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Abstract

The objective of this research is to examine the volatility structure of both Islamic and
conventional indexes at Borsa Istanbul (BIST) in Turkey. Specifically, the study analyzes
BIST's KATLM 30 (Islamic index), BIST 30, and BIST 100 Index and compares their return
and risk performance during the initial crisis period of the COVID-19 pandemic. The research
investigates the stock market's volatility structure under various conditions by utilizing the
Markov regime switching autoregressive moving average generalized autoregressive
conditional heteroskedasticity (MS-ARMA-GARCH) models with two regimes. The analysis
aims to identify low and high volatility regimes in the stock indexes. The study shows that the
returns of all three BIST indexes vary in terms of regime change. However, the changes in the
conventional indexes (BIST 30 and BIST 100) are higher than those of the Islamic index, with
losses during high volatility periods being almost 4-7 times greater than gains during low
volatility periods. The research demonstrates that the change in returns from BIST 100 and
BIST 30 between different regimes is higher than that of KTLM. In addition to comparing
returns, the study also examines the resilience of both conventional and Islamic indexes during
crises. These results provide insights into the behavior of stock market indexes during periods
of economic turmoil and contribute to the existing literature on the subject.

Keywords.: Markov switching, Islamic finance, Volatility, Borsa Istanbul

Jel Codes: G10, G11, G19

Department of Business Administration, Faculty of Economics, Administrative and Social Sciences, Fenerbahge University,
Istanbul, Tiirkiye, e-mail: ayben.koy@fbu.edu.tr, ORCID ID: 0000-0002-2506-6634

Department of Economics, Faculty of Business Administration, Istanbul Ticaret University, Istanbul, Tiirkiye, e-mail:
gadiguzel@ticaret.edu.tr, ORCID ID: 0000-0003-3341-7016

53


mailto:ayben.koy@fbu.edu.tr
http://orcid.org/0000-0002-2506-6634
mailto:gadiguzel@ticaret.edu.tr

International Journal of Commerce and Finance Ayben Koy & Giildenur Adigiizel

Introduction

When examining the factors that influence the global economic system, theories and institutions
may be the first things that come to mind. However, despite the growing prevalence of
technological infrastructure, human beings still lie at the heart of economic formations,
activities, and policies. Thus, the COVID-19 pandemic has had a direct impact on individual
and societal health and has affected all areas of the economy. The restrictions and lockdowns
implemented worldwide have damaged both supply and demand, leading to macro- and micro-
level economic disruption. Furthermore, this crisis differs from previous ones in its emergence
and development. It has simultaneously affected service sectors such as transportation,
logistics, food, health, and tourism. The global economy has experienced intense shocks from
both supply and demand sides. The World Bank (2021) has reported that the global economy
shrank by 4.3% in 2020, and although growth is predicted to occur in 2021, itis expected to be
lower than pre-pandemic levels. As of the time of writing, the epidemic statistics have

worsened, with over 17 million people infected with the disease and approximately 700,000

deaths (Worldometer, 2020).

Figure 1. Global activity indicators.
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Source: World Bank. (2021). Global Economic Prospects, January 202 1. Washington, DC: World Bank. doi:
10.1596/978-1-4648-1612-3.

Global economic activity had been affected very deeply in 2020’s first quarter when the
pandemic began spreading all over the world. As seen in Figure 1, retail sales, industrial
production, and mobility experienced very sharp declines. The initial period of the pandemic
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hit economies hard and recovery has yet to be sustained. This article aims to analyze this deep

crisis period from the financial perspective.

While the effects from the 2008 global financial crisis are still ongoing, the new type of crisis
COVID-19 has caused deeply affects both the real and financial sectors. Effects from economic
crises on conventional financial markets are seen to have been studied in many ways in the
literature (Porteba & Summers, 1986; French et al., 1987; Andersen et al., 2003). Islamic
financial markets, interest in which has increased, have also been exposed to these crises in
addition to conventional markets. Aside from banks operating with interest-free financial tools,
Islamic indexes are designed to filter out the stocks in conventional indexes in accordance with
the doctrinal position of the Islamic laws that present a number of ethical considerations for a
stock to be considered ethically acceptable and have been established in different countries (Ho
et al.,2014). These markets may be considered more fragile due to their limited size, and their
structure is limited by ethical and religious values (Bauer et al., 2005). However, evaluating the
performance of Islamic indexes, especially during crises, is important both for investors and

portfolio managers.

