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Abstract: This study aims to investigate the dynamic conditional correlation and volatility spillover
between the conventional and Islamic stock markets in developed and emerging countries in or-
der to develop better portfolio and asset allocation strategies. We used both multivariate GARCH
(MGARCH) and multi-scales-based maximal overlap discrete wavelet transform (MODWT) ap-
proaches to investigate dynamic conditional correlation and volatility spillover between conventional
and Islamic stock markets in developed and emerging countries. The results show that conven-
tional and Islamic markets move together in the long run for a specific time horizon and present
time-varying volatility and dynamic conditional correlation, while volatility movement changes due
to financial catastrophes and market conditions. Further, the findings point out that Chinese con-
ventional and Islamic stock indexes showed higher volatility, whereas Malaysian conventional and
Islamic stock indexes showed comparatively lower volatility during the global financial crisis. This
study provides fresh insights and practical implications for risk management, asset allocation, and
portfolio diversification strategies that evaluate stock market reactions to the crisis in the international
avenues of finance literature.
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1. Introduction

The global financial crisis (GFC) during 2007–2008 was the most turbulent economic
event before the COVID-19 pandemic. Apart from these two major crises, there were
associated events such as the Eurozone crisis (EZC) during 2010–2012 and the Middle East
crisis (MEC) during 2014–2016; these crises have increased the propagation of systematic
risk and caused potential risks for the financial markets (Kwan 2020; Mensi et al. 2021;
Mensi 2019; OECD 2011). However, the consequences of these major incidents (such as
GFC, EZC and MEC) have triggered volatility and increased uncertainty in the global
financial markets (Belke et al. 2018; Chau et al. 2014). As a result, fund managers, investors,
and policymakers have attempted to understand the reaction to these periods of crisis and,
at the same time, they have searched for safe haven markets to buffer their potential losses
during crisis periods.
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A safe haven market has generally been defined as a place where investors can save
their money from sharp losses (Bouri et al. 2020; Shahzad et al. 2019). From the viewpoint
of international finance, a safe haven market offers an asset or a set of assets that are
associated with a negative, weak correlation compared with other assets or a collection
of assets in a particular period (Arif et al. 2021; Ji et al. 2020; Baur and McDermott 2010).
Every crisis brings blessings along with its dark sides; however, it is important to remember
that nobody can ignore the potential downfalls of financial crises. Banking systems lose
customer confidence during crisis periods; moreover, policymakers must rethink how
they will maintain the banking system’s stability. Private commercial banks are always in
competition with each other and work in a complex business environment. This competition
brings a healthy and positive outcome, and often leads to the development of an alternative
product line and unique business model or innovation (Akins et al. 2016; Bătrâncea et al.
2008; Su et al. 2021; Tian et al. 2020). The GFC is over; nevertheless, this event is considered
to be a bigger game-changer (turning point) for the Islamic finance industry than traditional
finance in the context of resilience and reaction to the crisis (Lajis 2017; Yarovaya et al. 2022).
After the GFC, Islamic finance has gained in popularity, and the aftermath of the GFC has
provided an important catalyst to shed light on Islamic products and services compare
to their conventional counterparts. The development of Islamic finance is an important
innovation in the modern world (Masih et al. 2018).

The products and services of Islamic finance are appealing and desirable to both
Muslim and non-Muslim investors, due to the unique features and regulations of Shariah
law (Hassan et al. 2020). Shariah law regulates the Islamic financial market, and the prod-
ucts and services of the Islamic financial markets must pass Shariah screening procedures.
According to Shariah law, Riba (interest and usury), Gharar (uncertainty, excessive risk),
and Maysir (games of chance) are strongly prohibited and the financial market is free from
excessive debt and leverage (Shamsuddin 2014). In addition, Shariah standards provide
an ethical framework and boundaries for organizations. Concerning Shariah standards,
organizations operating under Shariah law have do not deal with toxic or indecent sub-
stances and services (e.g., alcohol, betting, and so forth) (Sahabuddin et al. 2018, 2020).
Moreover, as a consequence of Shariah law, the filtration process excludes all organizations
and firms that have accumulated severe immense debt from the pool of investible equities.
On the other hand, equities are included in the Shariah-compliant investible universe for
those business that have passed the screening scrutiny (Rizvi et al. 2015). The different
risk-return structures may cause a different reaction pattern between the Shariah and
non-Shariah-compliant markets during a crisis period (Saiti and Masih 2016).

Volatility spillover and the reaction to the crisis of the Islamic stock market may be
influenced by the mechanism of addition to, and deletion from, the indexes, which is known
as the Shariah filtering process or Shariah screening criteria. Additions to and deletions
from criteria give positive and negative perceptions, respectively, to investors, which help
decision-making regarding their portfolios. However, a positive perception is currently
being enjoyed by the Islamic index and may have been augmented during the financial
crisis period. In addition, the existing literature has demonstrated that the Islamic indexes
and Islamic Banking Systems (IBs) have better financial performance ratings and resilience
than their conventional counterparts during financial crises (Ho et al. 2014; Farooq and
Zaheer 2015).

Therefore, despite the increasing importance of performance in Islamic stock markets
over the last few years, the reaction to the crisis or volatility spillover of Islamic and
conventional stock markets has created considerable attention to the literature exploring
the financial market. In this context, most of the researchers have investigated the dynamic
conditional correlation and volatility spillover effect between conventional and Islamic
stock using time-varying based GARCH (1, 1), TGARCH, and MGARCH-DCC methods
(Hassan et al. 2019; Shahzad et al. 2019; Rejeb 2017; Saiti and Noordin 2018). A handful of
studies have focused on time and frequency-based MGARCH (DCC) and MODWT-based
variance approaches (Hassan et al. 2020; Yildirim et al. 2018).
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This study aims to investigate the dynamic conditional correlation and volatility
spillover between the conventional and Islamic stock markets in developed and emerging
countries in order to make better portfolio and asset allocation decisions. This study is
able to contribute fresh insights; first, this study fills the knowledge gap for portfolio
implications in the dynamic business environment. Although conditional correlation
and volatility spillover between conventional and Islamic stock markets are significant
topics in international finance, this study ignores extensively dynamic and different scales
(frequencies)-based linkages in developed and emerging nations. Instead, this study is
focused on investigating the dynamic linkages between conventional and Islamic stock
markets in developed and emerging countries (Chowdhury et al. 2022; Hassan et al. 2020).
Moreover, this study makes a distinctive contribution to the existing literature in the context
of time-varying and scale or frequency-dependent correlation and volatility spillover
between conventional and Islamic stock markets. Particularly, this study can find better
portfolio opportunities for a different set of investors bearing different investment horizons
(Abdullah et al. 2016).

