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 This paper applies the Generalized Autoregressive Conditional Heteroscedasticity 

(GARCH) models to the financial time series (stock index returns) in four Asian 

markets namely; Kuala Lumpur Composite Index (KLCI) of Malaysia, the Straits 

Times Index (STI) of Singapore, Nikkei Indices (N225) of Japan and the Hang Seng 

Index (HSI) of Hong Kong. We included six years of data covering the period from 

January 2007 to December 2012. This comprises daily observations of 1477 for 

KLCI, 1493 for STI, 1469 for N225 and 1481 for HSI excluding the public holidays. 

Closing values for stock indices are used. We included most commonly used 

variations of conditional volatility models with imposing names such as Generalized 

Autoregressive Conditional Heteroscedasticity best known as the GARCH (1, 1), 

GARCH-in-Mean, Thresh-hold GARCH (TGARCH), Exponential GARCH 

(EGARCH) and Power GARCH models. We aim to empirically examine the use of 

GARCH models in capturing the stylized facts such as volatility clustering and 

leverage effects commonly observed in high frequency financial time series data. 

We found strong empirical evidence of volatility clustering and leverage effects in 

the daily stock index returns of all four markets showing that the daily stock index 

returns can be characterized by the GARCH models. The results from GARCH-in-

Mean model, we find evidence of positive relationship between the expected risk 

and expected return in all four markets which is often predicted in investment 

theory.     

 

 

© 2013 AENSI Publisher All rights reserved. 

 

INTRODUCTION 

 

 In a dynamic environment, economies go through business cycle which may be considered as one of a 

consequence of the stochastic nature of the financial markets. Past few years, there has been observed a huge up 

and down shifts in the financial markets in both developed and emerging markets worldwide. Investors as well 

as the financial analysts are mostly concerned about the volatility or up-down movement of asset prices and its 

resulting effects of uncertainty of returns on their investment assets. The fluctuations in the asset prices are 

primarily believed to be the cause of changes in the economic factors such as interest rates, inflation, variability 

in speculative market prices, unexpected events (e.g., political unrest, natural calamities), and the instability of 

market performance. However, the biggest driver of the volatility in the financial market is a drop in the market 

performance. Volatility typically tends to decline as the stock market rises which in turn reduces the risk. In 

contrast, volatility tends to increase when the stock market falls and hence increases the risk.  

 In the face of such instability in the market performance, investors are unable to reliably predict the future 

which leads to uncertainty about future price movements. Uncertainty in prices in the future may prevent the 

investors to take risk and fund investment. Uncertainty causes loss of investor confidence which is important in 

stock trading particularly in making investment and leverage decision. This uncertainty can aggravate volatility 

which is in other way synonymous to risk. Excess volatility may lead to crashes or crisis in financial markets. 

Thus accurate estimation of volatility is pivotal to risk management. The stochastic nature of the financial 

market thus requires development of quantitative tools to explain and analyze the behavior of stock market 

returns and hence capable of dealing with such uncertainty in future price movements. In recent, there has been 

remarkable progress in developing sophisticated econometrics models that can explain and capture various 

features of market variable volatilities and hence managing the risks associated with them.  

 Some of the most common and popular models that deal with estimating volatilities are: Autoregressive 

Conditional Heteroscedasticity (ARCH) first introduced by Engle (1982), Generalized ARCH or GARCH which 

http://www.ajbasweb.com/
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was an extended version of ARCH proposed by Bollerslev (1986) and Taylor (1986), GARCH-in-Mean 

(GARCH-M) model ( Engle, Lilien, and Robins, 1987), Exponential-GARCH or EGARCH proposed by Nelson 

(1991), Threshold-GARCH or TGARCH introduced by Zakoian (1994) and Glosten, Jaganathan, and Runkle 

(1993); and Power-GARCH or PGARCH proposed by Ding, Granger and Engle (1993). In this study, we 

applied these types of GARCH models to the daily stock index returns in four important equity markets in Asia 

namely; Malaysia, Singapore, Japan and Hong Kong. The main purpose is to examine the applicability and 

performance of those stochastic volatility models in capturing the dynamic behavior of the index returns for 

these four sample markets.    

