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1.0 Introduction  

Modelling and forecasting conditional variance, usually referred to as volatility, of financial 

variables are of great interest to academics as well as practitioners. These measures are 

essential inputs into option pricing formulae such as Black-Scholes, value-at-risk (VaR) as 

well as for portfolio management decisions. Volatility is also used in order to predict the 

probability of stock market crashes (Tsuji, 2003). To model conditional variance, 

Autoregressive Conditional Heteroskedasticity (ARCH) models were introduced by Engle 

(1982). A useful variant of ARCH model, was proposed by Bollerslev (1986) through the 

Generalised ARCH (GARCH) models which provide a parsimonious alternative to a higher 

order ARCH model. These models are not able to appropriately address the asymmetric effect 

often observed in the dynamic of financial variables. To allow for the possibility to model the 

different impact on conditional variance of bad news and good news, Nelson (1991) 

introduced the so-called Exponential-GARCH (EGARCH) models. Since then many 

alternative specifications to model conditional variance of financial variables have been 

proposed in the literature. Our paper aims to use one of them, the Power-ARCH specification, 

in order to investigate the volatility of the Association of South-East Asian Nations’ 

(ASEAN) stock markets. 

We have focused on the stock markets located in this economic area for several reasons. 

Firstly, the rapid pace of economic growth of those countries during the 2000s as well as the 

large inflows of FDI makes these stock markets interesting for both domestic and 

international investors seeking new opportunities to diversify their portfolio. Secondly, at the 

2010 ASEAN Finance Ministers’ Meeting a roadmap was decided for financial integration 

with the main goal of greater economic integration among the ASEAN countries by 2015. 

This makes these stock markets worthy group to be considered together for the study of 

volatility dynamics in these markets. We undertake this analysis by modelling the 

performance of the PARCH models in analysing the volatility of the ASEAN’ stock market. 

Our study contributes to the current body of empirical evidence in many ways; Firstly, we 

focus on the stock markets of a group of emerging economies belonging to the ASEAN. 

Secondly, we use a specific non-linear time series model with two different statistical 

distributions and take into account the asymmetric effects which very often characterise the 

behaviour of financial variables. Thirdly, by using a well-defined measure of volatility 
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asymmetry, we aim to identify the extent to which the volatility generated by a negative 

shock is different from the volatility generated by a positive shock. Evidence suggests that 

the volatility dynamics of these markets has not been studied thus far. Rest of the paper is 

organised as follows. Section 2 reviews the relevant literature. In section 3, the econometric 

methodology used in this paper is presented. In section 4 the main features of the ASEAN’ 

stock markets are briefly outlined. Section 6 describes the data. Section 6 discusses the 

empirical results and section 7 concludes. 

2.0 Literature review  

The volatility of developed stock markets has been extensively investigated. Among the 

recent studies, Awartani and Corradi (2005) model and forecast the conditional variance of 

the US S&P500 stock market index for the period 1990-2004. By using GARCH-family 

models, they find evidence that asymmetric GARCH models perform better. Bae et al. (2007) 

investigate the relation between volatility and risk premium for the US NYSE index during 

the period 1952-1999. Using the GARCH-model, they find evidence of a positive relation 

among conditional variance and premium risk. Authors show that the risk premium may 

change as a consequence of changes in the volatility in different regimes. It has been recently 

that the empirical literature has begun to focus on samples of emerging stock markets. For 

example Brooks et al. (1997) investigate the extent to which volatility of the South African 

stock market changed in the period 1986-1996, immediately after major political changes. By 

using GARCH models, they find that it is likely that the South African stock market has 

become more integrated with international stock markets after the political changes and has 

become more volatile. Recently Appiah and Menyah (2003) investigate volatility and risk 

premiums if they characterise the returns of African stock markets (that is Botswana, Egypt, 

Ghana, Ivory Coast, Kenya, Mauritius, Morocco, Nigeria, South Africa, Swaziland and 

Zimbabwe) for the period 1990-1994. The presence of a time-varying risk premium is 

identified in five stock markets that are; Ghana, Ivory Coast, Mauritius, Nigeria and 

Swaziland and these markets are also the most volatile. Alagidede and Panagiotidis (2009) 

investigate the extent of volatility on the largest African stock markets (namely Egypt, 

