
and realistic to process market dynamics. Moreover, STAR models can explain different 
states during the market cycle, such as, the bull and bear markets. Investors could have 
different strategies in the bull and bear market, so the market dynamic could be different in 
the bull and bear market. The LSTAR model is good to describe such characteristics. 
Furthermore, extremes, such as peak and trough of stock markets, have similar dynamic, but 
the mid-ground, periods of price going up continuously and of price going downwards 
gradually, show different dynamics. During the peak and trough of stock markets, returns 
show characteristics of reversal; otherwise, returns exhibit price momentum behavior. The 
ESTAR model is a suitable model to account for such pattern. 

The STAR model is defined as  
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variable, and d is the delay parameter.  
The transition function can be a logistic form:  
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−− −−+= cSSF dtdt γ , 0>γ   (2.2) 

where γ  is the smooth parameter, measuring the transition speed from one regime to the 

other; c indicates the threshold. When γ  is great than 0, the degree of autoregressive decay 

depends on the transition variable, dtS − . When dtS −  is far above the threshold, the value of 

transition function would approach 1; and when dtS −  is far below the threshold, the value of 

transition function approaches 0.4 Hence, LSTAR model characterizes asymmetric processes 
of market cycles.  

The transition function can also be an exponential form: 

  ])(exp[1)( 2cSSF dtdt −−−= −− γ , 0>γ   (2.3) 

When γ  is between 0 and ∞ , the degree of autoregressive decay depends on the transition 

variable, dtS − . As dtS − is close to the threshold, the value of transition function approaches 

to 0. As dtS −  moves farther away from the threshold, the value of transition function is 1. 

The ESTAR model suggests similar dynamic for low and for high values of the transition 
variable, but different dynamic for mid-range of the transition variable.  

We follow the modeling procedure as supported by to Teräsvirta and Anderson (1992), 
Teräsvirta (1994), and Sarantis (2001) to build our STAR models.  
Step 1: Specify a linear AR model. We choose the lag length, p, of AR model to determine 
the maximum value of k by Ljung-Box Q statistic for autocorrelation. 
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Step 2: Test the linearity of STAR models for different value of delay parameter, d, of the 
transition variable. We estimate the following auxiliary equation. 
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The null hypothesis for linearity test is 0432 === jjj ααα , j=1,…, p . We chose d when 

the linearity is rejected with the smallest test statistic of p-value.  
Step 3: Choose the appropriate model of STAR family by testing following restrictions: 

   .,...,1,0: 404 pjH j ==α   (2.5) 

 .,...,1,0/0: 4303 pjH jj === αα   (2.6) 

  pjH jjj ,...,1,0/0: 43202 ==== ααα   (2.7) 

If (2.5) is rejected we choose the LSTAR model. If (2.5) is not rejected and (2.6) is 
rejected, we choose the ESTAR model. If (2.5) and (2.6) 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 trading volume of four Asian countries 
to explore their nonlinear dynamic relationship5. There are Taiwan Weighted Stock Index, 
Hong Kong Hang Seng Index, Singapore Straits Times Index, and Korea Composite Index6. 
The data for Hong Kong, Singapore, and Korea are from the website Yahoo! Finance7. The 
data for Taiwan Stock Index is from the Taiwan Economic Journal (TEJ) data bank. All the 
index returns are presented in natural logarithms. To avoid the problem of different scales in 
stock returns and trading volume, we employ the percentage change of trading volume as 
the transition variable to uncover the nonlinear dynamic relationship between stock market 
returns and trading volume. 

3.2. Unit root tests and descriptive statistics  

The unit root tests of stock index returns and the percentage change in trading volume 
are reported in Table 1. The unit root tests for those series show the evidences of 
stationarity. Table 2 shows some descriptive statistics for returns and for percentage change 
in trading volume. We report their means, standard deviations, maximum, and minimum 
value. Because we will take percentage change in trading volume to be the transition 
variable of the STAR models, we need to find the value of the threshold of percentage 
change in trading volume, and make sure the value of the threshold between the maximum 
and minimum value. We can find percentage change in trading 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 stock returns 
Unit root tests for the change percentage 

in trading volume 

  Country 
Statistic 

Taiwan 
 

Hong 
 Kong 

Singapore Korea Taiwan 
 

Hong 
 Kong 

Singapore Korea 

Wtd.Sy
m. 