Second, in most cases, previous studies have employed traditional time-domain
techniques such as co-integration, correlation analysis, simple linear causality test, and
GARCH (1,1) models to capture the dynamic conditional correlation and volatility spillover
in time-domain properties. In this regard, financial fund managers and investors are
unable to discover whether a significantly higher (lower) correlation is observed within a
certain range of investment horizons in scale or frequency domain perspectives. Therefore,
we apply MGARCH-DCC and MODWT-based variance approaches to address dynamic
and time-frequency connectivity in cross-country stock markets in order to make sound
investment decisions (Liow et al. 2019a, 2019b).

Finally, this study provides important interconnections and practical implications for
risk-returns and trade-offs using assets allocation and portfolio diversification strategies
that have evaluated stock market reactions to financial crises in the international avenues
of finance literature. In particular, the GFC of 2007–2008 and the COVID-19 pandemic have
seriously affected the movement of the global financial market, and this trend has pushed
investors to restructure their portfolios with alternative and safe haven assets to minimize
risk and loss (Hemche et al. 2016; Karanasos et al. 2014; Yousaf et al. 2022; Yarovaya et al.
2022). Among the different asset classes, Islamic stocks are very popular among Muslim
and non-Muslim investors, and the stocks play an immense role as viable and alternate
financial assets that can help minimize risk and better hedge opportunities (Raza et al.
2019).

The present study employs multivariate GARCH and multi-solution-based maximal
overlap discrete wavelet transform (MODWT) approaches under dynamic conditional
correlation criteria to measure the dynamic connection and volatility spillover between
the conventional and Islamic stock markets in developed and emerging countries. This
approach allows us to develop a suitable way to explain returns under a conditional
correlation environment between two markets (Engle 2002). Moreover, this study also
offers robust outcomes that can be implemented under dynamic circumstances (Basher and
Sadorsky 2016; Robiyanto et al. 2021).

The results from the conditional correlation and dynamic conditional correlation
analysis confirm that the Bursa Malaysia Hijrah Shariah index has the least volatility, while
the China Shariah-based index has the highest volatility. Notably, the United States (US)
Shariah market has a lower correlation, along with Chinese, Malaysian, and Japanese
Shariah and non-Shariah-based markets. The highest positive correlation was between UK
Shariah and non-Shariah-based markets. In the most recent financial crisis, the Chinese
Shariah-compliant stock index showed the highest volatility, but this trend has significantly
declined in the long run. In a nutshell, the dynamic conditional correlation analysis reports
that volatility is time-varying and the selected stock markets have moved closely together
over the long run.
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The linkages between conventional and Islamic stock markets are confirmed to be
time-varying dependent and they manage to maintain heterogeneity in different investment
horizons. This may be due to ethical considerations and behavioral differences. For example,
short-run investors expect more returns in the short-term investment horizon. On the other
hand, long-term investors focus on strategic investment movement (Liow et al. 2019b).

The remaining part of the study is organized as follows: the review of related literature
is reported in Section 2, followed by data and methodology in Section 3. Empirical results
are presented in Section 4, and finally, the conclusion is presented in Section 5.

2. Literature Review

For this study, we chose to concentrate on reviewing the related current literature
for investigating the dynamic conditional correlation and volatility spillover between
conventional and Islamic stock markets during crisis periods. First, the review starts with
the conceptual perspectives and represents the empirical pieces of evidence of the reaction
to the financial crisis of Islamic and conventional stock markets in selected developed and
emerging countries. There is no standard way to explain the stock market reaction during
the crisis periods. The concept is generally defined as a sharp decline in the prices of the
stock market index due to changes in the world order. The reaction of the stock market to
the crisis has an abrupt impact on national economies, as well as on investors’ behavior. For
example, for the global financial crisis, the European debt crisis, and COVID-19 pandemic
crisis Rizvi et al. (2015) investigated the exposure impacts of financial contagion in the Asia
Pacific region. This study detected the waves of exposures in relation to the fundamental
or pure base contagion for the Islamic stock markets. Researchers were able to point out
a valid question, which is how the crisis impacts and increases volatility during periods
of turmoil. This study is in line with a prior study done by Dewandaru et al. (2014),
which provides further attempts at improvement strategies. They found that the shocks
to the financial market are transmitted through extreme linkages; nevertheless, the latest
subprime crisis revealed fundamentals-based contagion in the markets. Luchtenberg and
Vu (2015) examined contagion effects during the GFC from a global perspective using an
international sample of returns from 2003 to 2009. The evidence indicates that cross-market
linkages increase in different financial markets when uni-directional and bi-directional
contagions are considered after controlling for crisis-related volatility.

Unlike previous crises, contagion effects followed the GFC of 2007–2008. However,
the GFC is not confined to emerging markets, since the USA financial market and other
matured financial markets in the sample also transmit and receive contagions. Homapour
et al. and Zhang et al. created variables that represent relative changes in the global
economy before and during the crisis; these variables influence economic fundamentals—
such as inflation rates, trade structure, industrial production, interest rates, and regional
effects—and investors’ risk aversion, with both contributing to international contagion
(Homapour et al. 2022; Zhang et al. 2022). Hoque et al. (2016) determined the relationship
between Islamic and conventional equity market movements during and after the financial
crisis using evidence from MSCI family indexes. They explained their theoretical under-
pinning, which is based on fundamental, category, and habitant theorems, and employed
the Beveridge Nelson (BN) time-series decomposition technique. The findings revealed
that there are fundamental differences between Islamic and conventional stocks in terms of
market microstructure and screening criteria. The results further showed that both markets
move together, and a long-standing relationship has evolved.