Morocco, Nigeria, Kenya, South Africa, Tunisia and Zimbabwe). They find that these 

markets are highly volatile, however investors are usually compensated by a higher risk 

premium. Surprisingly, a higher level of volatility is found in markets that are less liberalised 
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and less open to foreign investors. Another strand of the empirical literature has recently 

focused on Middle Eastern and North African Countries (MENA). Hassan et al. (2003) 

investigate a sample of both MENA and African stock markets. Using GARCH type models 

with political, financial and economic shock variables, they find that the volatility of the less 

developed stock markets (mainly those of the African region) is significantly affected by 

those variables. Recently Huang (2011), has investigated the degree of volatility of a sample 

of both emerging and developed stock markets. Results show that the emerging markets are 

more volatile than developed markets.
1
 While there are many studies dealing with volatility 

in emerging stock markets, only a few of them examine the volatility of South-Asian stock 

markets. Pisedtasalasai and Gunasekarage (2007) investigate the relation among return 

volatility and trading volume by focusing on the stock markets of Indonesia, Malaysia, the 

Philippines, Singapore and Thailand for the period 1990-2004. Their results show that in 

some ways trading volume has some effect on the stock returns volatility. Leeves (2007) 

investigates the conditional variance of the Indonesia stock market during the period 1990-

1999 by using asymmetric GARCH models. Results clearly show an asymmetric response of 

the market returns to the shocks, with positive shocks causing less volatility than negative 

shocks. Liu and Morley (2009) have investigated the volatility of the Hong Kong stock 

market by focusing on its forecasting. Using GARCH type models, they find that asymmetric 

GARCH models perform better as they show evidence of asymmetric effect and usually 

present lower values of forecast error statistics. There appear to be no studies that consider a 

specific economic area like the ASEAN. This paper aims to study the volatility of the 

ASEAN-5 stock markets
2
. We have focused on these countries as they are quite 

homogeneous in terms of economic growth and financial development. They are also in a 

more advanced position in terms of economic and financial development.  

3.0 Methodology  

Non-linear time series models have been widely used in the empirical literature (see for 

example Christie, 1982; Appiah-Kusi and Menayah, 2003) in order to overcome the main 

                                                           
1 

Also Lesmond (2005) recognises that the stock market returns of emerging markets are usually characterised by a higher 

level of volatility than that of developed markets. 

2
 The ASEAN-5 usually refers to the founder members (that is Indonesia, Malaysia, the Philippines, Singapore, and Thailand) 

of that economic organisation. 
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drawback of linear time series models where usually both mean and standard deviation of 

returns are assumed to be constant over time.  Bollerslev (1986) introduced GARCH model 

in order to model the conditional variance. However the GARCH model is symmetric in its 

response to past innovations. Since good news and bad news may have different effects on 

the volatility, new model have been introduced in order to take into account that asymmetric 

effect. Nelson (1991) proposed an Exponential-GARCH (EGARCH) model, where the 

asymmetric effect is introduced through the null hypothesis that a parameter of the 

conditional variance equation is different from zero (i.e.     . A further asymmetric model 

denominated Threshold-GARCH (TARCH) was introduced by Zakoian (1990), with the aim 

to capture asymmetries in terms of negative and positive shocks. In that sense new 

information is measured by the size of      . The idea is that if shocks are greater than that 

threshold, then the effects are different than shocks below the threshold. More recently Ding 

et al. (1993) have introduced an asymmetric model called Power-ARCH (PARCH). In this 

study we decide to use those models as they are able to detect whether or not asymmetric 

effects are present and they have been largely used in previous studies dealing with Asian 

stock markets (Brooks, 2007). Further we decided to use asymmetric rather than symmetric 

models because the former perform relatively better in the forecast contest (Poon and 

Granger, 2003) which this paper is going to address as well. The PARCH model differs from 

other popular asymmetric GARCH models (like EGARCH) since they allow an optimal 

power term to be estimated from the data, whereas in other asymmetric models that value is 

usually a priori selected. So the APARCH models are less likely to be used arbitrarily by 

their users and allow capturing the leverage effect as in other Asymmetric GARCH type 

models. An APARCH model can be summarised through the following set of equations 

which model the conditional mean (eq. 1) and the conditional variance (eq. 2) respectively: 

