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Abstract 
This study examines the co-movement among equity sector returns of the Malaysian capital 
market. The relationship is investigated using Correlation-based on Ordinary Least Square 
(OLS) and Multivariate-GARCH Dynamic Conditional Correlation (DCC) to examines the 
volatilities and correlations of sectoral equity indexes. The study uses daily data that ranges 
from 5 February 1999 to 6 February 2019. The OLS result reveal that there is a strong co-
movement between sectoral equity and the stock market prices except in tin and mining 
sector. While time-varying correlations among sectoral indexes are estimated using MGARCH-
DCC, the empirical results from this analysis show that the plantation, properties and tin and 
mining sectors have negative unconditional correlation with the stock market, which is a good 
sign of diversification advantages. The findings have important implications helping portfolio 
managers and investors to understand the co-movement of equity sectors and then formulate 
policy measures that encourage better portfolio diversification.  
Keywords: Co-Movement, Equity, Multivariate GARCH, Volatility, Investment 
 
Introduction  
The co-movement of returns risks in the equity markets has impacted effective portfolio 
diversification (Marfatia, 2017). In particular, the co-movement of risk has been the main 
issue among investors, regulators, and academic researchers. Also, it is important to 
distinguish the time horizon of investment due to the risk differences among short-term and 
long-term investments for the planning of investment strategies and portfolio diversification 
strategy (Candelon, Piplack, & Straetmans, 2008). 
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Literature review on the co-movement of equity market returns has to go through dynamic 
changes over time can be found, for instance in (Bekaert & Harvey, 1995). One of the 
limitations observed from this literature is that it does not differentiate the co-movement of 
risks based on investment horizons. Thus, Barun (2015) argued that the diversification of risk 
is possible when there is a difference in investment horizons.  A few previous research 
documented the stock market's co-movement based on their time-domain but not on the 
integration frequency domain. Those studies that undertook a time-frequency domain 
approach into the analysis are mainly limited to the returns level (Bouri, Gupta, Hosseini, & 
Lau, 2018; Kim & Sun, 2017; Mazouz, Mohamed, & Saadouni, 2016). 
 
Researchers who have assessed the volatility linkages across the market have measured the 
linkages' level through historical volatility measure (Ahmad, Mishra, & Daly, 2018; Mensi et 
al., 2017). They have used GARCH as the basis for the framework measure, but the measure 
cannot capture the investor's expectation of future equity market volatility. Thus, some 
scholars have introduced different volatility transmission measures to capture a dimension of 
investor's predictability. Investor's predictability is a multidimensional phenomenon; 
recently, Bouri et al. (2018) paid attention to the implied volatility indices. However, the 
measure does not capture the portfolio diversification implication as they measure the inter-
market (Bouri et al., 2018).   
 
The article is organized as follows. Section 2 briefly review the relevant literature on co-
movement. Section 3 elaborates the methodology and data. Section 4 presents empirical 
results and discussion. Section 5 covers conclusion and policy recommendations. 
 
Literature Review 
The importance of portfolio weighted in developing a well-diversified asset allocation can be 
seen from the study by Aliu et al. (2017), which examined the risk and return trade-off of the 
automotive industry. The study used a correlation-based method to test the portfolio 
optimization theory through investment in the same industry. The research found that 
investment in the same sector did not provide risk diversification, but the investors still 
benefited from risk and return trade-off. Mohamed Dahir, Mahat, Ab Razak, and Bany-Ariffin 
(2018) investigated the correlation between exchange rates and stock returns using wavelet 
analysis. Their findings suggested that the exchange rates correlate positively with 
conventional stock returns.  
 
Jiang, Yu and Hashmi (2017) compared the impact of the global financial crises on 
conventional equity indexes of the six countries, namely China, Hong Kong, Japan, Germany, 
UK, and the USA, using the vector auto-regression (VAR) model and the Granger causality test 
for a sample of equity indices from 2007 to 2009. The findings showed that the financial crisis 
was negatively associated with the global equity market; that is, the global equity market 
returns decreased as the financial crisis increased. This pattern suggests that the general co-
movements of global stock markets slowly adjust their co-movement level while the potential 
loss of their earning is remarkably high in some economies. 
 