-10.023***  -9.403***  -9.260***  -7.704***  -11.639***  -7.516***  -9.793***  -7.994***  

Dickey-F -9.972***  -9.356***  -9.205***  -8.277***  -11.639***  -7.521***  -9.753***  -8.215***  
PP -2011.2***  -280.8***  -601.4***  -511.7***  -1870.8***  -274.4***  -583.8***  -407.9***  

*** represents 1% level of significance. Wtd.Sym, Dickey-F, and PP are the Weighted Symmetric test, Dickey-
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 models and for the linearity tests are 
presented in Table 3. We find out the maximum lag of the AR models by Ljung-Box Q sta-
tistic (LB) for autocorrelation. Most countries we estimating have relatively long lag length. 

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

Descriptive statistics for stock returns 
Descriptive statistics for the percentage 

change in trading volume 

 Country 
Statistic 

Taiwan 
 

Hong 
 Kong 

Singapore Korea Taiwan 
 

Hong 
 Kong 

Singapore Korea 

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% level of significant, those countries suggest 
nonlinear dynamics in stock markets. Results suggest the delay parameters of transition 
variable in most countries are 0, except for Hong Kong. The evidences imply that the 
percentage change in trading volume at the same period can induce nonlinear dynamics of 
stock returns in all of countries we investigating but Hong Kong. We can argue that there is 
interrelationship between stock returns and the percentage change in trading volume in the 
current period in those countries. Only the evidence of Hong Kong shows that two-period 
lagged percentage change in trading volume can result in nonlinear dynamics of stock 
returns. 

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

 
Country 

Maximum ka LB(υ )b Minimum P-value over 

80 ≤≤ d c 

Delay  
parameter  

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

0.000 d=0 

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

0.024 d=2 

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

0.000 d=0 

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

0 .003 d=0 

Notes: 
a: First, we estimate linear AR models of different orders. The maximum value of k is selected by Ljung-Box 

Q statistic for autocorrelation. 
b: LB(υ ) is the Ljung-Box statistic forυ order autocorrelation in the AR model. 
c: Choose d with the lowest P-value over the range 0 to 8.  

Table 4. Specification of the nonlinear modela 

 Country 
04H b 03H  b 02H  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 of 04H , 03H  and 02H 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 the method of nonlinear least squares 
and reported in Table 5. Moreover, we follow the suggestions of academics to estimate γ  

by dividing the standard deviation of tr , )(rσ , for the LSTAR model, and by dividing the 

variance of tr , )(2 rσ , for the ESTAR model (Granger and Teräsvirta, 1993; Teräsvirta, 

1994). Hence, γ  is scale-free and easier to interpret.  
From the Table 5, estimates of the parameters of transition function, β , are significant 

and show strong evidences of nonlinear models. Most important, the smoothing parameters, 
γ , of all models are highly significant and γ  is quite small in most countries. The results 
suggest there is slow transition between regimes in those countries. However, comparing 
with other countries, Singapore has rather quick transition speed between regimes. Besides, 
the thresholds of all models are highly significant at the 5% level. 

We plot the estimated transition functions of STAR models for stock returns in 
Taiwan, Hong Kong, Singapore, and Korea. From Figure 1(a) to Figure 4(b), we show the 
shapes of the transition functions of four countries. Each points can indicate what value of 
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transition function has obtained and how frequently. For example, from Figure 1(a) and 
1(b), we can see readily the values of transition function in Taiwan are within the two 
thresholds most time. Figure 2(a), 2(b), 3(a), and 3(b) also show the transition functions are 
normally to be one in Hong Kong and Singapore. Besides, from 4(a) and 4(b), we find 
values of the transition functions are usually to be zero in Korea.  

