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Abstract
This paper examines the relationship between sectoral equity index returns with the composite index in the

Malaysian stock market over the period of 1999 to 2019. The wavelet method has been used to decompose
equity returns into different time series frequencies and Multivariate-GARCH Dynamic Conditional Correlation
(DCC) to examine the volatilities and correlations of equity indexes. The wavelet coherence analysis indicates
a higher co-movement between returns on sectoral equity index with returns on the Malaysian stock index
during sample period. The results suggest that the return of the equity sector leads stock market returns
except for industrial, plantation, tin mining and trade and services. There is also overall increase of short,
medium and long-run co-movement between equity sector and market returns. Moreover, the plantation,
properties and tin and mining sector have negative unconditional correlation with the stock market, which is
a good sign of diversification benefits. The findings highlight the importance of taking into consideration the
time and frequency-varying properties as investors can minimize risk through diversification.
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1. Introduction

The interdependence and contagion of financial markets are widely researched topic in empirical
finance (Shahzad et al., 2017). The interdependence of financial markets measures financial integration and
globalization of economy. For instance, for the last decades, many developing countries have removed
gradually financial and economic barriers which led to greater financial integration (Hillier & Loncan, 2019).
The comovement among the global equity markets has recently attracted international investors and
understanding of their economic features plays an important role in the empirical finance, namely asset
pricing, risk management, and hedging. More specifically, returns of market indices, sectoral indices and
individual indices have become relatively important (Balli & Balli, 2011). For example, when the
international stock markets exhibit weak comovement, it implies that there are high diversification benefits
and risk sharing. In contrast, strong comovements suggest that there is limited opportunity for portfolio
diversification which increases the portfolio risk (Balli & Balli, 2011). Additionally, the evidence shows
contagion which influences the financial markets. Indeed, the contagion effect refers to sudden increase in
short-term comovement. It involves in events about finance and real economy can spread over the
different markets which then consequences real economy (Chen et al., 2017). Therefore, understanding
comovement of sector level stock returns is essential for equity markets. It enables investors, both local
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and foreign, to access investment opportunities in global equity markets to pool their risks, generating high
returns and reducing risks. It limits fluctuations in domestic economic development. Put it differently, it is
essential for global diversification, allocation of assets and risk management (Kim & Sun, 2017).

Previous studies that have been investigated the equity markets at country level are vast; however,
research on sector level of developing economies has not received adequate research attention. Therefore,
we attempt to analyze the dynamic interdependence among sectoral stock indices using time-frequency
analysis. We focus on sector-level stock indices of developing countries, especially Malaysia. Sector analysis
can provide clear understanding regarding heterogeneity and sensitivity of particular stock to other.
Malaysian stock market is one of pioneer which investors can invest (Liew et al., 2018). Despite the
economic importance of developing countries, international investors devote attention to developing
countries, seeking high returns and stability and these markets usually offer diversification opportunity
(Zaremba & Maydybura, 2019). Notably, the research on sector based returns possesses advantages over
the stock markets at country level (Chen et al., 2017; Kim & Sun, 2017). These include: higher diversification
benefits, higher performances and display of heterogeneity among sectoral stock indices.

The paper uses wavelet analysis and MGARCH-DCC approach to extend the existing literature on
interdependence and contagion of sector stock returns in Malaysia. This wavelet method is suitable as it
allows better understanding of comovement among financial markets (Albulescu et al., 2015; Shahzad et
al., 2017). It is a unique time-varying framework that can analyze the interdependence of sector-based
stock returns at multiple time and frequency domains. The approach is multiresolution decomposition as it
decomposes time series into time-frequency space. Additionally, it not only captures time-varying
information of interdependence of sector stock returns but also provides different time-scales, which
enables the researchers to identify the specific scales that contribute most to variability and variations of
domains over time (Torrence & Compo, 1998). To put it differently, wavelet analysis provides useful insight
on empirical problem, enabling one to identify the interdependence and contagion by using time-frequency
space analysis (Yang et al., 2016).

We use wavelet analysis, novel methodology, to examine the interdependence among sector indices
using returns of sector stocks. The new approach outperforms the standard time series techniques, namely
regression, Autoregressive Distributed Lad model (ARDL), Co-integration and Error Correction Model,
Granger causality and Vector Autoregression (VAR). First, a drawback of applying standard models is that
they require the time series to be stationary. In this regard, we may lose useful insight regarding real
features governing returns of sector indices. Any techniques that require transformation of data can
provide biased estimates, leading to wrong interpretations. Based on biased and conflicting results, it
cannot be drawn from policy implications. Second disadvantage of these methods is that they allow only
two scales (short-run and long-run effects).