Based on foundations different than conventional markets, Islamic markets are expected to
behave differently toward crises. One supplementary fact is that the asset-backed rule in Islamic
finance ensures a close linkage between the real and financial sectors; this allows Islamic
emerging markets to not get exposed to volatility spillovers from conventional markets
(Majdoub & Mansour, 2014, p. 453). Because companies included in Islamic equity indexes
are supposed to have very low-leverage ratios and very minimal involvement in interest/usury,
this is expected to break the link with financial economic volatility. Islamic financial tools are
more socially responsible than conventional tools and will attract more investors who want to
invest for ethical and religious reasons in particular (Dharani & Natarajan, 2011). These tools
are also stated to be less volatile due to their nature (Ahmad & Alsharif, 2019). Some scholars
strongly argue that, despite being nascent in nature, Islamic finance has great potential in

addressing the challenges from global financial markets such as financial crises (Chapra, 2011).

Due to the approach that Islamic indexes should have a more reliable and robust structure,
discussions in the literature about how its returns will be are widely available (Hakim &
Rashidian, 2004; Elfakhani et al., 2005; Hussein, 2007; Walkshdusl & Lobe, 2012; Ho et al.,
2014; Al-Khazali et al., 2014; Rizvi & Arshad, 2018). However, the fragility and sensitivity

these indexes have against crises have not been adequately addressed. Although their returns
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are stable in normal periods, resistance or fluctuations during a crisis will have greater effects
on investors. For this reason, their effectiveness during crises should be investigated by
comparing them with conventional indexes using a detailed analysis. The limited studies in the
literature comparing Islamic indexes and their conventional counterparts have shown various
results (Miniaoui et al., 2015). Hkiri et al.’s (2017) study on the Gulf Cooperation Council
claimed Islamic indexes to fluctuate less and to be able to be considered as a kind of safe haven.
In this context, our study examines the volatility structure of Islamic and conventional indexes
in the BIST stock market across different regimes with the help of Markov regime-switching
(MRS) models. How long the economic problems COVID-19 has caused will last remains
unclear. The fluctuations and uncertainties caused by the shocks that have emerged in markets
worry investors. In the face of this crisis, evaluating the performance of conventional stock
indexes 1s necessary using the participation index formed according to Islamic criteria. The
study’s results are believed able to be a guide for investors’ portfolio choices. Beyond
comparing frequent returns in the literature, this study deals with the resistance conventional
and Islamic indexes have had during crises. Secondly, no study dealing with BIST is found on
this issue. Turkey is a rising Muslim economy, despite its many financial problems and the
volatilities its stock exchange market faces. As such, studying and comparing Turkish Islamic
indexes with conventional ones is of interest. Lastly, using MS-ARMA-GARCH modeling in
the article also contributes to the Islamic finance literature by analyzing and comparing Islamic

indexes and their counterparts.
2. Literature Review

Macroeconomic variables highly affect the stock market and, due to financial markets’
important role in economic growth, have been subject to much research. However, when
analyzing the functioning mechanism of financial markets, their level of fragility against crises
draws attention. At this point, whether the Islamic financial system has higher resilience to
crises or not is an honest question asked by those interested in macroeconomy. Many
researchers looking for this question’s answer have comparatively analyzed conventional and

Islamic indexes.

Ho-Fun et al. (2014) investigated the performance of Islamic indexes compared to their
conventional counterparts during both crisis and non-crisis periods. Their study revealed that
Islamic indexes outperformed conventional ones during crisis periods, but the results for non-
crisis periods were inconclusive. Al-Khazali et al. (2014) used stochastic dominance analysis

56



International Journal of Commerce and Finance Ayben Koy & Giildenur Adigiizel

to compare the performance of nine Dow Jones Islamic indexes with their conventional
counterparts during the 1996-2012 and 2001-2006 periods. They found that Islamic indexes
outperformed conventional ones during the global financial crisis, and Islamic investing
performed better than conventional investing during the economic meltdown. Shamsuddin
(2014) demonstrated that Islamic equity portfolios were less exposed to interest-raterisks than
the Dow Jones Global Indices, particularly at the sectoral level. Dewandaru et al. (2014)
examined a panel annual data of 11 primary Islamic countries compared to developed countries
between 1996 and 2011. The results demonstrate that all the macroeconomic determinants we
considered play a significantrole in developed countries. In contrast, financial openness has a
considerably smaller impact on Islamic countries, whereas financial intermediary development
has a major influence. They found that Islamic markets were less vulnerable to exposure to
recent crises due to their low leverage effect and less diversified portfolio structures. Analyzing
Islamic indexes, Alam and Ansari (2020) provided slightly superior performance based on risk-
adjusted performance measures, while Jawadi et al (2014) compared the financial performance
of Islamic and conventional indexes in the USA, Euro area, and globally during both stable and
turbulent periods. Various performance ratios were used, taking into account different types of
risk (total, systematic, and specific) and restrictions (such as normal distribution and time-
varying risk). They found that Islamic funds outperformed conventional ones since the
subprime crisis began and during turbulent times. Ahmad et al. (2019) revealed that Islamic
mutual funds (IMFs) were affected differently than conventional mutual funds (CMFs) during
the 2008-2009 financial crisis, with IMFs limiting the negative impact on profitability due to
their business model-related factors. Nevser et al. (2019) found no significant difference
between returns from Islamic and conventional indexes or Islamic indexes and their
counterparts. Ata and Bugan (2015) uncovered a causal relationship between market indexes at
different time intervals and asymmetric information phenomenon in Morgan Stanley market
indexes. The absence of certain factors in the Islamic financial system led to a more reliable
financial system during the global financial crisis. Finally, Kayed and Hassani (2011) view the