3.5. Dynamic behavior 

It is different to interpret the estimated coefficients of STAR model from Table 5. 
However, we can get more information about dynamic behavior of estimated models by 
examining the characteristic roots of polynomial models. We compute the roots of the 

STAR models by solving the following characteristic polynomial (Teräsvirta and 
Anderson,1992) for F=0, 1. 

 0)(
1

11 =∑ +− −

=

jk
k

j
jj

k F λβαλ   (3.8) 

When F=0, which means the lower or contraction regime in the LSTAR model and the mid-
dle range in the ESTAR model. When F=1, which explains the upper or expansion regime in 
the LSTAR model and the outer (contraction or expansion) regime in the ESTAR model. 
The Table 6 shows the most prominent roots of estimated models for each regime in four 
countries. 

Table 5. Estimates of the nonlinear modelsa                                                   

Taiwan: LSTAR 
23211321 .1690061.0(176.0164.0074.00.223.05500.025- −−−−−− −+−++++= rtrrrrt rrrrrrr  

)-7.782( )2.500(   )5.818(  )3.424( )4.116( )-3.922( )9.979( )-2.139(    

11184.0 −− tr { } 1

3214 )670.0()(/1(1.922exp1)304.0141.0 −
−− 〉−−+〈×+− trr srrr σ  

)-2.447(  )-3.519(  3.475)(          )5.967(      )1.812(   

     lVARVAR / =0.816 
Hong Kong: ESTAR 

)304.7191.14657.17418.0(420.7287.1417.8120.420 12861286 −−−−−− ++−−+−−+= rrtrrrt rrrrrrr   

  )7.072( )5.982(   )-9.121(  )-4.121(   )7.036- ( )-5.926(  )8.969 (  )4.067(  

{ }〉−−−〈× − ))0.637(())(/1(002.13exp1 2

2

2

tsrσ  

)4.622(          )44.950(  

lVARVAR / =0.844                                  

Singapore: ESTAR 
140332231 94.1324.877(41.466-76.480-116.012-204.24994.053--4.876 −−−−−− +++= rrrrrrt rrrrrrr  

)-2.074( )-2.181(   )2.338(  )-2.082(   )2.588- (   )-3.352(   )2.074 ( )2.183(    

3-204.125 −rr )41.32676.572116.080 403322 −−− +++ rrr rrr  

)-2.337(   )2.083(     )2.591(   )2.344(  

{ }〉−−−〈× 22 ))1.196(())(/1(362.823exp1 tsrσ   
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         )2.446(       )168.484(  

  lVARVAR / =0.845 
Korea: LSTAR 

)334.0065.0(318.0094.00.1250.047 131331 −−−− −−+++−= rrtrt rrrrr    

)4.335( )-2.765( )2.087(  )2.234(  )-5.467( )-1.857(          

{ } 10.552())(/1(278.4exp1 −〉−−+×〈 tsrσ  

)2.068(     )056.6(  

   lVARVAR / =0.865 
                                                                  
Notes:   

a: Figures in parenthesis are t-statistics of coefficients. lVARVAR /  is the ratio of variances for nonlinear and li-

near models. 

For four countries both regimes contain complex pairs of explosive roots. This implies 
that the stock markets in all countries show cyclical movements during regimes. In Hong 
Kong and Singapore, the middle regime is dominated by an explosive root, which implies 
the stock market passing through the thresholds very quick on the way up or down. 
However, the outer regime is stable, which means the stock market tends to stay there. 
These arguments also can consist with the Table 5, Figure 2(a), 2(b), 3(a) and 3(b). The 
transition parameters of Hong Kong and Singapore are large. Moreover, most values of the 
transition function are near one for these two countries. 