Wavelet analysis overcomes the mentioned limitations. The approach is more flexible as it
accommodates both stationary and non-stationary time series. It does not require data transformation,
protecting completely the loss of useful information that the time series data contains. The ability of
wavelet analysis is that it can be applied without imposing restrictions to signal (Sharif et al., 2017).

2. Literature review

Co-movement of financial assets has been investigated in numerous influential studies. The aim is to
understand the interdependence of two or more financial markets or assets; however, the recent studies
on co-movement analysis have concentrated on aggregate level without focusing on sector level analysis.
Specifically, studies with methodologies similar to this study except in Benlagha (2014) for French bond
portfolio only and Erdogan et al. (2013) for stock and maritime sector index; the latter studies of Chen et al.
(2017) for healthcare sector index and US, UK and Germany stock market, el Alaoui et al., (2014) for Dubai
financial stock market index and Aloui, Hammoudeh, and Hamida (2015) for Islamic Stock and Sukuk have
all remarked that the markets in question experiences a process of co-movement in varying degrees. An
associated finding is that the benefits of portfolio diversification vary across frequencies and time. The
empirical studies have stated that the high level of co-movement related to a lower degree of
diversification benefits. Therefore, the strong correlation between the sectors under investigation indicated
lower diversification benefits.
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Several studies demonstrate to the limited diversification benefits of stock market. Marfatia (2017),
Mensi et al. (2017), Mimouni et al., (2016) investigate the different geographical region correlation.
Researchers have mentioned significant co-movement between developed markets and emerging markets
(Buchanan et al., 2011; Marfatia, 2017), developed and BRICS stock market (Mimouni et al., 2016;
Mohamed Dahir et al., 2018) and Gulf Cooperation Council countries (Mensi et al., 2017). However, the
measure do not capture the level of portfolio diversification implication as they measure inter market
(Mensi et al., 2017; Buchanan et al., 2011). Therefore, as highlighted in Buchanan et al. (2011), it is possible
to investigate effective of diversification in capital market investment on different type of asset class, and
improve the investor’s portfolio decision (Mensi et al., 2017). This shows, there is a need to analyze the co-
movement of stock return and volatility at the sectoral level which is relatively less explored in the
literature.

Relatively few studies have examined co-movements using sectoral returns, and most of these
employed individual sector analysis. Chen et al. (2017) examined health care sector index; Ben-Salha et al.,
(2018) and Vacha & Barunik (2012) US energy sector; Reboredo & Uddin (2016) metal sector; Hiang Liow
(2012) and Liow and Angela (2017) real estate sector, Mensah and Premaratne (2017) banking sector and
Pal & Mitra (2019) automobile sector. In fact, this paper emphasizes that previous study on co-movement
of specific sector suggesting conflicting findings. For example, Hargis & Jianping (2006) show that a shift in
factor importance from country to industry. Rehman & Shah (2016) confirm the sector varying coefficients,
indicating the sectoral riskiness varies, suggesting for future sectoral stock market investment portfolio
(Poynter et al., 2013). The paper to apply wavelet analysis method in this context was Ben-Salha et al.
(2018). They find significant co-movement of energy consumption with US industrial sector under high
frequency band. Applying the same methodology, Chen et al. (2017), considering the cross-market
correlation of the health care sector. They applied three different approaches of wavelet analysis and find
that health care sector in US have a statistically significant only for long run. Therefore, the investors can
follow the health care price pattern of US to predict future price of health care stock price.

Graham & Nikkinen (2011) first proposed the use of wavelets to estimate the co-movement of
international stock markets from European countries. They estimate the return of each stock annually for
three-dimensional wavelet coherency approach using weekly returns for the period January 1999 to
October 2009 for stock that was in the Morgan Stanley Capital International. They find that the co-
movement is stronger at higher frequencies. Kallberg & Pasquariello (2008) examine the co-movement of
US stock market indexes. Their data set consists of 82 industry indexes from January 1976 through
December 2001. They also examine the co-movement among the indices at weekly level by using FGLS
rolling regressions. However, they find contradict finding that co-movement of stock markets changes is
not significantly in time. Among the studies that explore sector wise-stock return, Poynter et al. (2013)
suggest that there are interrelationship between different sector indices in US. Recent research that
demonstrate the empirical support that investment horizon among investors matters in credit and stock
markets is found in Shahzad et al. (2018) and Shahzad et al. (2017), in equity and bond market (Sakemoto,
2018). However, the literature reveals a deficiency. Wavelets estimates of return did not consider
comprehensive sector level analysis. As evidence on previous finding limited to develop countries and
individual sector level only.

In summary, this paper fills an important gap in the important of capturing differences in investor
horizons. Thus, there is a need to be made between short-term long-term investors. The empirical results
have practical implications for portfolio managers in asset allocation to different sectors and risk
management. A wavelet approach for estimating market return has been utilised in this study. Wavelet
analysis makes it possible to identify regions in a time-frequency space where two stock market are co-vary
indicating the benefits of portfolio diversification are decrease.