                                                                                                                                        

(1) 

                                           
    ∑   

 
       

  ∑   
 
   (|    |         

                                 

(2)  

where    , |  |    for         ,      for all     , and    .  The asymmetric 

effect is present if and only if    . As pointed out previously, we estimate the PARCH 

model with two different sets of distribution, that is the student-t distribution as well as the 
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GED distribution.  GARCH-family models are usually used in order to forecast stock market 

volatility (Franses and Ghijsels, 1999). Recent studies (Karanasos and Kim, 2006) have 

shown the validity of using PARCH models in modelling and forecasting the volatility of 

stock market returns. Thus we use the results of PARCH estimation for the forecasting 

exercise. The goal is to select the best models in term of forecasting as indicated by a set of 

evaluation measures such as Root Mean Squared Error (RMSE), Mean Absolute Error 

(MAE) and the Theil Inequality Coefficient (TIC). Assuming that the forecast sample is J = 

T+1, T+2, …, T+h, and denoting the forecasted value in period t as    and  ̂ , respectively, 

the mentioned forecast errors statistics are computed as follows: 

     √∑ (  ̂     
      

                                                    (3) 

    ∑ |   
      

 ̂
  

 
|                                                      (4) 

    
√∑ (  ̂     

   
       

√∑   ̂
    

         √∑   
    

       

                                       (5) 

Financial time series data does not show evidence of normal distribution (Bollerslev, 1986). 

This means that GARCH models estimated on the assumption that return series is 

conditionally normally distributed is not correct. Thus following Bollerslev (1986) we 

estimate our GARCH models assuming returns are characterised by the t-distribution. We 

also extend Bollerslev (1986), by estimating those models with the GED distribution to test 

the robustness of our results.  

Following Brooks (2007) and Jayasuriya et al. (2005), the last part of our paper is devoted to 

calculating the different sizes of both negative and positive shocks through the following 

equation: 

                     ((     (                               (6) 

The volatility asymmetry measure indicates how many times the volatility generated by the 

effect of a negative shock is greater than the volatility generated by a positive one. 

4.0 The ASEAN stock markets 
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Market history of the ASEAN-5 stock markets history is brief when compared to the mature 

markets. The Stock Exchange of Singapore (SES) was formed in 1973 and merged with the 

Singapore International Monetary Exchange (SIMX) in 1999 in order to form the Singapore 

Exchange (SGX). Also the actual Indonesia Stock Exchange is the result of the merger in 

2007 between the Jakarta Stock Exchange and the Surabaya Stock Exchange. These 

exchanges were formed in the 1970s. The Stock Exchange of Malaysia was established in 

1964 and after some changes it was renamed as Bursa Malaysia. The securities Exchange of 

Thailand began to operate in 1975 and changed its name to Stock Exchange of Thailand. The 

Philippines Stock Exchange was formed in 1992 after the merger of two former stock 

exchanges. In terms of listed companies, market capitalisation and turnover, these stock 

markets have moved on a growth path during the 2000s (see table 1). However a certain level 

of heterogeneity characterises these markets. When considering level of liquidity, we see that 

both Singapore and Thailand have stock markets with a high level of liquidity while Malaysia 

and the Philippines have the markets with the lowest levels of liquidity. Further Indonesia 

and Malaysia are the smallest markets in terms of capitalisation
3
. The recent 2007-2009 

global financial crisis has affected the ASEAN-5 stock markets in terms of capitalisation and 

turnover. Market capitalisation as a percentage of GDP has fluctuated from 19% in Indonesia 

to 95% in Singapore during 2008 which can be considered the worst in terms of a 

capitalisation drop. However signs of rapid recovery are evident since 2009. 