Moreover, Islamic stock markets should show lower volatility, due to the lower lever-
age ratio. Surprisingly, Islamic stock markets show more volatility during crisis periods
but less volatility during post-crisis periods, with volatility being more evident in the
permanent part than in the market’s transitory part. Wang et al. (2017) tested the stock
market’s contagion during the financial crisis period by utilizing multiscale correlation
techniques. They covered developed countries such as the USA and the other six members
of the Group of Seven (G7)—Canada, France, Germany, Italy, Japan, and the UK—as well
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as emerging economies such as the BRIC countries. The results revealed that cross-market
correlations between the USA and other selected countries are conditioned on the time scale.
Further, the evidence showed that stock market contagion during the GFC is dependent on
both the recipient country and the time scale, e.g., contagion from the USA to Japan, China,
and Brazil occurs when the time scale is longer than 50 days or more.

There are numerous studies that have been carried out on the issue of stock market
stability during crisis periods from the perspective of conventional stock markets. Never-
theless, from a comparative perspective, these studies remain rather scarce, and the results
obtained from studies that have been conducted on the reactions to the crisis of conven-
tional and Islamic stock markets in developed and emerging countries are still inconclusive.
Therefore, this study employs a multivariate GARCH approach under dynamic conditional
correlation criteria to measure the dynamic connection between conventional and Islamic
stock markets in developed and emerging countries. This approach produces a suitable
way to explain returns between two markets in a conditional correlation environment
(Engle 2002). Moreover, this approach is also suitable for dynamic circumstances and offers
robust evidence for measuring conditional correlation and volatility spillover between con-
ventional and Islamic stocks in developed and emerging countries (Basher and Sadorsky
2016; Robiyanto et al. 2021).

Finally, most prior studies have used traditional approaches such as GARCH (1, 1).
This approach is based on a bi-variate ahistorical covariance matrix and unconditional
static manner. It has a drawback in the sense that the unconditional static manner approach
cannot measure risk exposures accurately. Given this limitation, the dynamic behavior of
covariance is crucial to understanding the risk-return chemistry between Sharia-compliant
and conventional stock markets. To overcome this problem, the present study utilizes a
MGARCH-DCC technique. This technique is noteworthy for its dynamic characteristics
that can change the first moment (mean) and the second moment (variances) over time.
Mainly, the MGARCH-DCC model allows researchers to understand how correlation and
volatility change and when they would be weak or strong over time in financial markets.
Therefore, this model is ideal for identifying possible benefits of diversifications, structural
changes, and reactions to the financial crisis between financial assets (Aas and Berg 2009;
Righi and Ceretta 2011; Kılıç et al. 2022). In a nutshell, this study makes a distinctive
contribution to extending the existing literature in the context of time-varying and scale or
frequency-dependent correlation and volatility spillover between conventional and Islamic
stock markets. In particular, this study is able to identify better portfolio opportunities for
different sets of investors bearing different investment horizons (Abdullah et al. 2016).

3. Data and Methodology
3.1. Data

Data for this study were collected from the selected developed and emerging countries.
Daily closing prices were chosen and the time span was taken from 26 October 2007 until 7
June 2018. Due to dual availability and market capitalization, these variables were selected
in both conventional and Islamic stock markets, which examine the dynamic conditional
correlation and volatility spillover for making better investment decisions. All data were
obtained from DataStream.

3.2. Sample Countries

This study examines dynamic conditional correlation and volatility spillover between
three developed nations (the USA, the UK, and Japan) and three developing nations
(Malaysia, Indonesia, and China). The USA, UK, and Japan have consistently contributed
over 75% of global stock market capitalization. Based on market capitalization, the USA
is the largest, Japan is the third largest, China is the fourth largest, and the UK is the
sixth largest capital market economy globally. Malaysia is the top fifth and Indonesia
is the third performer in 2018 amongst seventeen regional indexes in terms of returns
(Bloomberg 2018a). Further, in terms of overall market development, Malaysia reached a



J. Risk Financial Manag. 2023, 16, 111 6 of 19

new height and maintained the top IF market in the world (IFDI 2018). Indonesia being the
largest Muslim-populated country in the world and a topmost competitor in the IF markets
is ramping up efforts to move to the front ahead of regional players such as Malaysia
and other markets. Due to their substantial growth, Islamic stock markets are a part of
mainstream markets. Therefore, most of the developed and developing countries have a
pairwise stocks index (conventional and Islamic) and both indexes move together over
time.

These stock markets cover the three major regions (Asia, Europe, and America) in the
world, which is shown in Figure 1.
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3.3. List of Countries and Stock Market Indexes

Along with the mainstream indexes, several Muslim and non-Muslim countries have
launched Shariah-based indexes to meet the demand for Islamic finance products and
services. Table 1 presents the selected list of variables for this study. Dow Jones is one
of the largest index provider companies in the world. They launched the DJIMI in 1999.
FTSE is the second-largest index provider in the world. They launched their indexes at
the London stock exchange in 1999. The S&P (Standard and Poor) is another large index
provider and they established Shariah indexes in 2006. Consequently, many developed
and emerging countries such as Japan, China, and Indonesia have sought to cater to the
demand for benchmark Shariah products in those regions.

Table 1. lists of variables.