crisis as a real test of the Islamic financial system's ability to manifest itself.

Aloui et al. (2016) conducted a study to explore the co-movement between investors' sentiment
and Islamic and conventional equity returns in the US market across various time scales and
frequencies. They discovered a time-varying co-movement for both Islamic and conventional
indexes, and the Sharia rules had no effect on the relationship between sentiment and Islamic

equity returns. In another study, Hoque et al. (2016) used the MSCI Global Islamic Indexes to
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investigate the relationship between Islamic and conventional equity indexes. They found that
although there were fundamental differences between the two markets, they moved together.
However, the Islamic indexes were more volatile during the crisis period and less volatile
during the post-crisis period. Meanwhile, Hassan and Girard (2019) analyzed seven indexes
selected from the Dow Jones Islamic Market Index (DJIM) in comparison to their non-Islamic
counterparts using various measures. They found no significant difference between the Islamic
and non-Islamic indexes as Dow Jones Islamic indexes outperformed conventional indexes
from 1996 to 2000 but underperformed from 2001 to 2005. Overall, both Islamic and

conventional indexes offer reward benefits similar to those of risk and diversification.

The initial studies (Al-Awadhi et al., 2020, Onali, 2020; Seven and Yilmaz, 2020; Zhang et al.,
2020) suggested that in the first Quarter of 2020, stock markets experienced a decline in returns
and an increase in volatility due to the Covid-19 outbreak. Analyzing all the stocks listed on the
Hang Seng Index and Shanghai Stock Exchange Composite Index during the COVID-19
outbreak in China, Al-Awadhi et al. (2020) discovered that the pandemic had an adverse impact
on stock market returns. More specifically, the daily growth in total confirmed cases and total
cases of death caused by COVID-19 were both significantly and negatively correlated with
stock returns. An alternate body of research demonstrated that the decline in the stock market
was not consistent and relied on the risks associated with the underlying assets. Seven and
Yilmaz (2020) shows that larger fiscal rescue packages are linked to stronger equity market
recovery during the pandemic. The COVID-19 related death rate has a negative correlation with
the recovery rate, indicating its impact on investment decisions. Moreover, countries heavily
reliant on natural resources and tourism revenues tend to have slower recovery. Various studies
found that firms with lower leverage, higher liquidity, and stronger environmental and social
ratings were less severely affected by the outbreak (Ramelli and Wagner, 2020). In another
study, Heyden and Heyden (2020) investigated that the stock price reaction to the Covid-19
outbreak depended on firm-specific characteristics such as assets tangibility, liquidity, and
institutional holdings. The findings indicate that stock markets respond in distinct ways to the
announcement of the first case versus the first death in a country. Although there is no
significant response to the first case, the declaration of the first death results in considerably

negative reactions.

More recently, Hasan et al (2021) analyzed how COVID-19 pandemic affected the Islamic and
conventional stock markets. The results show that the pandemic causes identical volatility in

both of the markets since they are strongly linked and tend to co-move during the pandemic.
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As a similar study, Chowdhury et al (2021) investigated a research on Islamic equity markets
and their counterparts, conventional markets, in the Covid-19 age by using maximum
drawdown-based risk measures. The results of the study indicate that Islamic markets recover
more quickly and with a lesser degree of drawdown than non-Islamic markets. Smolo et al
(2022), examined the degree of connectedness and spillover effect between and across
emerging economies (BRICS and Turkey) Islamic and conventional equity markets, focusing
on global crises. Daily frequency data (the period of 2002-2021) and Wavelet Coherence
methodology are employed. The empirical findings of the study reveals that the comovements
of these markets strengthen during the Global Financial Crisis and Covid-19 pandemic and the
link is stronger in the conventional markets than Islamic markets. The results of the studies are
in line with the Bossman et al (2022). Based on these findings, we anticipate that if Shariah
compliant companies were perceived as safer by investors, their decline in stock prices in
response to Covid-19 confirmed cases and government social distancing measures would be

less severe.
3.Data and Methodology

We have used 121 daily observations for the period from January 2 to June 25, 2020. The period
includes the collapse and recovery periods in the stock markets for the initial crisis period of
the COVID-19 pandemic. We analyze the Katilim (KATLM), BIST 30, and BIST 100 indices
on Borsa Istanbul, comparing the return and risk performances during the pandemic. All three
indexes used in the sample have been equally weighted, with a rebalancing frequency of three

months.