Table 1: Features of the ASEAN stock markets 

 2002 2003 2004 2005 2006 2007 2008 2009 2010 

Listed companies         

Indonesia 331 333 331 335 344 383 396 398 420 

Malaysia 865 897 962 1020 1027 1036 977 953 957 

The Philippines 235 234 233 235 238 242 244 246 251 

Singapore 434 551 625 685 461 472 455 459 461 

Thailand 398 421 464 504 518 475 476 535 541 

CAP/GDP ratio          

Indonesia 15.33 23.28 28.52 28.48 38.10 48.99 19.36 33.04 51.01 

Malaysia 122.83 152.79 152.31 131.47 150.36 174.49 84.33 132.55 172 

The Philippines 47.96 28.08 31.68 38.96 55.95 69.11 30.01 47.60 78.82 

Singapore 115.36 246.04 252.59 252.48 190.14 199.34 95.06 169.51 166.18 

Thailand  36.39 84.99 72.33 70.80 68.13 79.38 37.64 52.40 87.11 

                                                           
3 

Analysing the relatively small and illiquid Central and Eastern Europe (CEE) emerging stock markets, Korczak and Bohl 

(2005) argue that  one of the disadvantages linked to the low liquidity is that this feature can hinder efficient capital raising 

and valuation. The small dimensions of CEE stock markets make them very sensitive to any shift  in the regional and 

worldwide portfolio adjustment of large international investors (Egert and Kocenda, 2007; Kasman et al., 2009). 
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Stock/GDP          

Indonesia 6.67 6.29 10.73 14.66 13.39 26.12 21.69 21.38 18.33 

Malaysia 27.39 45.49 48.00 36.25 42.74 80.37 38.41 37.79 37.93 

The Philippines 3.81 3.14 4.01 6.74 9.20 19.58 9.91 10.22 13.42 

Singapore 63.54 94.27 74.15 95.54 126.87 216.67 143.04 137.60 126.69 

Thailand 37.53 67.70 67.63 50.63 48.67 43.81 42.84 51.17 68.36 

Turnover          

Indonesia 49.22 34.91 43.10 54.18 44.33 64.38 71.30 83.27 48.11 

Malaysia 22.65 34.31 33.42 26.92 32.12 53.47 33.24 32.94 27.07 

The Philippines 7.71 8.42 13.96 20.12 20.72 34.09 22.16 26.01 22.55 

Singapore 51.20 53.05 32.12 40.37 62.19 122.01 101.56 102.80 82.88 

Thailand  115.39 115.38 91.72 73.93 75.80 64.19 78.20 112.08 104.80 

Notes. Listed companies are the domestic companies listed on the country’s stock exchange at the end of the 

year. CAP/GDP is the market capitalisation of listed companies as a percentage of GDP. Stock/GDP is the total 

value of shares traded as a percentage of GDP.  Turnover ratio is the total value of shares traded divided by the 

average market capitalisation. 

Source: World Development Indicators. 

5.0 Data  

The data used for the study are daily returns
4
 for MSCI stock market indices in local currency 

obtained from Thomson Datastream for the period 2 January 2002 to 30 January 2012. 

Estimation is conducted over the ten years of the sample, and the period 1 October 2011 to 30 

January 2012 is reserved for forecasting. Table 2 provides descriptive statistics. Mean equity 

market returns have been positive for the period of analysis. The highest daily return was 

11.4% for the MSCI Thailand, while the minimum was around -18% for the same index. The 

kurtosis values of all Index returns are higher than three indicating that returns’ distribution 

are fat-tailed. The skewness values are in general negative indicating that the asymmetric tail 

extends more towards negative values than positive ones. The Jarque-Bera statistics clearly 

reject the null hypothesis of a normal distribution for all sector returns 
5
 as we can see for the 

p-values.  

Table 2: Summary of statistics of data on returns 

 
Sample 

Mean Minimum Maximum 
St. 

Skewness Kurtosis 
Jarque-

                                                           
4 

Each return series is calculated as    [  (      ⁄      ] where rt is the daily return, whereas pt  and pt-1 denotes the 

value of the stock prices at the time t and t-1 respectively. 