Countries Name Islamic Stock Indexes Ticker Conventional Stock Indexes Ticker

Developed countries
USA Dow Jones Islamic Index USDJII Dow Jones Composite Index USDJCI
UK Dow Jones Islamic Index UKDJII FTSE100 Composite Index UKFTSE
Japan Japan FTSE Shariah index JPNSI Tokyo Price Index (TOPIX) TOPIX
Emerging countries
Malaysia Bursa Malaysia Hijrah Shariah index BMHJSI Bursa Malaysia KLCI Composite Index BMKLCI
Indonesia Jakarta Islamic Index JII Indonesia Composite Index IDX
China FTSE Shariah Index, China CHSI Shanghai Composite Index, China SSEC
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Where USDJII indicates the USA Dow Jones composite index, UKDJII indicates the UK
Dow Jones Islamic index, UKFTSE indicates the UK FTSE composite index, JPNSI indicates
Japan Shariah-compliant stock index, TOPIX indicates the Tokyo stock exchange composite
index, BMHJSI indicates the Bursa Malaysia Hijara Shariah index, BMKLCI indicates the
Bursa Malaysia composite index, JII indicates the t Jakarta Islamic index, IDX indicates the
Indonesia composite index, CHSI indicates the China Shariah index, and SSEC indicates
the Shanghai stock exchange composite index, respectively (El Amri and Hamza 2017).

3.4. Model Specification

The present study specified its model using the stock price return form. The return
form of data is expressed in natural logarithm criteria as the percentage by multiplying
by 100. Hence, the popular return transformation process is applied, such as the present
day’s stock index prices (Pt) divided by the previous days’ prices (Pt−1). The return form
formula is as follows:

Rt = ln(Pt/Pt−1)× 100 (1)

Here, Rt denotes the stock return index, and Pt and Pt−1 indicate the present day and
previous days’ stock prices, respectively. Missing data and time differences due to bank and
public holidays, or for any other reason, in different markets are adjusted to the previous
day’s prices. In accordance with the findings of Chiang et al. (2007), it was assumed that
the previous day’s prices remain unchanged, and they should stay the same as the previous
day’s prices. Investors are very much concerned with risk diversification in the avenue
of international financial markets. In order to diversify their risks, they want to know the
reactions to the markets. Therefore, it is essential to identify the multivariate relationships
among variables. Hence, we apply an advanced MGARCH technique from the GARCH
family model to measure dynamic multivariate relationships among the different stock
markets.

The multivariate GARCH-DCC model was developed by Engle (2002) and was em-
ployed in our study to estimate time-varying correlation and volatilities. We used the
MGARCH-DCC model to investigate the dynamic conditional correlation and volatility
spillover between conventional and Islamic stock markets. This method is commonly
applied to estimate dynamic conditional correlation and volatility spillover effects among
variables. Moreover, it can overcome the drawback of dimensionality by decomposing
the conditional covariance matrix into conditional correlations and standard deviations;
therefore, the GARCH family models are suitable (Pham 2019; Zhang and Yan 2020), and
we apply the MGARCH-DCC model in this study to investigate the dynamic conditional
correlation between conventional and Islamic stock markets.

This model has two steps of estimation, conditional variance estimation and time-
varying correlation estimation. For the Univariate GARCH (1, 1) model:

yt = ut+et (2)

et =
√ht.ηt ,ηt ,

∼iid(0, 1) (3)

ht = α0+α1 ε2
t−1 + γ1ht−1 (4)

hit = ωi + ∑Xt
X=1aix rit−1

2 + ∑Yt
y=1 βiy hit−y, f or i=1,2,..., K (5)

where ωi, aix and βiy are non− negative and ∑Xt
X=1aix rit−1

2 + ∑Yt
y=1βiy < 1 , aix indicates

the ARCH effect which is observed for the shocks to return X in the short-term holding
period, βiy indicates the GARCH effect for the long term holding period, and K presents
the number of assets.

The second step estimation is the dynamic conditional correlation between asset
returns using the DCC formula, which is as follows:

Ht = Dt Rt Dt (6)
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where Ht represents multivariate conditional correlation and Dt exhibits a K × K matrix,
respectively, of conditional time-varying standardized residual εt, which originated from
the univariate GARCH model. The first GARCH (1, 1) model is:

Dt = diag(
√

h11,t,
√

h22,t, . . . ,
√

h
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)(.....)()()()( ,1,1,1,1,,,, tdtdtdtsty k
k

kkj
k

kjkj
k

kjkj
k

kj ψψψφ  ++++= −−  (9)

Hence, φ  and ψ  present two basic functions, which are popularly known as fa-
ther and mother wavelet transformations, respectively. The father wavelet signifies the 
low frequency (smooth) while the mother wavelet characterizes the high frequency (de-
tailed) component of the time series. In addition, the father wavelets are applied to the 
trend parts and the mother wavelets are used to calculate deviations obtained from trends 
(Tiwari et al. 2013). The coefficients sj,k and dj.k, …, d1 stand for wavelet transform coeffi-
cients which quantify the contribution of respective wavelet functions to the whole signal. 
Hence, using J-level multi-resolution decomposition analysis, a time series y(t) can be 
written in the form of signals as: 

)(.......)()()()( 11 tDtDtDtSty jjj ++++= −  
(10)
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elements of Qt.
Wavelet-based decomposition of time series data is very popular and provides wide-

range implications in time-frequency domain properties. This technique decomposes the
time series data into different time and scale or frequency bands. Interestingly, each time
and scale exhibits a series of progressive or smoothed segments. For example, the highest
time and scales indicate a lower frequency; on the other hand, the lowest time and scales
indicate a higher frequency domain.

The discrete wavelet transform (DWT) is defined by Reboredo et al. (2017) and the
equation is as follows:

y(t) = ∑
k

sj,kφj,k(t) + ∑
k

dj,kψj,k(t) + ∑
k

dj−1,kψj−1,k(t) + . . . . .+∑
k

d1,kψ1,k(t) (9)

Hence, φ and ψ present two basic functions, which are popularly known as father
and mother wavelet transformations, respectively. The father wavelet signifies the low
frequency (smooth) while the mother wavelet characterizes the high frequency (detailed)
component of the time series. In addition, the father wavelets are applied to the trend parts
and the mother wavelets are used to calculate deviations obtained from trends (Tiwari et al.
2013). The coefficients sj,k and dj.k, . . . , d1 stand for wavelet transform coefficients which
quantify the contribution of respective wavelet functions to the whole signal. Hence, using
J-level multi-resolution decomposition analysis, a time series y(t) can be written in the form
of signals as:

y(t) = Sj(t) + Dj(t) + Dj−1(t) + . . . . . . .+D1(t) (10)

where, Dj represents the components of frequency of short, medium, or long-term devia-
tions explained by shocks from time scales of 2j, and Sj stands for residuals once D1, . . . ,
Dj are removed from the original time series.