Using a sample of conventional stocks measured by Nikkei 225 of Japan, Strait Times Index of 
Singapore, Hang Seng Index of Hong Kong, and Shanghai Composite Index of China, Sun and 
Xu (2018) provided evidence of co-movement in weekly Asian financial market stock returns 
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by investigating time-varying correlations and lead-lag relationship in returns over the period 
2000-2013. Using the Coherence Morlet Wavelet analysis, the results showed a strong co-
movement between the stocks indices headquartered in the same geographical location in 
the long-term level. The same work also showed that the co-movement during a financial 
crisis was unstable in various time scales. Greenwood (2008) studied the relations between 
overweighting and the co-movement of a Nikkei 225 stock index with other stocks in the index 
using ordinary least square regression as the analysis method in Japan for a sample of 1458 
Japanese stock from 1993 to 2003. His findings showed that index overweighting had a 
positive and negative association with co-movement; that is, the positive relationship 
between index overweighting and co-movement as the index increased overweighting among 
stocks in the Nikkei index. On the other hand, index overweighting had an antagonistic 
relationship as the index decreased overweighting among stocks outside of the Nikkei index.  
 
Al-yahyaee et al (2020) used the CAPM-EGARCH model and the wavelet analysis to test 20 
types of sectoral indices of Islamic and conventional in the US stock exchange covering the 
basic material, consumer services, consumer goods, energy, financial, healthcare, industries, 
technology, telecommunication, and utilities; they found several significant findings. Firstly, 
the results illustrated a strong positive correlation between various sectoral indices. In 
contrast, the most significant co-movements of returns over time and across investment 
horizons were technology, telecommunications, basic materials, and consumer goods 
sectors. It was found that both Islamic and conventional assets sectors of consumer goods, 
energy, financial, healthcare, and telecommunications sectors offered portfolio 
diversification benefits during all sample periods. 
 
Methodology of Research 
In this section, the study implements the correlation-based on Ordinary Least Square (OLS) 
and MGARCH-DCC. For this objective, the study investigated the daily co-movement between 
sectoral assets return and the composite index. Specifically, the study investigated the co-
movement of sectoral equity of consumer, construction, finance, industrial, industrial 
product, plantation, properties, tin and mining and trade and services. The study began the 
analysis by considering the correlation-based model to test the inter-asset relationship among 
the variables of interest following the conventions of Christoffersen et al (2014); Dimic et al 
(2016); Cho et al (2016). Next, following the investigation of the co-movement patterns 
between equity sectors and their changes over time using the model to capture the dynamic 
relationship between equity sectors. 
 
Correlation-based Analysis 
The study began the analysis by considering the correlation-based model to test the inter-
asset relationship among the variables of interest following the conventions of Christoffersen 
et al (2014); Dimic et al (2016);  Cho et al (2016). The first equation represents the time-
variation in correlation on the set of variables identified in the previous literature. The study 
first described the data sets used and briefly discussed the univariate model. The daily stock 
return was calculated as the natural logarithm of the price index relative. Subsequently, the 
study measured the dispersion in correlations across pairs of assets at each point in time and 
check whether this dispersion has changed over time. The equity sector return was computed 
as the first difference of the logarithm of daily indexes times 100. In other words, the formula 
for equity sector returns can be written as follows: 
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R=100×log(Pt/(Pt-1))                     
(1)  
                
Where Rt indicates the stock returns and P represents stock index levels at the time (t) and 
(t−1). 
 
The study investigated the relationship between equity returns and composite index using 
correlation-based on Ordinary Least Square (OLS). The analysis was used to test the inter-
asset relationship among the capital market. In order to see how the cross-correlation trends 
change with time. The correlation coefficient is defined as: 
 

ρik = covariance (i,k) 
standard deviation i × standard deviation k 

                     
(2) 

ρik = σik 

        σiσk  

Mgarch-Dcc 
The empirical analysis started with the investigation of the co-movement patterns between 
equity sectors and composite index and their changes over time. GARCH analysis can be used 
to detect stylized facts of financial time series namely volatility clustering and fat tails. It has 
been applied to volatility modelling. In addition, the Multivariate Generalized Autoregressive 
Conditional Heteroskedasticity (MGARCH) model is widely used for portfolio optimization, 
pricing of assets and derivatives, computation of the value at risk (VaR), futures hedging, 
volatility transmitting and asset allocation (Minovi & Simeunovi, 2002). 
 
Engle (2002) develops the dynamic conditional correlation (DCC)-GARCH model, which offers 
flexibility to simultaneously model the multivariate conditional volatility of stock returns and 
their time-varying correlations. The DCC is a multivariate GARCH model in which correlation 
are time-varying according to autoregressive specification. Engle (2002) develop two-step 
namely estimation of univariate GARCH model for each series and dynamic conditional 
correlations from standardized residuals.  
 
𝐻𝑡 =  𝐷𝑡𝑅𝑡𝐷𝑡                         
(3) 
In equation 2, 𝐻𝑡  is the n×n conditional covariance matrix, 𝑅𝑡  is the dynamic correlation 
matrix and 𝐷𝑡 is a diagonal matrix with time- varying standard deviations. 
 