KATLM is a BIST index with 30 stocks traded on the Stars Market. It is the oldest among the
three price indexes calculated from the companies accepted as suitable for investment in terms
of Islamic finance. KATLM has been calculated since January 12, 2008, and the newer indexes
(Participation 50 Index/KATS50 and Model Portfolio/KATMP) have been calculated since July
9, 2014. Three main criteria exist for being included in the BIST Islamic indexes. The first
criterion is that the interest loans of the companies selected for the index are 30% below their
market value. Secondly, a company’s cash returns from interest should be less than 30% of its

market value. Lastly, its income from unsuitable activities (unsuitable for Islam) should total

less than 5%.

We’ve selected BIST30 and BIST100 as the conventional indexes. BIST30 consists of 30 stocks

selected among companies traded on the Stars Market. BIST100 is used as the main index for
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the Borsa Istanbul Equity Market. It consists of 100 stocks selected among companies traded

on the Stars Market. Moreover, BIST100 automatically includes BIST30.

We’ve analyzed the low and high volatility regimes of the stock indexes using Markov regime-

switching autoregressive moving average generalized autoregressive conditional

heteroskedasticity (MS-ARMA-GARCH).!

The MS-ARMA-GARCH models need to be tested over stationary series. We examine the
logarithmic differences among the stationary variables using the Augmented Dickey—Fuller

(ADF), Philips—Perron (PP), and Kwiatkowski-Philips-Schmidt-Shin (KPSS) unit root tests.?

Table 1. Descriptive Statistics

According to the results, the first-level differences of the natural logarithmic variables should

be used. After determining the stationary series, we selected the lag orders for ARMA for each

series.’

KTILIM BIST30 BIST100
Mean 133169.7 126923.5 106779.2
Median 137512.3 127104.7 109155.4
Maximum 152719.2 149678.7 123556.1
Minimum 95957.61 101409.7 84246.17
Std. Dev. 1383231 13879.13 11229.14
Skewness -0.951826 0.024777 -0.243039
Kurtosis 3.190777 1.747280 1.883899
Jarque-Bera 18.45393 7.924305 7471519
Probability 0.000098 0.019022 0.023855
Sum 16113532 15357744 12920278
Sum Sq. Dev. 0.000000 0.000000 1.51E+10
Observations 121 121 121

I MS-ARMA-GARCH models tested in Oxmetrics.
2 Unit root tests are applied in E-Views. The results appear in the Appendix.
3 These results appear in the Appendix.
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Descriptive statistics for the variables are shown by level in Table 1. While KTILIM (-0.9518)
and BIST100 (-0.2430) are left-skewed; BIST30 (0.0248) is right-skewed. The kurtosis values
for BIST30 and BIST100 are less than 3; these series have lighter tails than a normal distribution
(i.e., they have light-tailed distributions). Meanwhile, the kurtosis value for KTILIM is greater
than 3. KTILIM has a heavier-tailed distribution.

The autoregressive conditional heteroscedasticity model (ARCH) was developed by Engle

(1982) to estimate variances for financial assets. Bollerslev (1986) expanded on this model,

creating the generalized autoregressive conditional heteroskedasticity model (GARCH).
GARCH-class models aim to capture various features of financial time series, such as extreme

plausibility and fat tails, beyond future volatility clusters.

In GARCH models, the variance in error terms is influenced by both their past values and the
values of their conditional variance. This feature was developed by Bollerslev (1986) and

Taylor (1986).
of =ay+ayuf_, +fof (1)

GARCH models have proven effective in modeling variances and exploring different features
of developing time series. The linear GARCH models include threshold GARCH (TGARCH;
Zakoian, 1994), Glosten-Jagannathan-Runkle GARCH (GJRGARCH; Glosten et al., 1993),
integrated GARCH (IGARCH; Nelson, 1990), fractionally integrated GARCH (FIGARCH;
Baillie et al., 1996), and GARCH in mean (GARCH-M; Engle et al., 1987).

The exponential generalized autoregressive conditional heteroscedastic (EGARCH; Nelson,
1991) model was the first to examine nonlinearity in a GARCH model. Other nonlinear
GARCH models include logistics smooth transition GARCH (LSTGARCH; Hgerud, 1997;
Gonzalez-Rivera, 1998), volatility switching GARCH (SGARCH; Fornari & Mele, 1997),
asymmetric nonlinear smooth transition GARCH (ANST-GARCH; Anderson et al., 1999), and
quadratic GARCH (QGARCH; Sentana, 1995).