 Since the introduction of ARCH model and its large extensions, a lot of empirical studies have been carried 

out to model the volatility of financial time series. The applicability of these models in capturing the dynamic 

characteristics of stock index returns has been demonstrated successful in many countries. Floros (2008) applied 

GARCH-type models to model volatility and to explain financial market risk of two middle-east stock indices: 

Egypt (CMA General index) and Israeli (TASE-100 index) over the period 1997 – 2007. Using daily data of 

these two markets, the study concludes that the GARCH models are capable of characterizing the dynamics of 

daily stock returns such as volatility clustering and leverage effects. By utilizing GARCH-in-Mean model, the 

study found positive but insignificant relationship between increased expected risk and increased expected 

return leading to the conclusion that higher expected risk does not necessarily produce higher expected return. 

Brooks (2007) applied PGARCH model to model volatility of 26 emerging equity markets of Latin America, 

Middle-east, Africa, Asia and European regions for the periods of 1995 to 2005. The study found evidence of 

standard leverage effects in majority of the markets with the exception of Chile, Bahrain and Saudi Arabia 

where the leverage effects found absence. In addition, the study also found in three markets (Egypt, Nigeria and 

Zimbabwe) evidence of leverage effects but in the opposite of the standard leverage effects whereby higher 

volatility is associated with positive shocks. In terms of the power parameter, the results appeared mixed. For 

the Malaysian case, it is approximately 1.4 and the value of asymmetric measure is found 2.87. In recent, 

Hojatullah et. al. (2011) studied the effects of good news and bad news on volatility in the case of Indian stock 

markets (BS 500 stock index) using the asymmetric models of EGARCH and TGARCH. They found strong 

evidence of standard leverage effects.  

 In modeling and forecasting of the Malaysian stock market proxied by KLCI over the period 1/1/1998 to 

31/12/2008, Shamiri and Zaidi (2009) used standard GARCH, EGARCH and non-linear asymmetric GARCH 

(NAGARCH). The study compared the performance of these three models with six different error distributions. 

The study found existence of standard leverage effects in the KLCI index returns. The study concludes that 

successful volatility model much more depends on the choice of error distribution than the choice of GARCH 

models. In other words, performance of the GARCH models depends much on the error distribution. 

Meanwhile, Guidi and Gupta (2012) applied the asymmetric PARCH (APARCH) model with two different error 

distributions (student-t and GED) to model and forecast the volatility of the ASEAN-five stock markets. The 

study found existence of standard leverage effects in all five markets. In terms of comparison of forecasting 

performance between two different error distributions, the study found that APARCH model performs better 

under student-t distribution. As for the extent of asymmetric effects, the results show that the volatility of 

Indonesian stock market responses strongly to a negative shock with asymmetric measure of 3.930 followed by 

Thailand 3.483, Singapore 2.597, Malaysia 2.033 and the Philippines 1.804.  

 There are many other studies who have also applied asymmetric GARCH or a family of asymmetric 

GARCH models to a number of markets to examine the capability of the models in charactersing the 

asymmetric effects of stock returns. Few of the examples are; Chen and Wong (2003) who applied the 

asymmetric PARCH model to investigate the volatility transmission across the ASEAN markets during the 

period of the Asian financial crisis. Awartani and Corradi (2005) applied GARCH family models to the S & P 

500 stock market index of the US for the period 1990 – 2004. The study model and forecast the conditional 

variance of the S & P 500 index. The study concluded that asymmetric GARCH models are better fit to explain 

the behavior of stock returns. 

 Apart from these, there are many studies also who have investigated the relationship between conditional 

variance and risk premium using GARCH model. Bac et. al. (2007) examined the relationship between volatility 

and risk premium for the case of the New York Stock Exchange (NYSE) index US over the period 1952 – 1999. 

The study found evidence of positive correlation between volatility and risk premium. Appiah and Menyah 

(2003) investigated the relationship between volatility and risk premium of 12-African stock markets for the 

period 1990 – 1994. They found evidence of time-varying risk premium in five most volatile markets. Similarly, 

Algidede and Panagiotidis (2009) from their study on the largest 7-African stock markets found evidence of 

positive association between high volatility and high risk premium.  

 The present paper focuses on 4-Asian markets comprising of Malaysia, Singapore, Japan and Hong Kong. 

