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Abstract 
 

The aim of this study is to model the stock returns in Malaysia by using time 
series analysis to capture the characteristic of the KLCI returns. The effect of 
global financial crisis on the stock market in Malaysia is examined and the crisis 
period considered is from the beginning of 2008 until the first quarter of 2009. 
This study is conducted in order to identify the characteristic of the stock returns 
in Malaysia and whether the crisis has changed the time series model. Daily KLCI 
is collected from the beginning of July 2002 until the end of June 2014. The data 
are separated into three different periods which are the whole period (whole 
sample size), pre-crisis period and post-crisis period. Several tests are conducted 
in order to fit a suitable model for each period. The results show that the best model 
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for whole period and post-crisis period is the same which is ARMA(1,0)- 
EGARCH(1,1) model while the best model for pre-crisis period is ARMA(3,0)- 
EGARCH(1,1) model. The model before the global financial crisis and after the 
global financial crisis is different, indicating that the crisis has given the impacts 
on Malaysia stock market. The pre-crisis period’s returns are more dependent on 
the previous returns. The whole period has the highest persistency and highest 
half-life value among all periods. The post-crisis model is found that has better 
forecast performances compared to whole period model. 
 
Keywords: Stock returns, Global financial crisis, Time series modelling 
 
1 Introduction 
 
Time series is defined as a set of values taken sequentially through time, space or 
some other independent variable (Sivakumar & Mohandas, 2009). It is used to 
obtain an understanding of the observed data’s underlying forces and the structure. 
Time series model is also used to fit a series and then it can be used in forecasting 
of future values, monitoring or optimal controlling of a system. There are many 
forms of time series model and each of them represents different stochastic 
processes. The autoregressive (AR) model which developed by Yule in 1927, the 
integrated (I) model and the moving average (MA) model which introduced by 
Slutzky in 1937 are the three classes which depend linearly on the previous data 
point whereas autoregressive moving average (ARMA) model and autoregressive 
integrated moving average (ARIMA) model are the combinations of these models 
(Sivakumar & Mohandas, 2009). In addition, Engle has introduced autoregressive 
conditional heteroscedasticity (ARCH) model in 1982 which could estimate the 
variance of financial time series data. ARCH model is simple but requires a large 
number of parameters to adequately describe the conditional variance. In 1986, 
Bollerslev has improved ARCH model to generalized autoregressive conditional 
heteroscedasticity (GARCH) model which have included a 
“smoothing-averaging” term to produce a fundamentally more parsimonious 
specification. Aminul Islam (2014) has stated that both ARCH and GARCH 
model is said to be volatility clustering model and it is important in measuring and 
forecasting the time-varying of high frequency financial data. 
The series used in this study is stock returns which are the gain or loss from the 
investment on stock in a particular period. It is usually quoted as a percentage and 
can be in positive or negative value. Stock returns are important for practical 
people to see their portfolio performances and many theories in market risk. In 
Malaysia, Kuala Lumpur Composite Index (KLCI) is the main index and the 
market indicator to review the overall Malaysia economy. It gives the general idea, 
direction and performance of the stock market in Malaysia. It was introduced and 
launched in 1986 and the base date (100) used is 1st January 1977. However, 
Financial Times Stock Exchange Bursa Malaysia Kuala Lumpur Composite Index 
(FBMKLCI) was created and adopted in 2009 to replace KLCI (FTSE Factsheet, 
2014). 
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Additionally, at the end of 2007 and the beginning of 2008, there is a break out of 
global financial crisis. It is morphed from the subprime mortgage crisis in the 
United States (Mishkin, 2010). The crisis had led into a steep fall in global trade 
and global recession by the late year 2008. The world was experiencing the worst 
economic performance after the Second World War (Norgren, 2010). Malaysia as 
an open and export-dependent economy country is no exception from affected by 
this crisis. According to the United Nations Development Programme, Malaysia’s 
stock market was affected from the beginning of 2008 until the end of April 2009 
where the price index was low. According to the data from Datastream, stock 
market in Malaysia has suffered huge losses such as a drop of around 686 points 
between 11th January 2008 and 29th October 2008. Along the period of October 
2008 until April 2009, the price index is recorded below 1000 percentage points. 
According to James et al. (2008), the crisis could transmit into the real economy 
of Malaysia through trade channel and financial channel. This is supported by 
Zainal Abidin and Rasiah (2009) where they have agreed that the Malaysia 
economy has been largely affected by this crisis through the contraction in 
aggregate demand which caused by the collapse in exports to the United States 
and slowdown of foreign direct investment (FDI). 
 