This study aims to examine the volatility of BIST indices through the application of Markov -
switching GARCH (MS-GARCH) models. The framework for MS-GARCH models, which
assess financial markets in terms of high and low volatility, was first introduced by Klaassen
(1999) and further developed by Kim (1993), Cai (1994), Hamilton and Susmel (1994), and
Dueker (1997). Markov regime-switching (MRS) models, which were initially proposed by

Hamilton (1989), are also employed in this study. These models allow for the observation of
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time series variables, while the underlying regime of the market is not directly observable, and
can be estimated through probabilities. By using the probability of regime-switching, it is
possible to estimate the next state (s1) if the previous state (s0) is known (Bildirici etal., 2010).
The MRS model involves a time series process that is based on an unobservable regime variable

(st; Krolzig, 2000).

The regime-generating process is an ergodic Markov chain (Krolzig, 2000) where p;; = P.(s:+1
=jls:=1); XjL, Pij = 1;i,j={1,..,m), and 5, follows an ergodic M-state Markov process with

an irreducible transition matrix:

P11 - Pim

P= 2)

pml e pmm

The Markov-switching autoregressive moving average generalized autoregressive conditional
heteroskedasticity (MS-ARMA-GARCH) model is characterized by a conditional mean, a
conditional variance, a regime process, and a conditional distribution, which are standard
components of a typical MS-GARCH model (Marcucci, 2005; Giinay, 2015). In this study, we
adopt the MS-ARMA-GARCH model methodology.

While y, is the dependent variable in the ARMA model, h; is its conditional variance; the
parameters @, 8, @, and  depend on the state of the Markov chain. The formulas in the ARMA-
GARCH model are as follows:

Ve = Cst +e + 2o Bi(S)ye—i + 271:1 Bj (St)gt—j

(3)
hy=wg, + Zle a;(Se) 55—#25):1 B; (St) he—; 4)
& = \/K* U s up ~ N(0,1) (5)

3.1. Empirical Results

In this study, we utilized MS-ARMA-GARCH models with two regimes to investigate the low

and high volatility regimes of stock indexes. The estimation procedure used Regime 0 to
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represent low volatility and Regime 1 to represent high volatility. In ARMA models, regimes

are separated into expansion (Regime 0) and recession (Regime 1) periods.

Two models were used to estimate the switching mechanism between low and high volatility
periods, with the only difference between the models being the inclusion of autoregressive
moving average (ARMA) variables. In the first model, the switching component was only the
constant in the ARMA model, while in the second model, both the autoregressive and moving
average components switched between low and high volatility periods in addition to the
constant. Despite this difference, both models estimated the variance equation using three

switching components: the constant, the alpha, and the beta.

For KATLM, the ARMA model selected was AR(2), while for BIST30 and BIST100, the
selected model was AR(3)-MA(1). The estimated equations for KATLM are presented in Table
2, where Model 1 is the MS(2)-ARMA(2,0)-GARCH model with a switching constant in the
ARMA equation. According to Model 1, the return on the low volatility regime was described
through the first and second autoregressive components (0.094716 for AR(1) and 0.085046 for
AR(2)), while the autoregressive components in Model 2 were not significant. Furthermore, the
Akaike information criterion (AIC) and Schwarz information criterion (SIC) indicated that

Model 1 was stronger than Model 2.

The constant in the ARMA equation for the low volatility regime had positive values for both
Models 1 (0.004082) and 2 (0.004067), while the coefficient in the high volatility regime was
negative for both models (Model 1: -0.009563 and Model 2: -0.010743); all were significant in
the ARMA equations. As evidenced by the coefficients, losses during high volatility periods

were on average twice as large as gains during low volatility periods.

Variance equations for KATLM indicate the coefficient for the constant in Model 1 to approach
zero for both Regimes 0 and 1. However, the coefficient for the constant in the high volatility
regime in Model 2 is slightly higher (0.003069). The alpha, which is the coefficient for the
residual square, is significant only for Regime 0 in Models 5 (a = 0.028290) and 6 (a =
0.025059).

Two of the regimes in Models 5 and 6 exhibit significant beta coefficients. This suggests that it
is possible to statistically explain the volatility of the index by past volatility values during both
low and high volatility periods. In Model 1, the coefficient for the constant in the low volatility
period (0.9283) is higher than that in the high volatility period (0.9232). Conversely, in Model
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2, the coefficient in the high volatility period (0.9432) is higher than that (0.9309) in Regime 0.
The results do not provide any general evidence indicating that the conditional variance varies

over the low and high volatility periods for KATLM.