Out of these, Malaysia is considered as the emerging market while the others are categorized as the developed 

markets. We aim to examine whether or not the GARCH types models are capable of explaining the dynamics 

of stock returns behavior in these four countries and to identify the extent of volatility asymmetry which may 
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help the investors in making their investment decision. This paper is organized as follows: Section 2 discusses 

the data and basic statistics of the data. Section 3 outlines volatility modeling techniques. In section 4, empirical 

results are presented. Section 5 presents conclusions followed by a list of references used in this study.                                 

 

The Data and Basic Statistics: 

 Daily stock price index data used in this paper were collected from the online database (yahoo & Market 

watch). The data covered the period from January 2007 to December 2012 with daily observations of 1477 for 

KLCI, 1493 for STI, 1469 for N225 and 1481 for HSI excluding the public holidays. Closing prices for stock 

indices were used in the analysis. The daily index returns are expressed in the continuously compounded returns 

calculated as rt = log(pt) – log(pt-1) where pt and pt-1 are the index prices on day t and t-1 respectively.  

 Before formal statistical tests, it is useful to visualize the dynamic behavior of the return series through 

graphs in order to get initial clue about the likely pattern of the time series. The graphs are presented in figure 1 

through figure 4.  From these figures, it can be seen that the daily percentage price changes of four markets 

exhibit periods of high and low volatilities. The volatilities sometimes are tranquil while other times are not. A 

series that exhibits high volatility in some periods and relatively low volatility in other periods is generally 

known as volatility clustering.  

 Volatility clustering effect can be thought of as clustering of the variance of the error term over time. If in 

one period the error has a small variance, its variance tends to be small in the next period. The same goes for a 

large variance. Presence of volatility clustering also implies that there is positive autocorrelation in the squared 

returns. The daily index prices and their returns over the study period presented in Figure 1 through 4 are as 

follows-      

      

  
 

Fig. 1: KLCI: Daily prices (Closing) and logarithmic returns, January 2007 to December 2012. 

 

  
 

Fig. 2: STI: Daily prices (Closing) and logarithmic returns, January 2007 to December 2012. 

 

 
 

 

Fig. 3: N225: Daily prices (Closing) and logarithmic returns, January 2007 to December 2012. 
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Fig. 4: HSI: Daily prices (Closing) and logarithmic returns, January 2007 to December 2012. 

 

 The results from descriptive statistics reported in table 1, show that during the sample period, Malaysian 

market observed the highest mean daily return of 0.028% followed by Hong Kong 0.00739% and Singapore 

0.00279%. For the Japanese market, the daily mean return is observed negative at -0.0349%. The corresponding 

standard deviation for Malaysian market is 0.8861, 1.9341 for Hong Kong, 1.4160 for Singapore and 1.7355 for 

Japanese markets. This implies that Hong Kong, Japanese and Singaporean markets are more volatile as 

compared to Malaysian markets. The higher volatility offers the possibility of higher rate of returns, but also 

poses more risk. Malaysian market (KLCI) is found having the lowest volatility with lowest rate of return 

compared to the higher rate of returns and higher volatility for Hong Kong, Japanese and Singaporean markets. 

The return series for Malaysia, Singapore and Japan show negative skewness (distribution has a long left tail) 

while in Hong Kong it is positive indicating that distribution is mildly skewed to the right. The excess values for 

kurtosis indicate fat tails characteristics of the asset returns distribution. The Jarque-Bera (JB) test of normality 

clearly rejects the null hypothesis of normality in all cases. The tests thus conclude that the distributions of the 

return series are non-normal.                

 
Table 1: Descriptive statistics & tests of index return series of individual country. 

Country(index) 

Statistics 

Malaysia 

(KLCI) 

Singapore 

(STI) 

Japan 

(N225) 

Hong Kong 

(HSI) 

Mean (%) 0.0280 0.00279 -0.0349 0.00739 

Maximum (%) 4.2587 7.5305 13.2346 13.4068 

Minimum (%) -9.9776 -8.6960 -12.1110 -13.5820 

Std. Dev (%) 0.8861 1.4160 1.7355 1.9341 

Skewness -1.28448 -0.153093 -0.537361 0.073296 

Kurtosis 16.57428 7.363519 11.62060 9.596362 

Jarque-Bera 11737.93 1189.500 4616.230 2684.565 

Prob. of Jarque-Bera 0.000000 0.000000 0.00000 0.000000 

No. of observations 1476 1492 1468 1480 

 

 In order to check whether the financial time series (returns) are stationary or not, we have applied the 

standard Augmented Dickey-Fuller (ADF) test (1979). The ADF test statistic rejected the null hypothesis of the 

existence of unit root in the return series at level as the absolute values of ADF test statistic exceed the 

McKinnon critical (absolute) values at 1% significance level for all returns. This ensures that we can use the 

time series models to examine the dynamic behavior of volatility of the returns over time. The results are 

presented in table 2.          