5 
The results clearly show that we cannot assume that returns are normally distributed (i.e. with mean zero and variance 

constant) as the mentioned result indicates that the distribution function of returns is fat-tailed. Enders (2004) shows this 

type of distribution has more weight in the tails than a normal distribution. On the other hand, comparing standardised 

normal distribution to a t-distribution we can see that the later distribution places a greater likelihood on large realisations 

than does the normal distribution (Enders, 2004). Thus for these stock market returns we follow a popular approach by 

choosing the standardised Student-t distribution (Bollerslev, 1986; Enders, 2004; Franses and Van Dijk, 2000) 
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Size Dev. Bera test 

MSCI Indonesia  2628 0.092 -16.262 10.135 1.787 -0.540 9.674 

5006.33 

(0.00) 

MSCI Malaysia 2628 0.030 -10.242 4.712 0.862 -0.734 13.547 

12419.17 

(0.00) 

MSCI the Philippines 2628 0.036 -13.671 9.358 1.434 -0.381 9.210 

4287.70 

(0.00) 

MSCI Singapore 2628 0.019 -9.832 6.928 1.301 -0.145 8.014 

2762.31 

(0.00) 

MSCI Thailand 2628 0.052 -18.084 11.435 1.640 -0.676 14.221 

     

13988.69 

(0.00) 

Notes.  P-values are in ( ) 

Figure 1 shows that the volatility in the ASEAN-5 stock market returns is characterised by 

periods of stability and turbulence. It is evident that the recent 2007-2009 GFC also affected 

the ASEAN-5 markets as those stock market returns are very volatile during this period. 

Volatility is usually identified with the term heteroskedsticity in econometrics, thus the 

behaviour of volatility in the ASEAN-5 stock market returns is said to follow an 

autoregressive conditional heteroskedasticity (ARCH) process. In order to model that 

behaviour a class of generalised (ARCH) models are usually used. 
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Figure 1 – Prices and returns for the ASEAN-5 stock markets 

 

6.0 Empirical results  

The results of the estimation of the APARCH model are reported in tables 3,4,5,6 and 7. The 

estimates of the standard GARCH parameters (      are standard as the sum of both 

parameters is close to unity for APARCH models in both t- and GED distribution. A close 

value to unity also means that the conditional volatility of these stock market returns is quite 

persistent. We also find that   is larger than   as we would usually expect from these 

GARCH models. The larger is the value of   the larger is the response of the conditional 

variance to new information. In terms of the asymmetry parameter   we found that all the 

models in both distributions show a leverage effect. In economic terms any news increases 

volatility; however, if the news is bad then there will be a more pronounced effect on 

0

1000

2000

3000

4000

5000

6000

-20

-10

0

10

20

02 03 04 05 06 07 08 09 10 11

Indonesia prices Indonesia returns

200

300

400

500

600

-12

-8

-4

0

4

8

02 03 04 05 06 07 08 09 10 11

Malaysia prices Malaysia returns

0

200

400

600

800

1000

-15

-10

-5

0

5

10

02 03 04 05 06 07 08 09 10 11

The Philippines prices The Philippines returns

400

800

1200

1600

2000

2400

-12

-8

-4

0

4

8

02 03 04 05 06 07 08 09 10 11

Singapore prices Singapore returns

100

200

300

400

500

-20

-10

0

10

20

02 03 04 05 06 07 08 09 10 11

Thailand prices Thailand returns



11 

 

volatility than positive news of the same magnitude. It is interesting to note that the largest 

values of   are found for those stock markets (such as Indonesia, Singapore and Thailand) 

characterised by the higher level of liquidity. This also means that the leverage effect (that is 

the tendency for volatility to rise when returns fall and to decline when returns rise) is 

particularly wide in more liquid stock markets. In terms of the power parameter d the results 

show that the power parameter is significantly different from 1. This result validates using an 

APARCH model for estimating the volatility of stock returns. Performing some diagnostic 

tests we see that the Q-statistics find no evidence of serial correlation in the APARCH model 

with the t-distribution, while some evidence of correlation is found in models estimated using 

GED distribution. The remaining ARCH effects are investigated by using the LM-test; results 

show that there is little evidence of remaining ARCH effects for most of the models 

estimated. Table 8, show that the forecast error measures indicate that the APARCH model 

with the t-distribution is the better in forecasting volatility of Indonesia, Malaysia, the 

Philippines and Singapore stock market returns. In all these cases at least 2 out of 3 rank 

those models as the first. On the other hand the APARCH with the GED distribution 

performs better for Thailand stock market volatility as 2 out of 3 forecast error measures rank 

that model as better. Table 9 reports the results of the volatility asymmetry calculated as 

indicated in eq (6) using the parameter reported in the tables above. The Indonesian stock 

market has the highest volatility asymmetry of all the markets, with a value equal to 3.930, 

whilst the lowest value is for the Philippines with an average of 1.804.  