Transition probability represents the likelihood that the indexes will stay in their original
regime. Both transition possibilities in Models 1 and 2 for KATLM indicate that 99% stays in
the low volatility regime when KATLM is in Regime 0 (low volatility), with only 1% having
the probability of switching to the high volatility regime. The probability of staying in the high
volatility regime (94%) is lower than the probability of staying in the low volatility regime

(99%).

Table 2. Equations, Probabilities and Information Criteria for Models 1 and 2

Model 1: KATLM 1 Model 2: KATLM 2
Regime (0) Regime (1) Regime (0) Regime (1)
ARMA Equation ARMA Equation
AR(1) 0.094716%** AR(1) 0.083446 0.150079
(0.094970) (0.103600) (0.221700)
AR(2) 0.085046%** AR(2) 0.0261532 0.284783
(0.090820) (0.106100) (0.1966)
Constant 0.004082* -0.009563* Constant 0.004067* -0.010743**
(0.001327) (0.007591) (0.001234) (0.01042)
Variance Variance
Equation Equation
Constant 0.000000* 0.000000** Constant 0.000000* 0.003069**
(0.001554) (0.012700) (0.001692) (0.013790)
Alpha 0.028290** 0.173992 Alpha 0.025059* 0.106968
(0.012430) (0.172300) (0.012670) (0.170200)
Beta 0.928263** 0.923228%*** Beta 0.930883* 0.943190%**
(0.016820) (0.094420) (0.017350) (0.056740)
Transition Probabilities Transition Probabilities
p_{0l0} 0.987110 p_{0l0} 0.987027
p_{11} 0.940674 p_{1]1} 0.943011
Information Criteria Information Criteria
log-likelihood AIC sC log-likelihood AIC Ne
327856836 -5.353506 -5.071741 328.533896 -5.331083 -5.002358
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Note: *, ** *** represent respectively 0.1, 0.05 and 0.01 significant levels.

The values in parenthesis represent standard errors.

Alpha and beta coefficients represent respectively ARCH and GARCH parameters.

The smoothed regime probabilities for Models 1-6 are respectively given in Figures 1-6. The

shaded areas on the left side of the figures correspond to low volatility regimes, with the

remaining areas relating to high volatility regimes. The opposite is valid for the right side, as

the shaded areas are regime 1 with high volatility.

In this study, the figures show regime periods with high volatility to include periods in which

the stock markets had experienced collapse during the epidemic.
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Figure 2. Smoothed regime probabilities: Model 1.
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Figure 3. Smoothed regime probabilities: Model 2.
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Table 3 show the models estimated for BIST30. Model 3 is the MS(2)-ARMA(3,1)-GARCH
model with a switching constant in the ARMA equation, and Model 4 contains the other four
switching components. Aside from the constants, only one component of ARMA in both

models, AR(3), is positive and significant (0.121555) in Regime 0 from Model 3.

The constant in the low volatility regime is positive for Models 3 (0.001421 and 4 (0.003753),
the coefficient in the high volatility regime is negative for Models 3 (-0.005663) and 4 (-
0.027487), with all being significant in the ARMA equations. The findings for BIST30 are
significant because the losses in high volatility periods are nearly 4 to 7 times higher than the

gains in low volatility periods in terms of absolute values.

When examining the variance equations for the BIST30 index during the observation period,
the coefficients for the constant are observed to vary greatly from one another among regimes
in terms of value (0.006838 from Regime 0 to Regime 1 and 0.027056 from Regime 1 to
Regime 0) for Model 3; 0.006494 (from Regime 0 to Regime 1) and 0.018316 (from regime 1
to regime 0) for Model 4. The constant coefficients in Regime 1 are approximately 3-4 times
greater than those for Regime 0. The findings show a very high difference in volatility to exist

between the regimes for BIST30.
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While only one alpha coefficient is significant in Models 3 and 4, the other alpha coefficient
and the beta coefficients have insignificant values; as such, the high difference in volatility

during the crisis cannot be explained by past values or conditional variance.

The probability of staying in the low volatility regime for BIST30 is 99% for both Models 3
and 4. When BIST30 is in the high volatility regime, the probability is 94% (Model 4) to 95%

(Model 3) that it will stay in the same regime in the next observation.