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

Table 6. The most prominent characteristic roots in regimes  

Country Regimesa Most prominent roots Modulus 
L 0.9620±0.0799i 

-0.9404±0.1000i 
0.9653 
0.9457 

Taiwan 

U -0.9270 
0.9367±0.1885i 

0.9270 
0.9555 

M -1 .6557 
1.5402 

1.6557 
1.5402 

Hong Kong 

O 0.8007±0.1499i 
0.8303±0.2131i 

0.8146 
0.8572 

M -1. 4857 
1.4620 

1.4857 
1.4620 

Singapore 

O  0.9449±0.0590i 
- 0.9517±0.0765i 

0.9467 
0.9548 

L 0.9147 
- 0.8910±0.2283i 

0.9147 
0.9198 

Korea 

U -0.7245 
- 0.6466±0.3506i 

0.7245 
0.7355 

Note: a. For the ESTAR model, M is the middle range and O is the outer regime; for the LSTER  
model, L is the lower regime and U is the upper regime. 
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Figure 1(a) The estimated transition function of the 
LSTAR model for stock returns against the percentage 
change in trading volume in Taiwan 
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Figure 1(b) The estimated transition function of the 
LSTAR model for stock returns in Taiwan by trading 
volume 
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Figure 2(a) The estimated transition function of the 
ESTAR model for stock returns against the percentage 
change in trading volume in Hong Kong 

 

2 0 0 2 / A p r 2 0 0 3 / M a r 2 0 0 4 / M a r 2 0 0 5 / M a r 2 0 0 6 / F e b 

0 . 2  

0 . 4  

0 . 6  

0 . 8  

1 . 0  

v a l u e  o f  t r a n s i t i o n  f u n c t i o n 

 
Figure 2(b) The estimated transition function of the 
ESTAR model for stock returns in Hong Kong 
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Figure 3(a) The estimated transition function of the 
ESTAR model for stock returns against the percentage 
change in trading volume in Singapore 
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Figure 3(b) The estimated transition function of the 
ESTAR model for stock returns in Singapore 
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Figure 4(a) The estimated transition function of the 
LSTAR model for stock returns against the percentage 
change in trading volume in Korea 

 

1 9 9 9 /M a y 2 0 0 0 /M a y 2 0 0 1 /M a y 2 0 0 2 /A p r 2 0 0 3 /A p r 2 0 0 4 /M a r 2 0 0 5 /M a r 2 0 0 6 /F e b 

0 .2 

0 .4 

0 .6 

0 .8 

1 .0 

v a lu e  o f  t ra n s i tio n  fu n c tio n 

 
Figure 4(b) The estimated transition function of the 
LSTAR model for stock returns in Korea 

4. Out-of-Sample Forecasting 

To evaluate the forecasting abilities of the STAR models, we examine the out-of 
sample forecasting performance by comparing nonlinear and linear models. First, we re-
estimate the STAR models by reducing 12-period data for each country8. Then we make 
out-of-sample forecasting for 1 to 12 periods ahead by re-estimated parameters for STAR 
models and linear autoregressive (AR) models.  

We adopt two criteria to evaluate the accuracy of forecasts. One is the root mean 
squared error (RMSE). The other is the mean absolute error (MAE). Their definitions are as 
followings.  
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f

itr +  and a

itr +  are actual and forecast values respectively at time t+i. The forecasting period is 

from t+1 to t+K. K is 12, which is the out-of-sample forecasting period. Table 7 summaries 
the results of out-of-sample forecasting for all countries. We find out values of RMSE and 
MAE of STAR models are smaller than those of AR models. All results support STAR 
models have better forecasting performances than AR models.  

5. Conclusion  

This study examines whether there exists any nonlinear market dynamics between 
stock returns and trading volume. We examine Taiwan, Hong Kong, Singapore, and Korea 
stock markets by employing the STAR models. The results are summarized as followings. 
First, four countries show nonlinear evidences in the stock market cycle. Besides, For 
Taiwan and Korea, nonlinear stock market dynamics are characterized by the LSTAR 
models. Stock returns of Hong Kong and Singapore can be described by the ESTAR 
models. 

Secondly, from the characteristic polynomial of most estimated models displays at 
least one explosive root, which means that stock market cycles in most countries are 
asymmetric. Moreover, from the out-of-sample forecasting performance of nonlinear 
models, we also conclude nonlinear models have better forecasting abilities. 