 
Table 2: ADF unit root test for the stock return series based on SIC at level. 

 Critical values at 1% level ADF test statistic Lag level 

Malaysia (KLCI) -3.434576 -33.61474* 0 

Singapore (STI) -3.434528 -37.90829* 0 

Japan (N225) -3.434600 -39.67541* 0 

Hong Kong (HSI) -3.434564 -39.80640* 0 

*Significant at the 1% level.  

 

Testing for ‘ARCH effects’: 

 The linear structural model assumes that the variance of the errors is constant over time. But this 

assumption is not applicable for many financial data particularly the stock prices or stock indices in which the 

errors exhibit time-varying heteroskedasticity. Before proceeding to applying GARCH models, it is necessary to 

ascertain the presence of ARCH effects in the residuals. To test for ARCH effects in the conditional variance of 

ut (t
2 = Var(ut t-1)) we followed two steps: First we consider the AR(1) model for the returns series of each 

individual index as: 
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ttt urr  110                                                                                                             (1) 

and run the linear regression on it to obtain the residuals ut. Secondly, we run a regression of squared OLS 

residuals (ut
2) obtained from equation (1) on q lags of squared residuals to test for ARCH of order q.  The 

ARCH (q) specification for t
2 is denoted as- 

 

qttt
uuu qt 

 22
2

2
10

2
...........

21
                                            (2)  

 

The null hypothesis of „no ARCH effect‟ 

0..........: 210  qH     

is tested against the alternative hypothesis that, 

0,.........0,0: 211  qH   

 If the value of the LM version of test statistic is greater than the critical value from the 2
(q) distribution or 

the coefficient of the lagged term is statistically significant, then the null hypothesis is rejected that there is no 

ARCH effect in equation (1). We carried out the test for a lag of q=3. The test results are presented in Table 3. 

 
Table 3: ARCH-LM test for residuals of returns series. 

Test Malaysia Singapore Japan Hong Kong 

ARCH-LM test statistic (TR2) 

Prob. CHSQ{1} 

44.6079 

[0.0000]* 

91.4444 

[0.0000]* 

162.3496 

[0.0000]* 

230.6669 

[0.0000]* 

ARCH-LM test statistic (TR2) 

Prob. CHSQ{2} 

55.6732 

[0.0000]* 

239.8176 

[0.0000]* 

350.0071 

[0.0000]* 

309.1860 

[0.0000]* 

ARCH-LM test statistic (TR2) 

Prob. CHSQ{3} 

87.5368 

[0.0000]* 

334.2313 

[0.0000]* 

412.1215 

[0.0000]* 

344.8677 

[0.0000]* 

Notes:*Significant at the 1% level. Figures in {.} refer to lag lengths and in [.] refer to p-values. The LM version of the test statistic is 

defined as TR2 (where T is the number of observations and R2 is the coefficient of correlation). 

 

 The ARCH-LM test results strongly reject the null hypothesis of „no ARCH effect‟ in the residuals up to lag 

3 in all indices as the ARCH-LM test statistics appeared highly significant for all cases. This implies that the 

variances of the return series are non-constant over time and hence suitable for using GARCH models.     

 

Volatility Modeling Techniques: The GARCH (p, q) models: 

 The ARCH model introduced by Robert Engle (1982), is one of the particular non-linear models that has 

proved very useful in the application to many economic time series especially to financial time series analysis. 

In the ARCH, the conditional variance of the error term ut is modeled as being normally distributed with mean 

zero and variance t
2, where the t

2 is expressed as a function of past squared error values ut as stated in 

equation (2). In estimating an ARCH model, it is required that the unknown coefficients (0, 1, 2….q) are 

non-negative since the variance cannot be negative. If these coefficients are positive and the recent squared 

residuals are large, the ARCH model predicts that the current squared error will be large in magnitude in the 

sense that its variance t
2 is large (Stock & Watson, 2012, p.703). An extension of ARCH model is the 

generalized ARCH or GARCH model developed by Bollerslev (1986). In GARCH model, the variance t
2 is 

allowed to be dependent upon its own past values as well as lags of the squared error terms. The general form of 

a GARCH (p, q) model is defined as- 

 

qttptt qpt uu


 22
1

22
10

2
............