3. Methodology of research
3.1. Wavelet coherence

To identify the dependence between two time series in the time and frequency domains, there are
three approaches that can be applied. These include cross-wavelet power, wavelet power spectrum and
cross- wavelet transform (Graham & Nikkinen, 2011). The wavelet power spectrum (WPS) measures the
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variance of single wavelet that detects and measures the relations between two time series, the cross-
wavelet power assesses the covariance of the time series while the cross-wavelet transform can control the
dependences of frequency and time between two time series. According Aguiar-conraria et al. (2008)
defined wavelet coherence (WTC) as “the ratio of the cross-spectrum to the product of the spectrum of
each series, and can be thought of as the local correlation (both in frequency and time), between two time
series”. The wavelet coherence is expressed in terms coefficient of correlation of time-frequency space. We
define the wavelet coherence as follows:

| fsewref
S(sW, (s)[e S(s7W,' (S)\Z) (1)

Where R? represents for wavelet coherency and S is for a smoothing operator. Interestingly, the
value of wavelet coherence ranges from 0 to 1. It is a localized correlation coefficient in time-frequency
space and also is useful technique for analysis of co-movements across two time series. The wavelet
coherency can be interpreted similarly to the correlation coefficient suggesting strong dependence when
the value is close to 1 and weak dependence when the value is close to 0. Likewise, the wavelet power
spectrum explains the variance of a time series and covariance which capture cross wavelet power
between two-time series at each scale or frequency. If the variance of a time series becomes large, the
wavelet suggests that the existence of sizeable power spectrum. The statistical significance of wavelet
coherence coefficient is estimated using Monte Carlo simulation, though little is known its theoretical
contribution (Torrence & Compo, 1998).

2
n

3.2. 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.

H. = D.R.D, (2)

In equation 2, H, is the nxn conditional covariance matrix, R is the dynamic correlation matrix and
D, is a diagonal matrix with time- varying standard deviations.

D: =giag (h111/2, ... hkkt1/2)

Rt =diag (q11t-1/2 ....... gkkt -1/2)Qt diag (q11t -1/2 .......qkkt -1/2)

Where Qe is a symmetric positive definite matrix:
Qe =(1—6,—05)Q+ 018 161+ 0,04 (3)

Q is the nxn unconditional correlation matrix of the standardized residuals €it. The parameters 6,

and 0 are non-negative with a sum of less than unity. The study calculates the conditional correlation at
time t as:
qijt
Pije o iedjit yii=1,. ..., i#] (4)
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
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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.

3.3. Data and Descriptive Statistics

The data used in this study consists of sectoral equity indices and stock market indexes. The paper
uses daily data that ranges from 5 February 1999 to 6 February 2019 extracted from Thomson Reuters
DataStream. The sector breakdown is according to the Securities Commission of Malaysia classification.
Thus, the overall sector for stock market consists of fourteen sectors namely construction, consumer
product and services, energy, financial services, health care, industrial products and services, plantation,
property, real estate investment trust (REITs), SPAC, technology, telecommunication and media,
transportation and logistics and utilities. 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 et al., 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. 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:

Rt =100xlog (Pt/Pt-1) (5)
Where Rt indicates the stock returns and P represents stock index levels at the time (t) and (t-1).

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 returns. 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 & 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.

3.4. Empirical Results and Discussions

In this section, the paper implements the theoretical results on the wavelet coherence analysis. The
paper use wavelet coherence to identify the co-movement and the lead-lag relationship between sectoral
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indices and market return. Accordingly, the lead-lag relationship is important in terms of identifying the
cause-effect relationship between the selected indexes. The main reason for using wavelet coherence
analysis is to address the time-varying property of co-movement in different holding periods (Chen et al.,
2017). On the other hand, the benefit of the wavelet analysis is it can perform a multiresolution analysis.
That is, it allows analyzing the data at different scales at the same time.

3.5. The Results of the Wavelet Coherency Approach

In this section, the paper presents the continuous wavelet analysis to investigate the co-movement
and lead-lag relationship between sectoral indices and market return. Figure 1 shows the wavelet
coherence analysis of sectoral indices and market returns. The vertical axis refers to the different holding
periods represented from scale 1 (one day) up to scale 10 (1024 days). The horizontal axis refers to time
element. The horizontal axis covers study periods from 2002 to 2019, corresponding to 1000 and 5000 (i.e.,
2003, 2007, 2011, 2015 and 2019). Next, the study further divides these levels into three holding periods,
namely 2- to 64-day scales indicating short term, 64- to 256-day scales indicating medium term, and 256- to
1024-day indicating long term dynamics. The figure uses a color code to measure the degree of correlation
or co-movement between the pair of indexes. The red color indicated the warmer regions refer to the two
series are highly correlated. Meanwhile the blue color indicated the cooler regions refer to that two series
are low correlated. The 5 percent significant level was obtained from the Monte Carlo simulations is
represented by the curved line.