Table 3. Equations, Probabilities, and Information Criteria for Models 3 and 4

Model 3: BIST30 1 Model 4: BIST30 2
Regime (0) Regime (1) Regime (0) Regime (1)
ARMA Equation ARMA Equation
AR(1) -0.789372 AR(1) 0.517535 0.298109
(0.166500) (0.309400) (0.152000)
AR(2) 0.069473 AR(2) -0.019790 0.383372
(0.125500) (0.111400) (0.144800)
AR(3) 0.121555%%** AR(3) 0.096331 -0.511471
(0.089290) (0.098640) (0.174800)
MA(1) 0.796639 MA(1) -0.494626 -0.538203
(0.139700) (0.288700) (0.203200)
Constant 0.001421* -0.005663* Constant 0.003753* -0.027487**
(0.000809) (0.004190) (0.003492) (0.017130)
Variance Variance
Equation Equation
Constant 0.006838* 0.027056** Constant 0.006494* 0.018316**
(0.002352) (0.022970) (0.001695) (0.02313)
Alpha 0.000000 0.000000 Alpha 0.000000** 0.000000
(0.110200) (0.335200) (0.028850) (0.490100)
Beta 0.641080 0.197405 Beta 0.664496 0.672046
(0.219500) (1.427000) (0.166400) (0.6400)
Transition Probabilities Transition Probabilities
p_{0j0} 0.985357 p_{0]0} 0.987144
p_{1]1} 0.947636 p_{1]1} 0.936577
Information Criteria Information Criteria
log-likelihood AIC 5262256 | SC  -4931740 | loglikelihood AIC SC -4.830535
321.841977 325.445832 5255484

Note: *, ** *** represent respectively 0.1, 0.05 and 0.01 significant levels.
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The values in parenthesis represent standard errors.

Alpha and beta coefficients represent respectively ARCH and GARCH parameters.

Figure 4. Smoothed regime probabilities: Model 3.
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Figure 5. Smoothed regime probabilities: Model 4.
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Two equations have been estimated for BIST100, with the results given in Table 3. Model 5 is
the MS(2)-ARMA(3,1)-GARCH model with a switching constant in the ARMA equation,

while Model 6 has the other switching ARMA components. Model 5 has only two variables
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from the ARMA equation that are significant: 0.092741 for AR(3) and 0.841060 for MA(1).
Model 6 has only one significant component in the low volatility regime in addition to the

constant: 0.095799 for AR(3).

As seen in the models from the KATLM and BIST30 indices, the model where the ARMA
components do not switch (Model 5) is stronger than Model 6, where the ARMA components
switch with respect to the AIC and SIC criteria.

As investigated in the other models, the absolute values for losses in high volatility periods are
greater than the gains in the low volatility regimes. The constants have positive coefficients for
both Models 5 (0.001806) and 6 (0.005883); these coefficients have lower absolute values than
the coefficients from the high volatility regimes, with |-0.006185| for Model 5 and |-0.02315§|
for Model 6. The absolute values of the losses in high volatility periods are nearly 3 to 4 times
higher than the gains in low volatility periods. Although the differences between coefficients is
not as high as in BIST30, the difference between coefficients among regimes is higher than
those for KATLM. These results provide evidence that the difference in returns for BIST100
between different regimes is higher than the differences in returns for KTLM but not high as

those for BIST30.

Comparing is difficult because the significant variables in the variance models from BIST100
differ between both models and regimes. The coefficients for the constant in the variance
equation in Models 5-6 are approach zero for both Regimes 0 and 1. Interestingly, the
coefficients for the constant in low volatility periods are slightly higher (0.001419 for Model 5
and 0.006486 for Model 6). While the coefficients for the constants are significant in both
Models 5 and 6 for Regimes 0 and 1, the alpha is only significantin Model 5’s Regime 0 (o =
0.028803) and significant in both Regimes 0 and 1 for Model 6. However, no difference is
shown between regimes because the coefficients for Model 6’s alphas approach zero. Lastly,
the beta value in Model 5’s Regime 0 is significant (B = 0.918535), as well as for Model 6’s
Regime 1 (B =1.00714).

The fact that the beta coefficients are very high compared to the coefficients for the other
variables indicates the conditional variance to be significant. However, the fact that the beta
coefficient is significant in Model 5’s Regime 0 and Model 6’s Regime 1 prevents a

comparison.

While examining the transition probabilities, the probability of staying in the low volatility
regime for BIST100 is 99% for both Models 3 and 4, just like the other indexes. If BIST100 is
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in the high volatility regime, the probability is 94% (Model 3) to 95% (Model 4) that it will stay
in the same regime, or 6% (Model 3) to 5% (Model 4) that the regime switches to low volatility

for the next observation.