2 Literature Review 
 
There are many studies that have been carried out on the stock returns in different 
countries by using a specific model. The behaviour of the stock market may affect 
the investment decision of investors. The high or low volatility will be one of the 
determinants of investment. As high volatility in the stock market make investors 
facing a high risk in their investment, but high return at the same time. There were 
few effects present in the KLCI stock market. Angabini and Wasiuzzaman (2011) 
discovered volatility clustering effect in the KLCI stock market and sought the 
effects of the global financial crisis on the stock market. Frimpong and 
Oteng-Abayie (2006) discovered the Ghana Stock Exchange exist volatility 
clustering, leptokurtosis and asymmetry effect. Yeoh and Arsad (2010) analysed 
the spillover effects between developed stock market and ASEAN-5 stock 
markets. Mohd. Aminul Islam (2013) had also shown that all four Asian markets 
had leverage effects and volatility clustering effects. 
In these studies, we found some studies indicate that GARCH (1,1) was the best 
model in modelling the KLCI stock market such as study done by Angabini and 
Wasiuzzaman (2011), Kosapattarapim, Lin and McCrae (2011) and Frimpong and 
Oteng-Abayie (2006). Lim and Sek (2013) also capture that the best fitted 
GARCH model in crisis period was GARCH(1,1), but not in pre-crisis and 
post-crisis periods. However, Yeoh and Arsad had found the best model for 
Malaysia was ARMA(1,1)-EGARCH (1,1). 
 
There were few studies investigate the impacts of financial crisis on the stock 
market by separate the data into different periods such as pre-crisis, during crisis 
and post-crisis periods. Wong and Kok (2005) studied in a comparison of forecasting 
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models for ASEAN equity markets while Lim and Sek (2013) compared the stock 
market volatility in Malaysia. Both studies captured the stock market volatility 
during the Asian financial crisis in the ASEAN market. As a result, TGARCH had 
been shown that was the best forecasting performance model for Malaysia stock 
market of pre-crisis and post-crisis periods. In other words, it means that the 
Malaysian stock market had an asymmetric effect on pre-crisis and post crisis. 
 
3 Data and Methodology 
 
3.1 Data 
 
Data used in this study are the daily stock return in trading days of the FBMKLCI, 
period of July 2002 until the end of June 2014 which has total 2961 observations. 
In this study, the period of the global financial crisis used is from January 2008 
until the end of April 2009 (Zainal Abidin & Rasiah, 2009). There are 1363 
observations and 1273 observations for the pre-crisis period and post-crisis period, 
respectively. 
 
Stock returns in this study are calculated by using the logarithm ratio method. The 
price index of FBMKLCI in Datastream is compiled and been used. Let tP   
represents the price of the index at time t, 1tP−  is the price of the index at time t-1, 
and the returns index of stock, tr  at time t is calculated as (1) (Wong & Kok, 
2005): 
                       ( )1logt t tr P P−=                            (1) 
 
3.2 Methodology 
The autoregressive moving average (ARMA) process is a combination of 
autoregressive process and moving average process. The ARMA model is 
developed by Box and Jenkins in 1976. It is used to estimate the linear 
dependency of current returns on the past returns and the past errors. An 
ARMA(p,q) can be written as: 
 
            1 1 1 1     ,t t p t p t t q t qY Y Yφ φ θ θ− − − −= +…+ + + +…+E E E               (2) 
 
where p is the order of the autoregressive part and q is the order of the moving 
average part of the series. 
 
The Generalized Autoregressive Conditional Heteroscedasticity is proposed by 
Bollerslev in 1986. It is developed from ARCH (Engle, 1982) to GARCH. The 
GARCH(r,s) model is defined as: 
 

                   2 2 2
0

1 1

  ,
s r

t m t m n t n
m n

σ α α ε β σ− −
= =

= + +∑ ∑                    (3) 
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where 0 0,α >  0,α ≥  0β ≥  and tε  is an error term with zero mean. The tε  
are not autocorrelated over time and the 2

tσ  is the conditional variance of the 
returns at time t. The α is the weight assigned to 2