4. Empirical Results
4.1. Preliminary Analysis

Figure 2 shows the price movement among the variables. The price movement is
expressed in local currencies. Preliminary, daily closing prices are abstracted from the
respective conventional and Islamic stock indexes. The price movement shows positive
momentum during the study period. The advantages of daily stock prices are such that we
can easily convert data into natural logarithms and return forms. We also reduced observed
skewness from the distribution of data (Bora and Basistha 2021).
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Figure 2. Stock prices performance.

4.2. Stock Prices Return Movement

Figure 3 shows the plotted return movement. Time series data are used in a log for the
stock price return movement to examine the characteristics among the variables. The results
show that the stock price return movement is volatile, and volatility dominates during the
GFC of 2007–2008. These stock return indexes are calculated by the first difference of the
natural logarithms form of each stock-price index and expressed as percentages (multiplied
by 100). Interestingly, the trend of return indexes showed that they move together and
maintain a similar type of movement tendency.
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4.3. Summary of Descriptive Statistics 
Table 2 shows a summary of the descriptive statistics for the return series. The high-

est and the lowest average value exhibits were for the USA and the UK, respectively. In-
terestingly, the UK led China by its average value of the Islamic stock index perspectives. 
However, the average value of JII was reportedly better than the BMHJSI stock return. 
Standard deviation displays absolute variability (time-dependent) for the return series, 
which was larger than the Chinese economy in conventional and Islamic stock markets. 
On the other hand, Bursa Malaysia’s conventional and Islamic stock indexes showed weak 
volatility (less riskiness) among variables. Skewness is a vital movement of any distribu-
tion; it expresses the symmetry and asymmetry of a distribution. Zero and positive skew-
ness imply symmetrical and asymmetrical distribution, respectively. The results prove 
that the distribution of all variables is negatively skewed. This indicates a symmetrical 
effect that leads to relatively higher volatility. Kurtosis, on the other hand, measures the 
fatness for any distribution. It can also be used to measure the normal distribution. In 
addition, it shows how data concentrates around data and belong to the mean distribu-
tion. The standard value for normal distribution is three, which refers to neither flat (plat-
ykurtic) nor peaked (leptokurtic). The evidence shows that the price distribution is lepto-
kurtic for both stock indexes. 
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4.3. Summary of Descriptive Statistics

Table 2 shows a summary of the descriptive statistics for the return series. The
highest and the lowest average value exhibits were for the USA and the UK, respectively.
Interestingly, the UK led China by its average value of the Islamic stock index perspectives.
However, the average value of JII was reportedly better than the BMHJSI stock return.
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Standard deviation displays absolute variability (time-dependent) for the return series,
which was larger than the Chinese economy in conventional and Islamic stock markets. On
the other hand, Bursa Malaysia’s conventional and Islamic stock indexes showed weak
volatility (less riskiness) among variables. Skewness is a vital movement of any distribution;
it expresses the symmetry and asymmetry of a distribution. Zero and positive skewness
imply symmetrical and asymmetrical distribution, respectively. The results prove that
the distribution of all variables is negatively skewed. This indicates a symmetrical effect
that leads to relatively higher volatility. Kurtosis, on the other hand, measures the fatness
for any distribution. It can also be used to measure the normal distribution. In addition,
it shows how data concentrates around data and belong to the mean distribution. The
standard value for normal distribution is three, which refers to neither flat (platykurtic) nor
peaked (leptokurtic). The evidence shows that the price distribution is leptokurtic for both
stock indexes.

Table 2. Summary of the descriptive statistics.

Islamic Stock Markets Conventional Stock Markets

Mean SD Skew Kurt JB Mean SD Skew Kurt JB

USA 0.026 1.207 −0.194 14.374 14,947.93 0.022 1.179 −0.238 12.021 9418.736
UK −0.005 1.495 −0.167 11.297 7957.461 0.008 1.158 −0.181 10.912 7240.846
JAPAN 0.005 1.471 −0.338 11.062 7554.786 0.005 1.434 −0.391 10.975 7410.729
Malaysia 0.011 0.751 −1.325 25.206 57,723.82 0.009 0.696 −1.264 21.640 40,840.45
Indonesia 0.015 1.513 −0.561 10.552 6727.99 0.030 1.281 −0.668 12.401 10,407.400
China −0.008 2.192 −0.302 79.935 683,196.7 0.012 1.557 −0.526 11.611 8686.063

This study applied augmented Dickey–Fuller–ADF (Dickey and Fuller 1979) and
Phillips–Perron–PP (Phillips and Perron 1988) tests to address the stationary data issue
(Appendix A). The empirical results show that not all variables meet the stationary criteria
at the level and intercept; therefore, we first ran the data at the difference and intercept
levels, and the results showed that all variables are stationary at the first difference and
intercept level, with a 5% significant criteria. Finally, we used the decomposed-based
wavelet MODWT and MGARCH-DCC methods, which overcome the structural break
problem of time series data (Sakti et al. 2018).