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

In conclusion, our study shows that investigated countries have nonlinearities and 
cyclical behavior in stock market returns. Moreover, trading volume plays an important role 
in the cyclical movements of the stock market. Trading volume is a common market indica-
tor for investors in the stock markets. Investors usually observe the change in trading 
volume first and then make their investment decisions. Nevertheless, questions remain as to 
make investment strategies based upon the change in trading volume. We hope to address 
such topic in our ongoing research.  

References 

Amihud, Y. and H. Mendelson (1986): “Asset pricing and the bid-ask spread,” Journal of Financial 
Economics, 17(2), 223-249. 



 Nonlinear Market Dynamics Between Stock Returns and Trading Volume... 633 

Blume, L., D. Easley, and M. O'Hara (1994): “Market statistics and technical analysis: the role of vo-
lume,” Journal of Finance 49(1), 153-181. 

Brennan, M., T. Chordia, and A. Subrahmanyam (1998): “Alternative factor specifications, security 
characteristics, and cross-section of expected stock returns.” Journal of Financial Economics, 
49(3),345-373. 

Brichenhall, C., H. Jessen, D. Osborn, and P. Simpson (1999): “Predicting US business-cycle 
regimes.” Journal of Business and Economic Statistics, 17(3), 313-323. 

Brock, W. and B. LeBaron (1996): “A dynamic structural model for stock return volatility and trading 
volume,” Review of Economics and Statistics, 78(1), 94-110. 

Cecchetti, S., P-S. Lam, and N. Mark (1990): “Mean reversion in equilibrium asset prices,” American 
Economic Review, 80(3), 398-418. 

Conrad, J., A. Hameed, and C. Niden (1994): “Volume and autocovariances in short-horizon individu-
al security returns,” Journal of Finance, 49(4), 1305-1329. 

Datar, V., N. Naik, and R. Radcliffe (1998): “Liquidity and stock returns: An alternative test,” Journal 
of Financial Markets, 1(2), 203-219. 

De Long, B., A. Shleifer, L. Summers, and R. Waldmann (1990): “Noise Trader Risk in Financial 
Markets,” Journal of Political Economy, 98(4), 703-738. 

Dumas, B. (1992): “Dynamic equilibrium and the real exchange rate in a spatially separated world,” 
Review of Financial Studies, 5(2), 153-180. 

Granger, C. and T. Teräsvirta (1993): Modeling nonlinear economic relationships, Oxford :Oxford 
University Press. 

Keynes, J. (1936): The General Theory of Employment, Interest and Money, London: Macmillan. 
Lee, C. and B. Swaminathan (2000): “Price Momentum and Trading Volume,” Journal of Finance, 

55(5), 2017-2069. 
Lee, W., C. Jiang, and D. Indro (2002): “Stock market volatility, excess returns, and the role of 

investor sentiment,” Journal of Banking & Finance, 26(12), 2277-2299. 
Leung, M., H. Daouk, and A-S. Chen (2000): “Forecasting stock indices: a comparison of 

classification and level estimation models,” International Journal of Forecasting, 16(2), 173-
190. 

Linter, J. (1965): “Security price, risks, and maximal gains form diversification,” Journal of Finance, 
20(4), 587-615. 

McMillan, D. (2001): “Nonlinear predictability of stock market returns: evidence from nonparametric 
and threshold models,” International Review of Economics and Finance, 10(4),353-368. 

McMillan, D. (2003): “Non-linear predictability of UK stock market returns,” Oxford Bulletin of 
Economics and Statistics, 65(5), 557-573. 

McMillan, D. (2004): “Nonlinear predictability of short-run deviations in UK stock market returns,” 
Economics Letters, 84(2), 149-154. 

McMillan, D. (2005): “Non-linear dynamics in international stock market returns,” Review of 
Financial Economics, 14(1),81-91. 

McMillan, D. (2007): “Non-linear forecasting of stock returns: Does volume help?”, International 
Journal of Forecasting, 23(1), 115-126. 

Öcal, N. and D. Osborn (2000): “Business cycle non-linearities in UK consumption and production,” 
Journal of Applied Econometrics, 15(1), 27-43. 