1tε −  and β is the weight assigned 
to 2

1.tσ −  With the stationary condition of GARCH(1,1), we should ensure 
1α β+ <  where α shows the short-run persistency or yesterday’s “news” about 

volatility and β shows the long-run persistency of the stock or the yesterday’s 
forecast variance. The value of sum of α and β close to 1 indicates that the data 
have a highly persistent effect or the volatility decays at a slow pace. The 
assumption of GARCH model is symmetric impact of positive and negative 
forecast error on the volatility. Half-life is measuring the number of days taken for 
the volatility to decay to half of its original value (Yeoh & Arsad, 2010). Half-life 
is calculated by the following equation: 
 

                
( ) ( )

log 0.5 log 0.5Half-life  ,
log logpersistency α β

= =
+

            (4) 

 
where 1.α β+ <  
 
From the assumption in GARCH process, GARCH model is symmetric as the 
positive forecast and the negative forecast error will give the same size impact of 
the volatility. However, financial data shows there is not symmetric impact on the 
volatility between positive and negative forecast error. EGARCH is proposing 
which include in measuring the asymmetric effect or called leverage effect. The 
EGARCH can be written as: 

                   2 2 1 1
1

1 1

log log .t t
t t

t t

w ε εσ δ σ γ τ
σ σ

− −
−

− −

= + + +             (5) 

 
Leverage effect is analysed by using τ  where τ  is the asymmetric coefficient. 
If the 0,τ <  there is leverage effect, if 0τ ≠  it shows the asymmetric effect. 
The persistency of the EGARCH is δ  which same as GARCH α β+ . For the 
stationary variance condition of EGARCH is 1δ < . 
 
 
4 Analysis and Discussion 
 
4.1 Model Identification 
The time series plot of whole period, pre-crisis period, and post-crisis period of 
returns are plotted and have been observed. The plots show the series are 
stationary in mean but not stationary in variance which means that variances are 
varies along the sample period. The autocorrelation function (ACF) and partial 
autocorrelation function (PACF) for three periods are also plotted. For the whole 
and pre-crisis period, the ACF and PACF do not follow any theoretical behaviour  
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of ACF and PACF of ARMA(p,q) process. However, the ACF and PACF for the 
post-crisis period show tailing off pattern and match with the theoretical 
behaviour of ACF and PACF for ARMA(p,q) process but the order of the model 
could not be identified from the ACF and PACF. Thus, further investigation will 
be carried out for the three periods in order to find a suitable model for each 
period. 
 
 
4.2 Model Selection 
 
The tentative ARMA, ARMA-GARCH and ARMA-EGARCH models are used to 
fit the data in each period. According to the principle of parsimony, all possible 
combinations of p and q are listed with the maximum value of p and q is 3 such 
that [p,q]=3. A total of 15 possible models are used in each period to test the 
significance of the coefficient, stationarity and invertibility condition, the 
independence of residuals and the ARCH effect. The 95% significance level is 
used in this study. Among the tentative model, all significant models for each 
period are listed and model with the smallest Bayesian Information Criterion (BIC) 
is chosen as the best tentative model (refer to Table 1). 
 
 
For the ARMA model, all tentative models show the existence of ARCH effect 
and this is as expected since the time series plots show the variances are vary. 
Therefore, the series fitting with GARCH and EGARCH models would be better 
than ARMA model. This can be seen from the value of BIC for ARMA-GARCH 
and ARMA-EGARCH is smaller than the ARMA model. For the 
ARMA-EGARCH model in post-crisis period, ARMA(0,2)-EGARCH(1,1) and 
ARMA(1,3)-EGARCH(1,1) models still exist ARCH effect. Thus, a combination 
of ARMA(0,2) and ARMA(1,3) model with a higher order of EGARCH model, 
EGARCH(1,2) and EGARCH(2,1) model is examined again. 
 
 
 

Table 1: Model selection on the significant model 
 

Period ARMA(p,q) BIC Selected Model 

Whole 

(3,0) 2.289409 √ 
(0,1) 2.289412  
(0,3) 2.292965  
(2,2) 2.292598  

Pre (3,0) 2.211455 √ 

Post 

(1,0) 1.713643 √ 
(0,1) 1.722225  
(1,2) 1.720556  
(3,2) 1.718532  
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Table 1: (Continued): Model selection on the significant model 
 
 