4.4. Multivariate Generalized Autoregressive Conditional Heteroscedastic-Dynamic Conditional
Correlation (MGARCH-DCC) Analysis

This study employed the multivariate GARCH model for investigating the reaction
to crises using DCC. This technique has better application when comparing the pliability
and stability using t-distribution in multivariate properties. Particularly, to fit the tailed
landscape for the distribution of stock returns and risk assessment measuring, the DCC
is suitable for a portfolio comparing the performance of conventional and Islamic stock
markets in developed and emerging countries. However, it is more rational to apply
the MGARCH-DCC approach to fit in the fat-tailed nature of the distribution of stock
returns using multivariate t-distribution, specifically for risk assessments involving the
tail properties of yield distribution. Therefore, this study attempts to use this latest model
in sorting out our research objectives to investigate the reaction to the crisis of Shariah
and non-Shariah compliant market indexes in developed and developing countries. The
results of Gaussian-DCC and t-DCC models are reported in Table 3. This is the initial
stage for determining the optimum model. From the maximum log-likelihood estimation,
the Gaussian-DCC and t-DCC models are both statistically significant. Hence, the maxi-
mum log-likelihood value of t-DCC is greater (−26,672.4) than the Gaussian-DCC model
(−28,090.1). Moreover, the estimated degrees of freedom for the t-normal distribution are
below 30; therefore, these results suggest that the t-distribution is a more appropriate model
for capturing the fat-tailed nature of the distribution of the stock returns.
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Table 3. Normal DCC model for maximum likelihood estimation.

Parameter
Islamic Stock Indexes Conventional Stock Indexes

Estimate SE t-Ratio [Prob.] Estimate SE t-Ratio [Prob.]

Lambda1 (λ1) Developed countries
USA 0.896 0.010 94.888 [0.000] 0.900 0.009 00.238 [0.000]
UK 0.929 0.008 124.237 [0.000] 0.921 0.008 110.622 [0.000]
JAPAN 0.907 0.007 132.780 [0.000] 0.904 0.008 115.134 [0.000]
Emerging countries
Malaysia 0.896 0.010 90.755 [0.000] 0.875 0.0142 61.747 [0.000]
Indonesia 0.916 0.008 113.221 [0.000] 0.912 0.008 102.327 [0.000]
China 0.950 0.005 192.060 [0.000] 0.900 0.007 119.185 [0.000]
Lambda2 (λ2) Developed countries
USA 0.089 0.007766 11.484 [0.000] 0.086 0.007 11.568 [0.000]
UK 0.060 0.006025 10.069 [0.000] 0.067 0.006 10.075 [0.000]
JAPAN 0.0764 0.00515 14.8393 [0.000] 0.077 0.005 13.454 [0.000]
Emerging countries
Malaysia 0.088 0.008072 11.008 [0.000] 0.101 0.010 9.431 [0.000]
Indonesia 0.067 0.006064 11.148 [0.000] 0.073 0.006 10.530 [0.000]
China 0.045 0.004265 10.677 [0.000] 0.080 0.005 14.595 [0.000]
delta1 (δ1) 0.936 0.003806 246.113 [0.000]
delta2 (δ2) 0.0185 7.96 × 10−4 23.295 [0.000]
Maximized log-likelihood −28,090.100

Table 4 illustrates the optimum volatility parameters, which in turn indicate that
volatility gradually decays. This means that the riskiness involved in the returns gradually
cancels out following a shock in the market. However, after adding Lambda1 (λ1) for
the USDJII and Lambda1 (λ2) for the USDJII {(0.91013 + 0.74382) = 0.984512} with other
remaining indexes, the results of the summation are still less than 1. This result indicates
that the volatility of the USDJII return is not following the Integrated Generalized Auto-
Regressive Conditional Heteroscedasticity in the same manner as the other stock indexes’
return. Thus, these findings indicate that the shocks to the volatility are not permanent. Due
to this implication, investors and portfolio managers may have a high chance of losing their
investments even if they make high profits in the short run. On the other hand, speculators
would welcome such conditions as favorable to their interests.

Table 4. t-DCC model for maximum likelihood estimation.

Parameter
Islamic Stock Indexes Conventional Stock

Estimate SE t-Ratio [Prob.] Estimate SE t-Ratio [Prob.]

Lambda1 (λ1) Developed countries
US 0.910 0.009 94.722 [0.000] 0.913 0.009 98.929 [0.000]
UK 0.947 0.006 139.478 [0.000] 0.934 0.008 115.887 [0.000]
JAPAN 0.912 0.007 116.450 [0.000] 0.991 0.008 103.696 [0.000]
Emerging countries
Malaysia 0.912 0.010 87.077 [0.000] 0.895 0.014 60.646 [0.000]
Indonesia 0.907 0.011 76.000 [0.000] 0.902 0.013 67.468 [0.000]
China 0.902 0.0116 77.701 [0.000] 0.910 0.008 109.836 [0.000]
Lambda2 (λ2) Developed countries
US 0.0740 0.007 9.805 [0.000] 0.072 0.007 9.787 [0.000]
UK 0.0420 0.005 8.166 [0.000] 0.052 0.006 8.577 [0.000]
JAPAN 0.0708 0.005 12.179 [0.000] 0.070 0.006 10.976 [0.000]
Emerging countries
Malaysia 0.073 0.008 8.773 [0.000] 0.083 0.011 7.564 [0.000]
Indonesia 0.069 0.0008 8.393 [0.000] 0.076 0.009 7.782 [0.000]
China 0.088 0.010 8.652 [0.000] 0.070 0.006 11.811 [0.000]
delta1 (δ1) 0.928 0.052 177.242 [0.000]
delta2 (δ2) 0.018 0.927 19.407 [0.000]
df Maximized log- 8.275 0.33263 24.878 [0.000]
likelihood −26,672.400
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4.5. Dynamic Conditional Volatility Estimation for Developed and Emerging Countries

Figure 3 shows the time-varying movement of dynamic conditional volatilities for the
USA, the UK, Japan, Malaysia Indonesia, and China composites, as well as for the Islamic
stock indexes. This graphic presentation shows how the dynamic conditional volatilities
of all indexes move closely together, except for the China Shariah index. High volatility
was observed in the Chinese Shariah index returns during the period 2007–2009 due to
the global crisis. However, during the post-crisis period, the volatility of the Chinese
Shariah-compliant stock index has significantly declined.