11
                                    (3) 

 

 Where p is the order of the moving average ARCH terms and q is the order of the autoregressive GARCH 

terms. The simplest and most commonly used GARCH model is the GARCH (1, 1). This basic model is 

reasonably a good model for analyzing financial time series as well as to estimating and forecasting the time-

varying volatility of returns of financial assets, especially the high frequency financial assets such as daily stock 

index returns.         

 

The GARCH (1, 1) model: 

 In financial markets, volatility is known as a measure of uncertainty about the return provided by the stocks 

or stock indices. The volatility of many economic time series, especially financial time series changes over time. 

In some periods the daily stock returns exhibit high volatility while in other periods they exhibit low volatility, a 

commonly observed phenomenon in financial time series which is referred to as volatility clustering. That is 
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volatility comes in cluster. It is assumed that a day of high volatility most likely to be followed by another day 

of high volatility within each state or over a short period of time. As such, linear models which assume 

homoscedasticity (constant variance) are inappropriate to explain such unique behavior of financial time series 

data. It is preferable to use models that examine behavior of financial time series allowing the variance to 

depend upon its history. GARCH (1, 1) model is capable of capturing the volatility clustering effects in the 

financial time series data. The GARCH models are especially suitable for financial market data as the GARCH 

processes are „fat-tailed‟ compared to the normal distribution.  The GARCH (1, 1) model is defined as: 

11

222



tt

uVLt                                                                                (4) 

 

 Where, VL is the long-run average variance rate,  is the weight assigned to the VL,  is the weight assigned 

to u2
t-1 and  is the weight assigned to 2

t-1. Weights must be equal to unity as,  +  +  = 1. Equation (4) can 

be written by setting  = VL as, 
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tt

ut  , where,  > 0, ,   0,  >                                                 (5) 

 

 A stable GARCH (1, 1) process requires  +  < 1. Once the parameters of the GARCH model has been 

estimated, the long-term variance, VL and  can be calculated as / and 1 -  -  respectively. The GARCH (1, 

1) model in equation (5) estimates the current volatility of assets returns based on a linear combination of the 

last period‟s squared returns and the last period‟s volatility. Since the GARCH model is no longer of the usual 

linear form, the parameters in GARCH (1, 1) model are estimated using another technique known as the 

maximum likelihood (ML) method instead of usual OLS method. ML employs trials and errors to determine the 

optimal values for the parameters that maximize the likelihood of the data occurring. Since the introduction of 

the ARCH/GARCH models, a large number of extensions and variants have been proposed to add to the basic 

GARCH (1, 1) model to take into account some other complex volatility dynamics of the financial returns data.  

 Leverage effect is one of the important stylized facts that cannot be modeled by the basic GARCH (1, 1) as 

it models t as a function of past values of ut
2 irrespective of whether the past values of ut are positive or 

negative. In this paper, we will apply three of the most popular variants of the GARCH models namely, the 

Threshold GARCH (TGARCH), Exponential GARCH (EGARCH) and Power GARCH (PGARCH) models. 

This study will also apply the GARCH-in-Mean (GARCH-M) model in order to examine the prediction in the 

financial application that increase in asset returns has positive association with the increase in risk.       

 

The GARCH- in-Mean (GARCH-M) model: 

 The GARCH- in- Mean (GARCH-M) model due to Engle, Lilien, and Robins (1987) was proposed for 

modeling risk-return tradeoffs. In financial investment theory, it is predicted that the expected return on an asset 

is proportional to the expected risk of the asset. In other words, high risk is often expected to lead to high returns 

as a compensation for taking risk. Engle et.al. (1987) proposed to extend the basic GARCH model so that the 

conditional volatility can generate a risk premium which is part of the expected returns. Unlike the basic 

GARCH (1, 1) model which is subject to the assumption that the conditional mean is time invariant to the risk 

premium, in GARCH-M model the risk-premium is time-varying. GARCH-M model allows the conditional 

mean to depend directly on the conditional variance/standard deviation which enters the conditional mean 

equation as a measure of expected risk. The GARCH-M model extends the conditional mean equation as- 

ttt ur   ,    [conditional mean equation]                                                             (6) 