Perez-Quiros, G. and A. Timmermann (2000): “Firm size and cyclical variations in stock returns,” 
Journal of Finance, 55(3),1229-1262. 

Peters, E. (1994): Fractal market analysis: applying chaos theory to investment and economics, New 
York: John Wiley. 



634 Wu-Jen Chuang, Liang-Yuh Ou-Yang, Wen-Chen Lo 

Ross, S. (1976): “The arbitrage theory of capital asset pricing,” Journal of Economic Theory, 13(3), 
341-360. 

Sarantis, N. (2001): “Nonlinearities, cyclical behaviour and predictability in stock markets: 
international evidence,” International Journal of Forecasting, 17(3), 459-482. 

Sercu, P., R. Uppal, and C. Van Hulle (1995): “The exchange rate in the presence of transactions 
costs: Implications for tests of purchasing power parity,” Journal of Finance, 50(4),1309-1319. 

Sharpe, W. (1964): “Capital asset prices: A theory of market equilibrium under conditions of risk,” 
Journal of Finance, 19(3),425-442. 

Shiller, R. (2000): Irrational exuberance, New Jersey :Princeton University Press. 
Shleifer, A. (2000): Inefficient market: an introduction to behavioral finance, New York: Oxford 

University Press. 

Teräsvirta, T. (1994): “Specification, estimation and evaluation of smooth transition autoregressive 
models,” Journal of the American Statistical Association, 89(425), 208-218. 

Teräsvirta, T and H. Anderson (1992): “Characterizing nonlinearities in business cycles using smooth 
transition autoregressive models,” Journal of Applied Econometrics, 7, S119-S136. 

Tetlock, P. (2007): “Giving content to investor sentiment: The role of media in the stock market,” 
Journal of Finance, 62(3),1139-1168. 

Turner, C., R. Startz, and C. Nelson (1989): “A Markov model of heteroskedasticity, risk and learning 
in the stock market,” Journal of Financial Economics, 25(1), 3-22. 

Notes: 

1. The CAPM (Sharpe,1964 ;Linter ,1965) states that the only systematic risk can be priced and that the 
expected return of a asset is equal to risk-free rate plus a risk premium multiplied by the asset’s systematic 
risk. Ross (1976) develops the APT which implies that there are multiple risk factors that need to be taken 
into account when calculating asset returns. 

2. Keynes(1936) argues GNP has asymmetric processes during the business cycle. Teräsvirta and Anderson 
(1992) find nonlinear behavior of the industrial production growth for OECD countries. Öcal and Osborn 
(2000) investigate nonlinearity of UK consumption and Industrial production. 

3. McMillan (2001,2003,2004,2005,2007) employ STAR models to examine non-linear relationship of priced 
factors and index returns, such as: UK, CAC, Nikki, DAX, Hang Seng, Kuala Lumpur and Singapore Straits; 
Sarantis, (2001) investigates there are potential linearities in the stock prices of seven major industrial 
countries. 

4. Sarantis (2001) explains that the lower regime, F=0, is the contraction regime and the upper regime, F=1, is 
the expansion regime in the LSTAR model. McMillan (2003) explains two regimes under the LSTAR model 
as large returns and small returns. 

5. Some economists consider short-frequent economic time series data as too noisy to reflect the cyclical 
movements of variables (Teräsvirta and Anderson, 1992; Birchenhall et al., 1999). However, if we process 
yearly or quarterly stock returns and trading volume to find out their nonlinear relationship. The results can 
not provide valuable information for investors to make decisions. For example, if investors buy stocks based 
upon last year or last quarter data of trading volume, it is not up-to-date information for most investors. 
Hence, recent studies concerning about nonlinear dynamics of stock returns employ daily stock index 
(McMillan,2005). In our study, we exploit valuable information for most investors by weekly data. 

6. The sample period for Taiwan Weighted Stock Index is from 1971/1/9 to 2006/11/10, Hong Kong Hang Seng 
Index is from 2001/7/9 to 2006/11/27, Singapore Straits Times Index is from 1995/1/3 to 2006/11/27, and 
Korea Composite Index is from 1998/4/27 to 2006/11/27. 
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