Conditional volatility properties from the perspectives of developed countries are
illustrated in Figure 4. Both conventional and Islamic stock markets present time-varying
volatility and conditional correlation via the MGARCH-DCC estimations. The results
show that all developed markets move together in the long run; however, in specific time
horizons, the movement of volatility changes due to financial catastrophe. For example,
during the GFC of 2007–2008, the USA conventional index shows more volatility, and it
was followed by the UK composite and UK Islamic-based stock markets.
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Figures 5 and 6 show conditional volatility properties from the perspective of de-
veloped and emerging countries. Both conventional and Islamic stock markets present
time-varying volatility and conditional correlation via the MGARCH-DCC estimations. The
results show that the markets of developing and emerging both countries move together
in the long run; however, in specific time horizons, the movement of volatility changes
due to financial catastrophe. For example, during the GFC of 2007–2008, the China Shariah
and conventional indexes show more volatility. On the other hand, Malaysia’s Shariah and
composite indexes show more stability and resilience in the GFC of 2007–2008.
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4.6. Robustness Check
4.6.1. Robustness Check Using Dynamic Volatility and Unconditional Correlation Analysis

Table 5 presents the unconditional correlation and dynamic volatilities of the indexes.
The on-diagonal value indicates the dynamic volatility among the variables. The off-
diagonal value marks the unconditional correlation between the two indexes’ returns. If
the value of unconditional volatility is near zero, this could indicate that the particular
index is less risky (volatility) whereas if the unconditional volatility is near 1 and above,
this could indicate higher risk (higher volatility levels).

The results demonstrate that the Malaysian Shariah-based equity index (BMHJSI) and
traditional-based composite index (BMKLCI) have secured the lowest (0.70) volatility, while
the China Shariah-based index has shown the highest (2.18) volatility. On the other hand,
the US Islamic market has the highest correlation with the UK Islamic and composite-based
markets, whereas Japanese, Malaysian, and Chinese markets show the least correlation.
This finding is in line with a prior study conducted by Naseri et al. (2017). The researchers
suggest that due to the practice of Shariah law and the presence of a strong regulatory
body, the Malaysian stock market is a suitable hub for developed countries’ investors. The
Chinese-based Shariah stock market, however, is still immature and struggling to develop
a legislative framework for Islamic finance (ADB 2022).
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Table 5. Dynamic volatility and correlation analysis.

Unconditional Correlation and Volatility

USDJII USDJCI UKDJII UKFTSE JPNSI TOPIX BMHJSI BMKLCI JII IDX CHSI SHCICH

USDJII 1.21
USDJCI 0.95 1.18
UKDJII 0.55 0.52 1.49
UKFTSE 0.59 0.57 0.88 1.16

JPNSI 0.13 0.13 0.32 0.34 1.47
TOPIX 0.13 0.13 0.31 0.34 0.98 1.43

BMHJSI 0.13 0.13 0.27 0.29 0.38 0.38 0.7
BMKLCI 0.13 0.13 0.3 0.32 0.42 0.42 0.92 0.75

JII 0.15 0.15 0.31 0.31 0.38 0.38 0.46 0.48 1.51
IDX 0.15 0.16 0.32 0.33 0.4 0.4 0.48 0.51 0.96 1.28

CHSI 0.21 0.19 0.36 0.36 0.48 0.47 0.41 0.43 0.47 0.49 2.18
SHCICH 0.13 0.14 0.32 0.34 0.97 0.97 0.39 0.42 0.39 0.41 0.48 1.56

4.6.2. The Maximal Overlap Discrete Wavelet Transform (MODWT)

The MODWT is a multi-scales-based approach that can overcome the restriction of
2j for determining sample size. It contains detailed (mother) and smooth (father) wavelet
concepts and transforms or decomposes data into an algorithm pyramid form. The key
advantage of this approach is to transform non-orthogonal data in a variant form without
changing the pattern of coefficients (Masset 2015; Rhif et al. 2019). Moreover, MODWT-
based wavelet variance has a standard and robust analytical framework that substitutes
the notion of variability between two variables over definite time and scales.

Table 6 depicts the results of variance decompositions for all stock indexes. Higher
frequencies or scales are related to the short-term holding periods and lower frequency
bands and are present in the long-term holding periods. The evidence indicates that d1-d3
expresses the 1–2 days, 2–4 days, and 4–8 days’ scales and these band scales confirm the
short-term holding or investment horizons. Similarly, d4-d5 exhibits 16–32 days and 32–64
days’ band scales and confirm the mid-term holding period. Lastly, d6-d8 presents a long
holding period with 128–256 days and above 256 days’ band scales (Bhuiyan et al. 2019).
The findings of variance decompositions between conventional and Islamic stock indexes
increase or decrease depending on market conditions throughout the scales, however, this
trend will converge in the long run. For example, the Islamic stock index in the USA exhibits
the lowest volatility in all band scales, while experiences are the opposite. In addition,
the Japanese Islamic stock index shows lower decomposed variance at the mid-term (d5–
d6 band scales) and long-term (d7–d8 band scales) holding periods, while the Chinese
Islamic stock index experiences higher volatility than other markets. Interestingly, both
of Malaysia’s stock indexes (Islamic and conventional) show relatively less volatility than
other indexes. Particularly, the Malaysia Islamic stock index provides the lowest variance
in the long-run investment horizon at the d7–d8 band scale. However, the variance of stock
price return increases sharply during global crisis periods at the d1–d2 band scales.

Table 6. MODWT variance decomposition analysis.