𝐷𝑡 =diag (h111/2, … hkkt1/2) 
Rt  = diag (q11t -1/2 …….qkkt -1/2)Qt diag (q11t -1/2 …….qkkt -1/2)  
where 𝑄𝑡 is a symmetric positive definite matrix: 
𝑄𝑡 = (1 − 𝜃1− 𝜃2) 𝑄̅ + 𝜃1𝜀𝑡−1𝜀𝑡́−1 + 𝜃2𝜃𝑡−1               
(4) 
𝑄̅  is the n×n unconditional correlation matrix of the standardized residuals 𝜀𝑖𝑡 . The 
parameters 𝜃1 and  𝜃2 are non-negative with a sum of less than unity. The study calculate the 
conditional correlation at time t as: 



INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 1 , No. 9, 2021, E-ISSN: 2222-6990 © 2021 

642 

𝜌𝑖𝑗,𝑡 =
𝑞𝑖𝑗,𝑡

√𝑞𝑖𝑖,𝑡𝑞𝑗𝑗,𝑡
 , Ɐ i,j = 1, ………,n, i ≠ j                 

(5) 
 
The Quasi-Maximum Likelihood Estimation (QMLE) is used to estimate the model. This rich 
conditional correlation parameterization allows examining the co-movement of one market 
with each other market and inferring how the dependence evolves over time. As a result, the 
least correlated stock indices would offer better diversification benefit to investors.  
 
Data 
The data used in this study consists of sectoral equity indices and stock market index. The 
paper uses daily data that ranges from 5 February 1999 to 6 February 2019 extracted from 
Thomson Reuters DataStream. The sectors breakdown is according to the Securities 
Commission of Malaysia classification. The sample sectors consist of consumer product 
(LCONP), construction (LCONS), finance (LFIN), industrial (LIND), industrial product (LINDP), 
plantations (LPLNT), properties (LPRO), tin and mining (LTNM) and trade and services (LTNS). 
In addition, the used of sector portfolios would minimize the impact of any survivorship bias 
or look-ahead bias. In addition, sector portfolios are useful in this context because of the wide 
variability in business cycles and risk properties across the firms over these sectors (Faff, 
Hillier & Hillier, 2000). The study used the daily frequency data due to following reasons, first, 
more complete information on the dynamic conditional correlation than the monthly data. 
More specifically, using the daily frequency data is more useful for investors to build an 
optimal portfolio and generate economic gains. On the other hand, Mensi, Hammoudeh, and 
Kang (2017) document that a daily data model is a better predictor of returns than a monthly 
data model.  
 
Empirical Results  
In this section, the study analyzed the unconditional correlation between equity sectors 
return and stock market index by calculating the linear correlation coefficient. Then, the 
computation of cross-asset correlations using DCC-MGARCH followed. The correlation 
coefficient between the change in asset price and the change in equity index was computed. 
The correlation results explained the degree of co-movement between two variables. The 
value of correlation ranged between -1 and +1, where -1 means perfect negative correlation 
and +1 means perfect positive correlation. 
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Table 1 
Descriptive Statistics of Sectoral Indices 

 Mean Std. Dev. Skewness Kurtosis Jarque-Bera Observations 

KLCI 0.007 0.353 -0.659 14.277 27356.990*** 5093.000 
LCONP 0.012 0.283 -0.583 12.959 21334.080*** 5093.000 
LCONS -0.003 0.563 -1.093 19.397 58071.370*** 5093.000 
LFIN 0.009 0.409 -0.390 13.465 23369.250*** 5093.000 
LIND 0.008 0.349 -0.422 14.750 29450.150*** 5093.000 
LINDP 0.006 0.377 -0.789 13.300 23043.220*** 5093.000 
LPLNT 0.013 0.426 -0.357 18.804 53108.020*** 5093.000 
LPRO -0.001 0.467 -0.566 14.835 29996.540*** 5093.000 
LTNM 0.010 1.136 2.057 67.571 888369.200*** 5093.000 
LTNS 0.005 0.382 -0.518 14.660 29078.530*** 5093.000 

Statistical significance at *p<0.05, **p<0.01, and ***p<0.001 
Standard deviations (std. dev.)  
 
Table 1 shows the descriptive statistics of returns for sectoral indices and market return. With 
regard to sectoral indices, it appears that the volatility represented by the standard deviation 
is the highest for tin and mining sector and the lowest volatility for the consumer product. 
The average daily returns are relatively small than standard deviation, but the technology 
sector indicated the lowest average returns and highest volatility among the selected sectors. 
The skewness was negative for all selected sectors except in tin and mining sector. The finding 
in line with previous study of Mensah and Premaratne (2017) which found the banking sector 
negatively skewed. As a result, based on Jarque-Bera statistic, the study rejected the null 
hypothesis demonstrating that the data were normally distributed in all series.  
 