Table 3: Non linear model estimates for the volatility of the Indonesia returns 

 APARCH(1,1) 

t-distribution  

APARCH(1,1) 

GED distribution 

c 
0.103 

(0.027) 

0.05** 

(0.02) 

α 
0.08*** 

(0.019) 

0.067*** 

(0.017) 

ω 
0.167*** 

(0.042) 

0.144*** 

(0.038) 

α1 
0.121*** 

(0.021) 

0.107*** 

(0.019) 

β 
0.824*** 

(0.024) 

0.843*** 

(0.022) 

γ 
0.401*** 

(0.096) 

0.428*** 

(0.114) 

d 
1.611*** 

(0.263) 

1.592*** 

(0.00) 

Q(30) 29.866 32.382 
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[0.473] [0.350] 

LM(30) 
22.653 

[0.829] 

20.367 

[0.906] 

AIC 3.714 3.703 

SC 3.732 3.721 

Loglikelihood -4710.841 -4696.976 

DW 1.952 1.925 

Notes. Standard errors are among ( ) while p-values are in [ ] 

Table 4: Non linear model estimates for the volatility of the Malaysia returns 

 APARCH(1,1) 

t-distribution  

APARCH(1,1) 

GED distribution 

c 
0.03** 

(0.012) 

0.022** 

(0.011) 

α 
0.102*** 

(0.019) 

0.083*** 

(0.018) 

ω 
0.013*** 

(0.003) 

0.014*** 

(0.004) 

α1 
0.092*** 

(0.015) 

0.092*** 

(0.015) 

β 
0.9*** 

(0.013) 

0.899*** 

(0.015) 

γ 
0.201*** 

(0.064) 

0.216*** 

(0.065) 

d 
1.742*** 

(0.320) 

1.705*** 

(0.334) 

Q(30) 
31.499 

[0.391] 

37.555 

[0.162] 

LM(30) 
20.307 

[0.908] 

22.774 

[0.957] 

AIC 2.212 2.203 

SC 2.231 2.221 

Loglikelihood -2803.48 -2791.039 

DW 1.960 1.922 

Notes. Standard errors are among ( ) while p-values are in [ ] 

Table 5: Non linear model estimates for the volatility of the Philippines returns  

 APARCH(1,1) 

t-distribution  

APARCH(1,1) 

GED distribution 

c 
0.032 

(0.023) 

0.006 

(0.022) 

α 
0.101*** 

(0.02) 

0.079*** 

(0.019) 

ω 
0.130*** 

(0.037) 

0.118*** 

(0.035) 

α1 
0.107*** 

(0.02) 

0.102*** 

(0.019) 

β 
0.828*** 

(0.027) 

0.838*** 

(0.027) 

γ 0.148** 0.157** 
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(0.064) (0.065) 

d 
1.980*** 

(0.409) 

1.987*** 

(0.415) 

Q(30) 
34.630 

[0.256] 

40.512 

[0.095] 

LM(30) 
21.361 

[0.876] 

20.439 

[0.904] 

AIC 3.361 3.354 

SC 3.380 3.372 

Loglikelihood -4262.942 -4253.269 

DW 1.945 1.902866 

Notes. Standard errors are among ( ) while p-values are in [ ] 

Table 6: Non linear model estimates for the volatility of the Singapore returns 

 APARCH(1,1) 

t-distribution  

APARCH(1,1) 

GED distribution 

c 
0.046** 

(0.018) 

0.047*** 

(0.017) 

α 
-0.019 

(0.02) 

-0.028 

(0.020) 

ω 
0.014*** 

(0.00) 

0.015*** 

(0.004) 

α1 
0.084*** 

(0.012) 

0.086*** 

(0.013) 

β 
0.915*** 

(0.01) 

0.913*** 

(0.011) 

γ 
0.318** 

(0.082) 

0.315*** 

(0.084) 

d 
1.45*** 

(0.289) 

1.446*** 

(0.304) 

Q(30) 
40.010 

[0.105] 

41.540 

(0.078] 