 ARMA(p,q)-GARCH(1,1)   
Whole (1,0) 2.010691 √ 

 (0,3) 2.014847  

Pre 

(1,0) 2.048387 √ 
(3,0) 2.048457  
(0,1) 2.049249  
(0,3) 2.054690  

 (1,1) 2.052530  

Post 
(1,0) 1.624016 √ 
(0,1) 1.627461  
(1,2) 1.633348  

 (2,3) 1.639911  
 ARMA(p,q)-EGARCH(1,1)   

Whole 

(1,0) 1.999391 √ 
(3,0) 2.000051  
(0,3) 2.003286  
(1,1) 2.001586  

Pre 
(1,0) 2.042633  
(3,0) 2.042429 √ 
(0.3) 2.048051  

Post 
 

(1,0) 1.616290 √ 
(0,1) 1.619456  
(2,1) 1.625000  

ARMA(0,2)-EGARCH(2,1) 1.624183  
ARMA(0,2)-EGARCH(1,2) 1.619482  

Note: “√” denotes the model selected 
 
 
For the ARMA model category, ARMA(3,0) is chosen as the best model in the 
whole period and pre-crisis period while the best model in post-crisis period is 
ARMA(1,0). For the GARCH model category, the best fitting model is the same 
for all 3 periods which is ARMA(1,0)-GARCH(1,1) model. For EGARCH(1,1) 
model category, the best model for the whole and post-crisis period is the same 
which is ARMA(1,0)-EGARCH(1,1) while the best model for the pre-crisis 
period is ARMA(3,0)-EGARCH(1,1). 
 
 
From the 9 selected best models, it can be seen that the model of whole period and 
pre-crisis period is the same but different with the model in the post-crisis period 
given that ARCH effect is not taken into account. This indicates that although the 
crisis has changed the model after crisis, but as overall, the whole period model is 
indifferent with the model before the crisis. After taking into account the volatility  
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of the returns by fitting with GARCH model, the same model for all periods 
implies that the crisis does not give much impact to such an extent that the model 
is different in different periods. 
 
 
By fitting EGARCH, the model is slightly different from the model fitting with 
GARCH model. The pre-crisis period is best fitted with a higher order of 
ARMA-EGARCH model compared to other 2 periods. This indicates that before 
the financial crisis, the returns was depending on more previous day’s returns. 
After the crisis, today returns only depends on the yesterday returns. In conclusion, 
by fitting ARMA-GARCH model, the model is not influenced by the crisis but if 
the returns is fitting with ARMA model only or fitting with ARMA-EGARCH 
model, then the models have been influenced. 
 
 
In order to choose the best model in each period among the 3 categories, 
ARMA-EGARCH is considered for every period. ARMA(1,0)-EGARCH(1,1) is 
chosen as the best model for whole period and post-crisis period while the best 
model for the pre-crisis period is ARMA(3,0)-EGARCH(1,1). As overall, 
ARMA(p,q)-EGARCH(1,1) model is the best model for all three periods. 
 
 
4.3 Parameter Estimation 
 
From the Table 2, it can be clearly seen that the returns in all models depend on 
the past returns but totally not depend on the past errors. For the ARMA 
component for all periods, the returns in some models of whole and pre-crisis are 
affected by the previous three days’ returns. However, only the previous day and 
the three days ago returns show significant impact meanwhile the two days ago 
returns show insignificant at 5% level. Thus, the effect of the second previous 
returns is negligible. The returns in the post-crisis period model show the current 
returns are only depend on the previous returns. This indicates that the crisis has 
given impacts in the stock market in Malaysia where the returns after the crisis 
(post-crisis period) has only depends on the previous returns which is depend 
fewer returns compared to pre-crisis period model. Furthermore, the returns 
dependency on the previous returns in post-crisis period model is smaller 
compared to the whole and pre-crisis period model where the coefficients show a 
smaller value. 
 
 
For the GARCH component in whole and pre-crisis period, all of the coefficients 
show the unexpected news (α) causes the conditional variance to change for 0.13. 
However, the magnitude of the coefficient of unexpected news is lower in the 
post-crisis period which is 0.09. This implies that after the crisis, the unexpected 
news is less effect to the next day returns. The coefficient of previous day expected 
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variance (β) is the same for all period models which is between 0.84 until 0.86. In 
addition, all the 1α β+ <  and this indicates that the conditional variance in 
returns is stationary. 
 
4.4 Forecasting 
 
The model of the whole period and post-crisis period is chosen for forecasting 
purposes. This is because the comparison of the forecasting performances could 
be carried out by using the same forecasting sample period. The forecast period is 
covered from July 2014 until end of March 2015 with total 182 trading days. The 
actual returns are collected in order to compare with the forecast result. 
 