Correlation Analysis  
The relationship between equity returns and composite index is investigated using 
correlation-based on Ordinary Least Square (OLS). The paper uses daily data in the period of 
1999 to 2019. The OLS result indicated that majority of sectoral equity have higher correlation 
with the composite index except in tin and mining sector as shown in Table 2. 
 
Table 2  
Correlation Matrix Analysis 

 KLCI LCONP LCONS LFIN LIND LINDP LPLNT LPRO LTNM LTNS 

KLCI 1          
LCONP 0.721 1         
LCONS 0.722 0.571 1        
LFIN 0.894 0.633 0.674 1       
LIND 0.803 0.698 0.588 0.658 1      
LINDP 0.775 0.643 0.677 0.696 0.701 1     
LPLNT 0.688 0.534 0.530 0.566 0.572 0.563 1    
LPRO 0.712 0.623 0.726 0.691 0.586 0.733 0.545 1   
LTNM 0.243 0.244 0.256 0.239 0.206 0.268 0.205 0.290 1  
LTNS 0.938 0.648 0.688 0.788 0.783 0.727 0.592 0.704 0.240 1 
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The Estimated Conditional Volatilities of Equity Sector Return and Composite Index 
Figure 1 illustrates the time-varying properties of conditional volatilities of the equity sectors 
return with the Malaysian composite index. The figure shows that the consumer product 
sector has the lowest volatility whereas the tin and mining sector have the highest volatility. 
The equity sectors return and composite index follow the same trend, with composite index 
moving closely together except in tin and mining sector. The tin and mining sector are affected 
by the financial crisis while other equity sectors are less affected. The other equity sector 
could be a better option in terms of portfolio diversification for investors in equity markets 
because of its low volatility.  
 

 
Figure 1. Conditional volatilities of Malaysian equity sector return and composite index 

 
The Estimated Conditional Correlations of Equity Sector Return and Composite Index 
Figure 2 presents DCC–GARCH model of Engle (2002) and reveals the conditional correlation 
of the equity sectors return with the Malaysian composite index. The result highlights that 
the three sector indexes namely tin and mining, plantation and properties are weakly 
correlated with the composite index. At the beginning of 2000, the correlation among these 
indexes was very low and positive; afterward, it turned negative during 2000, which is a very 
attractive option for investors in these equity market. By contrast, the tin and mining sector 
have low correlation with the composite index, but the correlation increased at the beginning 
of 1999, after which it declined and even became negative at the end of 2018. Meanwhile, 
other sectors in this figure, the lines move up and down, which indicates that correlations 
among these indexes vary over time.  
 
The results reveal that the correlation coefficients are the highest in trade and service sector. 
They vary between 0.297 for tin and mining sector to 0.947 for trade and services sector. The 
estimated correlation coefficients for the equity sectors are mostly significant. Since 
diversification potential is closely related to correlation levels, the evidence of the low cross-
sector correlations in equity market suggests that the inclusion of these sector may help 
reduce the risk of the portfolio. 
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Figure 2. Conditional correlations of Malaysian equity sector return with composite index 
 
Conclusion 
The time-frequency domain analysis conducted in this paper can benefits from the portfolio 
diversification with the sectoral indices in Malaysia. A discussion on the dynamic relationship 
of return in Malaysian equities among comprehensive sector is rare in the field of finance. 
This study provides new insight into the co-movement and lead/lag relationship among 
Malaysian equities sectors from 1999 to 2019. To analyze the issue in detail, this study has 
distinguished the time-frequency relationship between sector return by using continuous 
wavelet approach and MGARCH-DCC.  
 
The results of the study highlight that MGARCH-DCC illustrates higher co-movement between 
equity sector returns with the Malaysian composite index returns during the sample period. 
The finding reveals that majority of sectors strongly co-move. In terms of conditional 
correlation, the tin and mining, plantation and properties sectors are suitable for equity 
investors because of very low correlation. Moreover, the three sectors have negative 
conditional correlation with the composite index, which is a good sign for gaining 
diversification benefits for retail and institutional investors. Overall, the correlation of equity 
sector indexes are vary over time. After analyzing the developed bond market, Poynter et al. 
(2013) recommends that sectoral diversification benefits can be gained for investors with 
long-term investment horizons for their equity investments, which is similar to the findings of 
this study.  
 
Further research should examine the co-movement of risk through the co-movement on a 
sectoral level.  Although most of the previous studies have been focusing on the co-movement 
of country-level market indices, much less is known at sector levels. Therefore, a deeper 
understanding of risk and return behavior of such equity indices, and, in particular, their 
determinants, can help sustain the increasing interest of investors in the industry.  
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