Next, in order to investigate the lead-lag relationship of sectoral indices and market return, the
wavelet coherence phase difference continues to reveal co-movement in index pairs through different
investment horizons or holding period. Moreover, arrows representing phase differences indicate the
direction of interdependence and cause-effect relationship. When the vector arrows pointing to the right, it
was indicated that the indexes are in phase (positive correlation), however, when they pointing to the left,
it shows that the indexes are out of phase (negative correlation). The results reveal that the majority of
sectors strongly co-move. In addition, the impact changes across low-frequency scales. More specially, the
sectors are positively associated with each other. For all indices, there are lead-lag relationships between
the indices except for industrial, plantation, tin mining and trade and services. From figure 1, a phase
difference of zero indicating that the sectoral indices and market return move jointly in the same direction,
while an out of phase difference indicates that pair series move in opposite direction.

Based on figure 1, the co-movement between sectoral indices and market return are positive over
time and frequency domains. However, the coherence in the index pair of sectoral indices and market
return increases at low-frequency scale (64-256 days and 256 -1024 days), and they ranging from about
2002 to 2019. Co-movement of sectoral indices and market return shows high coherence in construction,
consumer product, finance, industrial, industrial product, plantation, properties and trade and services
sectors except in tin and mining sector, the index pair is statistically significant. The correlation between
trade and service sector indices and market return demonstrates a significant interdependence exists at all
scales namely, the short, medium and long term over 2002 to 2109, however, the highest level of
coherences (co-movement) was recorded at scales ranging from 64 to 1024 days scales from 2002 to 2015.
In trade and service sector index, the arrows point rightward and downward, indicating that sector index
and market return are positively correlated, and sector index lead market returns. According to figure 1 (c),
(d) and (i), the plots pair of wavelet coherence shows the highest significant co-movement over time and
frequency domains. The correlation between finance, industrial and trade and services are relatively
stronger for all investment holding period namely short holding period, medium- and long-term holding
period over 2003 to 2015. In the most three significant sectors, the arrows point rightward and downward,
indicating that sector returns and market returns are positively correlated, and sector returns lead market
returns. On average, the study noticed that figure 1 (a), (b) and (e) wavelet coherence reveal that sector
returns and market returns show average significant co-movement over time and frequency domains in
Malaysia. However, the coherence in the index pair increases at lower frequency (256-1024 days) during
the period of 2003 to 2011 for construction, consumer product and industrial product. The arrows (lead-lag
relationship) point rightward and downward at 64-256 days from 2003 to 2015. Therefore, there is a
positive relationship between the index pair, and sector returns lead market returns benchmark.
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However, the wavelet coherence of figure 1(f), (g) and (h), show the least association, indicating no
co-movement. There is significant small blue region both the middle and low scales, but these show that
wavelet coherence decreases gradually from higher to lower frequency bands. The lead-lag relationships
seem to suggest negative associations and that market return lead sector returns. However, the co-
movement between sector return and market return are not statistically significant as shown in figure 1(h),
as the blue color dominates the area.

Figure 1. Wavelet coherence for equity sectoral indices and market returns
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Wavelet Coherence: KLCI vs LPRO Wavelet Coherence: KLCIvs LTNM
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The verticle axis is the frequency component, while the horizontal axis is the time component; The
thick black contour represents regions at the 5% level, and the curved black line denotes a cone of
influence, which indicates the regions affected by edge effects. Right up and down show in-phase, while left
up and down represent out of phase.

3.6. The estimated conditional volatilities of equity sector return and composite index

Figure 2 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 has 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 is 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.

3.7. The estimated conditional correlations of equity sector return and composite index

Figure 3 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 this equity market. By
contrast, the tin and mining sector has 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.
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Meanwhile, other sectors in this figure, the lines move up and down, which indicates that correlations
among these indexes vary over time.

Plot of conditional volatilities and correlations
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Figure 2. Conditional volatilities of Malaysian equity sector return and composite index

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 sectors may help reduce the risk of the portfolio.
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Figure 3. Conditional correlations of Malaysian equity sector return with composite index

4. Conclusions

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
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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 wavelet coherence 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 addition, the impact changes across low-frequency scales. More specially, the sectors are
positively associated with each other. In term of long-term investment period, ranging from 256 to 1024
days and medium-term investment horizons ranging from 64 to 256 days, the tin and mining sector offer
better diversification benefits for equity investors during sample period.

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 correlations 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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