US
DJII

US
DJCI

UK
DJII

UK
FTSE JPNSI TOPIX BM

HJSI
BM

KLCI JII IDX CHSI SSEC

d1 15.43% 17.18% 21.18% 13.89% 20.64% 19.23% 4.75% 4.06% 19.56% 13.37% 49.31% 23.70%

d2 6.68% 7.42% 11.51% 7.38% 10.94% 10.32% 2.71% 2.31% 11.60% 8.25% 22.04% 11.95%

d3 3.00% 3.46% 5.45% 3.22% 5.00% 5.04% 1.47% 1.26% 6.76% 5.26% 10.71% 5.79%

d4 1.31% 1.49% 2.44% 1.50% 2.29% 2.24% 0.78% 0.71% 3.10% 2.30% 4.51% 3.14%

d5 0.57% 0.63% 0.90% 0.64% 0.95% 0.95% 0.30% 0.28% 0.79% 0.63% 1.62% 1.65%

d6 0.31% 0.37% 0.45% 0.34% 0.50% 0.49% 0.14% 0.14% 0.50% 0.46% 0.99% 0.79%

d7 0.07% 0.08% 0.13% 0.07% 0.17% 0.19% 0.05% 0.06% 0.15% 0.14% 0.41% 0.39%

d8 0.04% 0.05% 0.06% 0.03% 0.12% 0.14% 0.02% 0.02% 0.04% 0.06% 0.11% 0.16%
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5. Conclusions

The results from the conditional correlation and dynamic conditional correlation
analysis confirm that the Bursa Malaysia Hijrah Shariah index has the least volatility, while
the China Shariah-based index has the highest volatility. Notably, the United States (US)
Shariah market has a lower correlation with Chinese, Malaysian, and Japanese Shariah and
non-Shariah-based markets. The highest positive correlation was between UK Shariah and
non-Shariah-based markets.

All findings conveyed several insights regarding the policy implications of this study.
First, investors can choose alternative investment horizons in different characterized prod-
ucts, which may offer portfolio gains. Further, the findings of this study have confirmed that
Shariah and non-Shariah based markets are not out-of-the-way, whether in developed or
emerging countries. Interdependency and levels of reaction to crises differ from country to
country in accordance with their product variation, financial strengths, and trade openness.
Therefore, this study uncovers important consequences and practical implications for the
risk assessment, asset allocation, and diversification of funds in different asset lines during
crisis periods. Second, fund managers can take appropriate steps for assessing the market
movement in international avenues. Because of this, portfolio strategy and its success
depend on better understanding the market correlation in dynamic ways (Sharma and Seth
2012). Third, financial institutions, policymakers, and monetary authorities should take
proper steps to revise the provision and movement of funds for economic development and
growth. In particular, they should be more cautious about selecting investable asset classes
and making investment decisions when a financial crisis occurs, and investors and financial
fund managers can consider the dynamic time-frequency varying correlation movement
when making these decisions.

Moreover, MODWT-based wavelet variance decomposition analysis provides novel
and robust findings that substitute the notion of variability between two variables over
definite scales. The findings of variance decompositions between conventional and Islamic
stock indexes increase or decrease depending on market conditions throughout the scales,
however, this trend will converge in the long run. For example, the Islamic stock index in
the USA exhibits the lowest volatility in all band scales, while experiences are the opposite.
In addition, the Japanese Islamic stock index shows lower decomposed variance at the
mid-term (d5–d6 band scales) and long-term (d7–d8 band scales) holding periods, while the
Chinese Islamic stock index experiences higher volatility than other markets. Interestingly,
both Malaysian stock indexes (Islamic and conventional) show relatively less volatility than
other indexes. Particularly, the Malaysia Islamic stock index provides the lowest variance
in the long-run investment horizon at the d7–d8 band scale. However, the variance of stock
price return increases sharply during global crisis periods at the d1–d2 band scales.

Finally, one of the theoretical implications for researchers and academics is why the
stock market reaction has contained features that are distinct from other concepts such as
stock market integration, and how this adds value to the financial literature. Particularly, as a
novel technique, the MGARCH-DCC approach provides more insights than other GARCH
family analysis methods and resolves the drawbacks of standard time series techniques.
Therefore, this study employs a multivariate GARCH approach under dynamic conditional
correlation criteria to measure the dynamic connection between the conventional and Islamic
stock markets in developed and emerging countries. This allows us to develop a suitable
way to explain returns under a conditional correlation environment between two markets
(Engle 2002). Moreover, this study also offers robust outcomes that can be implemented under
dynamic circumstances (Basher and Sadorsky 2016; Robiyanto et al. 2021).

The limitation of this study is the period constraint. Future studies can investigate the
conditional correlation and dynamic conditional correlation by using the latest datasets,
including COVID-19 impact data. Further studies may also explore the dynamic connected-
ness between different indexes by employing a novel approach such as the DCC-GARCH-
based dynamic connectedness approach (Zhang et al. 2022).



J. Risk Financial Manag. 2023, 16, 111 16 of 19

Author Contributions: M.S.: Conceptualization, writing—original draft preparation, Methodology,
M.A.I.: Methodology, Software, formal analysis, M.I.T.: Conceptualization, writing—original draft
preparation, critical revision. M.K.A.: Study design and concept, data interpretation, drafting, L.N.D.:
methodology, data analysis, supervision, I.I.M.: Project administration, Supervision. All authors have
read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: Data will be given based on a responsible request.

Acknowledgments: The authors would like to thank the anonymous reviewers for their sound
comments. We also extend our thanks to the academic editor and the editorial team.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

Country Index
p-Value

ADF PP

Level and Intercept

USDJII 0.9945 0.9960
USDJCI 0.9914 0.9923
UKDJII 0.015 0.0275
UKFTSE 0.7338 0.7818
JAPNSI 0.8282 0.8583
TOPIX 0.7840 0.8106
BMHJSI 0.7952 0.7882
BMKLCI 0.7742 0.7863
JII 0.6677 0.7049
IDX 0.8902 0.8929
CHSI 0.0012 0.0012
SHCICH 0.9045 0.9133

First difference and intercept

∆USDJII 0.0000 0.0001
∆USDJCI 0.0000 0.0001
∆UKDJII 0.0001 0.0001
∆UKFTSE 0.0001 0.0001
∆JAPNSI 0.0001 0.0001
∆TOPIX 0.0001 0.0001
∆BMHJSI 0.0001 0.0001
∆BMKLCI 0.0001 0.0001
∆JII 0.0000 0.0001
∆IDX 0.0000 0.0001
∆CHSI 0.0001 0.0001
∆SHCICH 0.0001 0.0001

Source: The author’s own calculation using the statistical tools Eviews10. Note: ADF and PP. Both tests assume

that null hypothesis of non-stationarity against the alternative hypothesis of stationarity at a 5% significance level.
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