11

222
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                                                                                   (7)

 

 

 The parameter in the conditional mean return λ is the risk premium parameter. The time- varying risk 

premium is estimated by the significance of the „λ’ coefficient of‘t’ in the conditional mean equation. If the 

coefficient of „λ’ is positive and significant, then the increased expected return is said to be caused by the 

increased expected risk or conditional variance/standard deviation. GARCH (1, 1) and GARCH-M are 

considered to be symmetric models implying that the positive and negative shocks of equal size elicit an equal 

response from the market. However, there are some stylized facts about the volatility of financial returns that 

cannot be captured by the symmetric GARCH models. One of the stylized facts commonly found in stock 

market data is that negative shocks (bad news) tends to have a larger impact on future volatility than the positive 

shocks (good news). This feature is commonly referred to as sign asymmetry or leverage effects which can be 

captured by the extended versions of the basic GARCH models. EGARCH, GJR-GARCH, PGARCH and 
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TGARCH are few of the important extended models that allow leverage effects to be modeled. These models 

are known as asymmetric GARCH models.          

 

The Exponential GARCH (EGARCH) model: 

 The EGARCH model, developed by Nelson (1991), explicitly allows for asymmetries in the relationship 

between return and volatility. This model captures the asymmetric responses of the time-varying variance to 

shocks. Nelson‟s EGARCH model is defined as- 

)log()log(
1

2

1

1

1

12
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 where  11 /  ttuE        (8) 

 

 In this model, the conditional variance is transformed into logarithmic form as opposed to the conditional 

variance implying that the leverage effect is exponential rather than quadratic. The logarithmic transformation 

also avoids complication of imposing parameter restriction required to ensure non-negative conditional variance. 

The existence of asymmetric impact requires   0. For  < 0, negative shocks will have a larger impact on 

future volatility than positive shocks of the same magnitude. The process to be stable, it is still required that 

.1     

 

The Power GARCH (PGARCH) model: 

 Unlike the traditional standard GARCH model, Taylor (1986) and Schwert (1989) introduced the standard 

deviation GARCH model in which standard deviation is modeled rather than the variance as a function of the 

lagged standard deviations and the lagged absolute innovations. This model (TS-GARCH) is generalized in 

Ding, Granger and Engle (1993) with the power ARCH specification whereby  is used as a power parameter 

which can be estimated rather than imposed. By allowing an optimal power term to be estimated from the data, 

the PGARCH limits their user to use it arbitrarily. The parameter  is also added in the equation to account for 

asymmetry in the volatility of the financial return series. The model is specified as: 

 
111 

  tttt uu   ,                                                                              (9) 

 

 where  is a positive exponent, 1  and  refers to the coefficient of leverage effect. When  > 0, there is 

a standard leverage effect but when  < 0, there is a leverage effect also but in the opposite direction whereby 

impact of positive past values on volatility is more than the negative past values of the same magnitude. With 

most financial return series, the estimates for the power parameter  are found to be less than two. The 

formulation of the PGARCH is closely related to the Nonlinear GARCH (NGARCH) model proposed by 

Higgins and Bera (1992). In addition, we will also apply volatility asymmetry measure which is used in the 

works of Brooks (2007) and Jayasuriya et al. (2005) to calculate the extent (if leverage effect exists) by which 

volatility responses more to a negative shock than to a positive shock. This measure is expressed in the form of 

equation as- 

Volatility asymmetry       1/1 ,                                                                           (10) 

where  and  are the power and leverage parameters respectively.  

 

The Threshold GARCH (TGARCH) model: 

 Threshold GARCH is another variant of GARCH models proposed by Zakoian (1994) which is capable of 

modeling the asymmetric effects of the past negative and positive innovations (bad or good news) on the 

conditional variance. The TGARCH model specification for the conditional variance is expressed as: 

 

111
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222
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 Where, 11 tS if 01 tu ,(negative shocks) and 01 tS  if ,01 tu (positive shocks). In this 

model,
1

2
t

u can have different effects on the conditional variance 
2

t depending on whether 
1t

u is above 

or below the threshold value of zero. When 01 tu , the impact on the conditional variance is 
1

2
t

u (+), 

and when ,01 tu  the impact is .
1

2
t

u  The coefficient  is known as the asymmetry parameter and is 

expected to be positive and significant so that bad news can have proportionally larger impact on the volatility 
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of the returns than the positive shocks. This asymmetry is also known as a „leverage effect‟ in the literature. The 

basic idea behind the TGARCH model is closely related to that of the GJR-GARCH model developed by 

Glosten, Jaganathan and Runkle (1993). 