 

Table 3: Measuring Forecasting Error for Whole and Post-crisis period 
 

Measuring 
Forecasting 

Error 

Period 

Whole Post-crisis 

Root Mean 
Squared Error 81.834425 81.79425 

Mean Absolute 
Error 66.53776 66.49417 

Mean Absolute 
Percent Error 3.735498 3.733085 

 
 
From the Table 3, the smaller value of the root mean squared error, mean absolute 
error and mean absolute percent error indicating the smaller error between the 
forecast value and the actual value. This suggests that a smaller value of 
measuring forecasting error has a better forecast performance. All measuring 
forecast error tools have shown that the post-crisis period model have the smaller 
the forecast error. Thus, it can be concluded that the post-crisis period model has a 
better forecast performance. 
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Table 2: Parameter estimation for the selected best model 
 
 
 
 
 
 

Period Model 1φ   2φ  3φ  α β γ δ τ Persistency Half-life 

Whole 

ARMA(3,0) 0.1320* 
(0.0000) 

-0.0135 
(0.4666) 

0.0469* 
(0.0106) - - - - - - - 

ARMA(1,0)-GARCH(1,1) 0.1511* 
(0.0000) - - 0.1282* 

(0.0000) 
0.8528* 
(0.0000) - - - 0.9810 36.17 

ARMA(1,0)-EGARCH(1,1) 0.1539* 
(0.0000) - - - - 0.2167* 

(0.0000) 
0.9686* 
(0.0000) 

-0.0761* 
(0.0000) 0.9686 21.72 

Pre 

ARMA(3,0) 0.1637* 
(0.0000) 

-0.0159 
(0.5598) 

0.0826* 
(0.0022) - - - - - - - 

ARMA(1,0)-GARCH(1,1) 0.1715* 
(0.0000) - - 0.1281* 

(0.0000) 
0.8369* 
(0.0000) - - - 0.9650 19.45 

ARMA(3,0)-EGARCH(1,1) 0.1624* 
(0.0000) 

0.0064 
(0.8155) 

0.0757* 
(0.0064) - - 0.2297* 

(0.0000) 
0.9582* 
(0.0000) 

-0.0565* 
(0.0001) 0.9582 16.22 

Post 

ARMA(1,0) 0.1310* 
(0.0000) - - - - - - - - - 

ARMA(1,0)-GARCH(1,1) 0.1305* 
(0.0000) - - 0.0896* 

(0.0000) 
0.8579* 
(0.0000) - - - 0.9475 12.85 

ARMA(1,0)-EGARCH(1,1) 0.1334* 
(0.0000) - - - - 0.1605* 

(0.0000) 
0.9527* 
(0.0000) 

-0.0860* 
(0.0000) 0.9527 14.31 
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5. Conclusion 
 
After doing several tests, it is found that ARMA(1,0)-EGARCH(1,1) is the best 
model for the whole period which including the financial crisis. For the pre-crisis 
period, ARMA(3,0)-EGARCH(1,1) model is found to be the best fitted model 
while ARMA(1,0)-EGARCH(1,1) model is the best model for the post-crisis 
period series. It can be seen that the best model for the pre-crisis period and 
post-crisis period is different indicating the financial crisis has affected the stock 
market in Malaysia. Returns on the Malaysia stock market have become less 
dependent on the previous returns after the crisis. From the chosen best model, it 
can be seen that the leverage effect exists and in a negative value for every period. 
This indicates that the bad news causes the returns’ volatility increase larger than 
the volatility increases caused by the good news. In addition, the existence of 
asymmetric effect suggesting that the impacts of bad news and good news is 
different to the returns in Malaysia. 
 
Furthermore, the value of persistency for all periods are close to 1 but the value in 
the whole period shows very close to 1 among other periods. This implies that the 
volatility decays very slow in whole period among other periods. This is 
supported by the highest value of half-life in the whole period among other 
periods which implies that the volatility of whole period takes the longest time to 
reduce the volatility to half of the original value. 
 
The forecasting is carried out for the whole and post-crisis period. There are total 
182 daily returns to forecast which covered from July 2014 to end of March 2015. 
All measuring forecast error tool in post-crisis period shows a smaller value 
compared to whole period’s value. Therefore, the post-crisis period model can be 
concluded that it has better forecast performances compared to the whole period 
model. 
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