LM(30) 
43.147 

[0.056] 

42.652 

(0.062] 

AIC 2.963 2.958 

SC 2.981 2.977 

Loglikelihood -3757.142 -3751.284 

DW 1.949 1.930 

Notes. Standard errors are among ( ) while p-values are in [ ] 

Table 7: Non linear model estimates for the volatility of the Thailand returns 

 APARCH(1,1) 

t-distribution  

APARCH(1,1) 

GED distribution 

c 
0.050** 

(0.025) 

0.005 

(0.023) 

α  
0.053*** 

(0.02) 

0.011 

(0.018) 

ω 
0.092*** 

(0.022) 

0.106*** 

(0.028) 

α1 0.098*** 0.09*** 
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(0.017) (0.018) 

β 
0.866*** 

(0.018) 

0.869*** 

(0.02) 

γ 
0.301*** 

(0.081) 

0.357*** 

(0.101) 

d 
1.704*** 

(0.77) 

1.671*** 

(0.322) 

Q(30) 
40.010 

[0.105] 

41.540 

[0.078] 

LM(30) 
43.147 

[0.056] 

42.652 

[0.062] 

AIC 3.548 3.552 

SC 3.566 2.570 

Loglikelihood -4500.121 -4504.955 

DW 2.091 2.003 

Notes. Standard errors are among ( ) while p-values are in [ ] 

Table 8: Forecasting performances of competing GARCH models. 

   

RMSE 

  

MAE 

  

TIC 

MSCI Indonesia  Value Rank  Value Rank  Value Rank 

APARCH t-dist  1.630175 1  1.189265 1  0.931543 1 

APARCH GED-dist  1.785938 2  1.223761 2  0.967815 2 

          

MSCI Malaysia          

APARCH t-dist  0.760142 1  0.588735 2  0.948214 1 

APARCH GED-dist  0.761065 2  0.588699 1  0.960756 2 

          

MSCI the 

Philippines 

         

APARCH t-dist  1.098398 1  0.798811 1  0.963954 1 

APARCH GED-dist  1.103008 2  0.802123 2  0.993154 2 

          

MSCI Singapore          

APARCH t-dist  1.343263 2  1.064819 1  0.966061 1 

APARCH GED-dist  1.343231 1  1.064831 2  0.965389 2 

          

MSCI Thailand          

APARCH t-dist  1.674501 1  1.176907 2  0.966289 2 

APARCH GED-dist  1.679268 2  1.174013 1  0.996191 1 

Notes. Standard errors are among ( ) while p-values are in [ ] 

Table 9: Volatility asymmetry measure 

Market Volatility asymmetry 

Indonesia 3.930 

Malaysia 2.033 

The Philippines 1.804 

Singapore 2.599 

Thailand  3.483 
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7.0 Conclusions 

In this study we examined how well APARCH models with different distributions are able to 

model and forecast the volatility of ASEAN-5 stock market returns. Results show that 

asymmetric effects characterise all the stock markets considered in this study and the largest 

leverage effects have been found for stock markets characterised by the higher level of 

liquidity. After forecasting the volatility of these stock markets, we find that the forecast 

measures tend to rank the APARCH with t-distribution as the better performing model. 

Finally, by using a volatility asymmetry measure, we have found that the Indonesian stock 

market is the one where on average the extent of the response of volatility to a negative shock 

is the largest among ASEAN-5 stock markets. In economic terms change in volatility in 

response to a negative shock is the greater in Indonesian stock market. Our research 

contributes to the literature analysing the volatility of South-Asian markets with a special 

focus on ASEAN-5 markets. 

  



16 

 

References 

Alagidede, P. and Panagiotidis, T. (2009) Modelling stock returns in Africa’s emerging 

equity markets, International Review of Financial Analysis, 18, 1-11. 

Appiah-Kusi, J. and Menyah, K.  (2003) Return predictability in African stock markets, 

Review of Financial Economics, 12, 247-270. 

Awartani, B.M.A. and Corradi, V. (2005) Predicting the volatility of the S&P-500 stock via 

GARCH models: the role of asymmetries, International Journal of Forecasting, 21, 167-183 

Bae, J., Kim, C.J. and Nelson, C.R. (2007) Why are stock returns and volatility negatively 

correlated? Journal of Applied Finance, 14, 41-58. 