Empirical Results: 

 The results of the parameter estimates of different GARCH models are presented in Table 4. In the GARCH 

estimation, maximum likelihood method is used assuming student‟s t-distribution for the conditional distribution 

of the errors, ut. The results show that the estimate of the standard GARCH parameters  and   are positive and 

statistically highly significant for most specifications. The values of  coefficient are found to be very high 

ranging from 85% to about 91% which implies persistent volatility clustering. The significance of  and  

indicates that the news on volatility from the past periods have impact on the current volatility. It can be seen 

from the results that the sum of the two estimated coefficients ( and  ) are high but still less than one ( +  < 

1) signifying that the GARCH process is mean reverting.  

 In the GARCH-M model, the coefficient (λ) of the conditional standard deviation (t) in the mean equation 

is found to be positive but statistically insignificant in all cases. The positive sign is in consistent with the 

financial theory in which a positive interaction is predicted between the expected risk and expected return in 

investment on risky asset. The excess return is expected as a compensation for taking on additional risk. The 

asymmetry parameter () is appeared significant and with correct sign suggesting the existence of standard 

leverage effect in all four markets. The power parameter () in the PGARCH exhibits statistically highly 

significant for all four markets and the optimal estimates for the power parameter are found to be less than two 

but more than unity. The highest value of the power parameter is 1.71 for Singapore followed by 1.62 for 

Malaysia.  

 
Table 4: Estimated GARCH models for country index returns, January 2007 – December 2012. 

 GARCH (1, 1) 

Malaysia Singapore Japan Hong Kong 

 1.35e-06* 1.21e-06** 6.41e-06* 2.49e-06** 

 0.14418* 0.09637* 0.11765* 0.08617* 

 0.84795* 0.90023* 0.85729* 0.90734* 

 +  0.99213 0.99660 0.97494 0.99351 
^ARCH-LM test 7.6862[0.994] 25.227[0.193] 22.963[0.291] 18.264[0.570] 

#LB-Q statisticGARCH 7.9280 [0.992] 23.966 [0.244] 24.174. [0.235] 17.730 [0.605] 

 GARCH-M (1, 1) 

 1.33e-06* 1.21e-06** 6.47e-06* 2.54e-06** 

 0.14402* 0.09676* 0.11765* 0.08660* 

 0.84827* 0.89967* 0.85711* 0.90675* 

λ 0.04980 0.05381 0.04247 0.05123 

 +  0.99229 0.99643 0.97476 0.99335 
^ARCH-LM test 7.7119[0.994] 24.756[0.211] 23.124[0.283] 18.342[0.565] 

#LB-Q statisticGARCH 7.9814 [0.992] 23.894 [0.247] 24.234 [0.232] 17.805 [0.600] 

 TGARCH (1 ,1) 

 1.44e-06* 1.36e-06* 6.97e-06* 3.41e-06* 

 0.10314* 0.03517** 0.01264 0.03237** 

 0.84748* 0.90545* 0.87123* 0.90415* 

 0.07275** 0.10388* 0.16270* 0.10259* 

 +  0.95062 0.94062 0.88387 0.93652 
^ARCH-LM test 8.4163[0.989] 20.986[0.398] 12.118[0.912] 18.523[0.553] 

#LB-Q statisticGARCH 8.5807 [0.987] 20.676 [0.416] 12.340 [0.904] 19.140 [0.513] 

 EGARCH (1, 1) 

 -0.21931* -0.09665* -0.28894* -0.12881* 

 0.20385* 0.15270* 0.18107* 0.17093* 

 0.97804* 0.98946* 0.96633* 0.98460* 

 -0.07053* -0.08574* -0.11720* -0.07374* 

 +      
^ARCH-LM test 8.5100[0.988] 26.160[0.161] 15.779[0.730] 20.016[0.457] 

#LB-Q statisticGARCH 9.1455 [0.981] 25.796 [0.173] 16.137 [0.708] 20.138 [0.449] 

 PGARCH (1, 1) 

 9.41e-06 5.21e-06 0.000127 0.000140 

 0.13580* 0.08382* 0.08302* 0.08718* 

 0.86173* 0.90844* 0.88889* 0.91409* 

 0.17997** 0.37842* 0.73633* 0.46594* 

 1.61660* 1.71429* 1.31975* 1.14051* 

 +  0.99753 0.99226 0.97192 1.00127 
^ARCH-LM test 8.5520[0.988] 21.876[0.347] 13.934[0.834] 19.445[0.493] 

#LB-Q statisticGARCH 8.8592 [0.984] 21.444 [0.371] 14.390 [0.810] 19.707 [0.476] 

Note: * significance level at 1%, **significance level at 5%. #LB-Q statistic values (up to a lag of 20) after estimating GARCH models and 

figures in [.] are Probability from Chi-Square distributions. ^ARCH-LM test statistic values (up to a lag of 20) and figures in [.] are Prob. 

Chi-Square.          



302                                                             Mohd. Aminul Islam et al, 2013 

Australian Journal of Basic and Applied Sciences, 7(11) Sep 2013, Pages: 294-303 

 

 

 For the Japanese and the Hong Kong markets the power term appears to be smaller which are 1.32 and 1.14 

respectively. This indicates that a conditional standard deviation model is more appropriate for these two 

markets. The last row of table 4 under each GARCH model shows the Ljung-Box test statistic that is carried out 

after estimating each of the GARCH model in order to check the existence of autocorrelation in the residuals. 

The test shows that the computed LB-Q statistic values over the first 20 lags at 99% confidence level are less 

than the critical Q value of 37.57 from the chi-square distribution suggesting that the null hypothesis of „no 

autocorrelation‟ in residuals up to a lag of 20 cannot be rejected. This means that the autocorrelation has been 

removed by the GARCH models. We also used ARCH-LM test to check whether there is any additional ARCH 

effect in the residuals after estimating GARCH models. The test did not reject null hypothesis of „no ARCH 

effects‟ in the residuals as the probabilities (p-values) appeared insignificant for all cases.  This also shows that 

the variance equations are correctly specified.      

 The volatility asymmetry measure calculated using the values of the parameter () under PGARCH (1, 1) in 

Table 4 is presented in Table 5. We found that the Japanese stock index (N225) has the highest volatility 

asymmetry among the four markets where on average the extent of changes in the volatility in response to a 

negative shock is 12.0311 followed by Singapore 3.9170, Hong Kong 3.1633 and Malaysia 1.8009 respectively. 

The response of volatility to a negative shock appeared to be the lowest in Malaysian market.     

 
Table 5: Volatility asymmetry measure. 

Country Volatility asymmetry 

Malaysia 1.8009 

Singapore 3.9170 

Japan 12.0311 

Hong Kong 3.1633 

 

Conclusions: 

 In this paper we have applied stochastic GARCH models to the stock returns time series of four Asian 

markets namely; KLCI of Malaysia, STI of Singapore, N225 of Japan and HSI of Hong Kong with a view to 

empirically examine the applicability of these models in capturing the stylized facts such as volatility clustering, 

fat-tailed nature of asset returns distribution, and leverage effects that are most commonly observed in high 

frequency financial time series data. For this investigation we have chosen Kuala Lumpur Composite Index of 

Malaysia as an emerging market and the rest (STI of Singapore, N225 of Japan and HSI of Hong Kong) are as 

the developed markets. Our investigation shows evidence that these GARCH models are capable of capturing 

the dynamics of daily stock returns behavior as mentioned above.  

 The empirical results show evidence of existence of standard leverage effects in all four markets. That is 

negative shocks produces higher effects on future volatility level than the positive shocks. The risk premium 

parameter (λ) in the conditional mean equation (6) measuring the risk premium effect for GARCH-in-Mean is 

found positive for all markets which is expected. However, the insignificant risk premium parameter leads to 

conclude that increased expected risk does not necessarily increase expected return. Volatility asymmetry 

measure indicates Japanese market (N225) having the highest volatility asymmetry characteristics followed by 

the STI of Singapore, HSI of Hong Kong and the lowest in KLCI of Malaysia. Overall the study demonstrates 

that the Malaysian stock returns series is considerably less volatile than the stock returns series of the other three 

developed markets. 
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