Bollerslev, T. (1986) Generalized autoregressive conditional heteroskedasticity, Journal of 

Econometrics, 31, 307-327. 

Brooks, P. (2007) Power arch modelling of the volatility of emerging equity markets, 

Emerging Markets Review, 8, 124-133. 

Brooks, C., Burke, S.P. and Persand, G. (1997) Benchmarks and the accuracy of GARCH 

model estimation, International Journal of Forecasting, 17, 45-56. 

Christie, A. (1982) The stochastic behaviour of common stock variances: values, leverage 

and interest rate effects, Journal of Financial Economics, 10, 407-432. 

Ding, X., Granger, C.W.J. and Engle, R.F. (1993) A Long Memory Property of Stock Market 

Returns and a New Model, Journal of Empirical Finance, 1, 83-106. 

Egert, B. and Kocenda, E. (2007) Interdependence between Eastern and western European 

stock markets: Evidence form intraday data, Economic Systems, 31, 184-203. 

Enders, W. (2004) Applied Econometric Time Series, Wiley, 2
nd

  Edition, Hoboken, NJ. 



17 

 

Engle, R.F. (1982) Autoregressive Conditional Heteroscedasticity with Estimates of the 

Variance of United Kingdom Inflation, Econometrica, 50, 987-1007. 

Franses, P.H. and Ghijsels, H. (1999) Additive outliers, GARCH and forecasting volatility, 

International Journal of Forecasting, (15), 1-9. 

Franses P.H. and Van Dijk, D. (2000) Non Linear Time Series Models in Empirical Finance, 

Cambridge University Press. 

Hassan, M.K., Maroney, N.C., Sadi, H.M.E. and Telfah, A. (2003) Country risk and stock 

market volatility, predictability, and diversification in the Middle East and Africa, Economic 

Systems, 27, 63-82. 

Huang, A.Y. (2011) Volatililty forecasting in emerging markets with application of stochastic 

volatility model, Applied Financial Economics, 21, 665-681. 

Kasman, A., Kasman, S. and Torun, E. (2009) Dual long memory property in returns and 

volatility: Evidence from the CEE countries’s stock markets, Emerging Markets Review, 10, 

122-139. 

Karanason M. and Kim, J. (2006) A re-examination of the asymmetric power ARCH model, 

Journal of Empirical Finance, 13, 113-128. 

Korczak, P. and Bohl, M.T. (2005) Empirical evidence on cross-listed shocks of Central and 

Eastern European companies, Emerging Markets Review, 6, 121-137. 

Jayasuriya, S., Shambora, W., and Rossiter, R. (2009). Asymmetric Volatility in Emerging 

and Mature Markets, Journal of Emerging Market Finance, 8(1), 25-43. 

Leeves, G. (2007) Asymmetric volatility of stock returns during the Asian crisis: Evidence 

from Indonesia, International Review of Economics and Finance, 16, 272-286. 

Lesmond, D.A. (2005) Liquidity of emerging markets, Journal of Financial Economics, 77, 

411-452. 



18 

 

Liu, W. and Morley, B.  (2009) Volatility Forecasting in the Hang Seng Index using the 

GARCH Approach, Asia-Pacific Financial Markets, 16, 51-63. 

Nelson, D.B (1991) Conditional Heteroskedasticity in Asset Returns: A New Approach. 

Econometrica, 59, 347-370. 

Poon, S.H. and Granger, C.W.J. (2003) Forecasting Volatility in Financial Markets: A 

Review, Journal of Economic Literature, 41(2), 478-539. 

Pisedtasalasai, A. and Gunasekarage, A.  (2007) Causal and Dynamic relationship among 

Stock returns, Return Volatility and trading Volume: Evidence from Emerging markets in 

South-East Asia, Asia-Pacific Financial Markets, 14, 277-297. 

Tsuji, C. (2003) Is the Volatility the best Predictor of Market Crashes? Asia-Pacific Financial 

Markets. 10, 263-185.  

Zakoian, J.M. (1994) Threshold Heteroskedastic Models, Journal of Economic Dynamics and 

Control, 18, 931-944. 

 