Table 4. Equations, Probabilities, and Information Criteria for Models 5 and 6

Model 5: BIST100 1 Model 6: BIST100 2
Regime (0) Regime (1) Regime (0) Regime (1)
ARMA Equation ARMA Equation
AR(1) -0.843663 AR(1) 0.560065 0352114
(0.133600) (0.233000) (0.142200)
AR(2) 0.046260 AR(2) -0.050662 0.354522
(0.122100) (0.110800) (0.134900)
AR(3) 0.092741*** AR(3) 0.095799%** -0.516712
(0.091630) (0.090000) (0.143500)
MA(1) 0.841060%** MA(1) -0.542246 -0.500733
(0.086990) (0.219400) (0.180600)
Constant 0.001806* -0.006185* Constant 0.005883* -0.023158**
(0.000658) (0.003440) (0.003759) (0.01185)
Variance Variance
Equation Equation
Constant 0.001419* 0.000000** Constant 0.006486* 0.000000*
(0.001066) (0.013450) (0.001544) (0.007211)
Alpha 0.028803** 0.221972 Alpha 0.000000** 0.000000***
(0.016020) (0.225700) (0.032460) (0.098270)
Beta 0.918535** 0.886515 Beta 0.607445 1.00714%**
(0.034850) (0.142000) (0.172500) (0.067090)
Transition Probabilities Transition Probabilities
p_{0[0} 0.987417 p_{0[0} 0.987398
p_{11} 0.943909 p_{11} 0.945289
Information Criteria Information Criteria
log-likelihood AIC -5.393290 SC -5.062776 log-likelihood AIC sC
32950747 330.992245 -5.350295 4925345

Note: *, ** *** represent respectively 0.1, 0.05 and 0.01 significant levels.
The values in parenthesis represent standard errors.

Alpha and beta coefficients represent respectively ARCH and GARCH parameters.
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Figure 6. Smoothed regime probabilities: Model 5.
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Figure 7. Smoothed regime probabilities: Model 6.
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Empirical evidence from different models shows the Islamic index to have been stronger during

the great collapse and recovery in the stock markets in the early stages of the COVID-19
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pandemic. During periods of high volatility in particular, the losses for conventional indexes
were 3-7 times higher than the gains in low volatility periods. However, the losses in the
KATLM index during the high volatility period were two flows from the returns in the low
volatility periods. The results provide evidence that investments in participation index stocks

carry less risk during unstable or crisis periods.
4. Conclusion

The outbreak of COVID-19 has caused abrupt shocks in global markets, leading to fluctuations
and crises in both the real and financial sectors due to disruptions in supply and demand. As a
result, the Islamic financial sector, which has been gaining increasing attention in recent years,
has also been affected by this crisis. However, some studies suggest that stock market indexes
comprising financial instruments based on Sharia principles, with shares from companies
adhering to these principles, may be more resilient to crises. Therefore, an empirical
examination of the performance of these limited-size indexes during crises could serve as a

useful guide for portfolio managers.

This study has examined the performances of the KATLM, BIST 30, and BIST 100 Indices
from Borsa Istanbul during the fluctuations that occurred in the initial crisis period of the
pandemic. For this purpose, the Markov regime-switching autoregressive moving average
generalized autoregressive conditional heteroskedasticity (MS-ARMA-GARCH) model
method has been used. Based on the principle of using daily data, the study examines the surge
of COVID-19’s impact on Turkey’s markets from January 2 through June 25, 2020 using the
Islamic participation indexes and the conventional BIST 100 and BIST 30 Indexes. We
employed MS-ARMA-GARCH models with two regimes to investigate the low and high
volatility regimes in the stock indexes. According to results obtained from our model, returns
were observed to differ for all three indexes in the case of regime change. However, the changes
occurring in BIST30, and BIST100 indexes were concluded to be higher than those for the
KATLM index, with the losses in high volatility periods being nearly 4-7 times higher than the
gains in low volatility periods in absolute values for BIST30, 3-4 times for BIST100, and 2
times for KATLM. These results provide evidence that the return fluctuations for BIST100 and
BIST30 between different regimes is higher than those for KTLM.

Although all indexes under regime change have some losses, the participation index (KATLM)
is seen to be more resistant than the conventional indexes in times of high volatility. These

research results parallel those from studies presented in the literature (Abduh, 2017; Hkiri et
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al., 2017) and have determined that indexes based on Islamic principles are more resistant to
crises. This study has a few limitations. We used restricted data for the initial pandemic period
from one stock market and a single methodology for capturing return and volatility regimes. In
future studies, examining a larger sample of conventional and Islamic stock indices from

different markets is recommended using different methodologies.
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Appendix 1
Table: Unit Root Tests
ADF Philips Perron KPSS
T-stat. | Prob. | Lag | Bandwid | Adj. T- Prob. | Bandwidt L-M
th stat. h Stat.
Katilim | [(0) |- 0415 |2 6 -1.311775 | 0.6226 | 9 0.227679
1.72599 | 6
2
I(1) |- 0.000 |1 5 -8.276223 | 0.0000 | 6 0.151655
4.88728 | 1
2
BIST30 | [(0) |- 0.686 |2 5 -1.291488 | 0.6320 | 9 0.594855
1.16748 | 8
0
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(1) |- 0.000 [1 |5 ~11.19986 | 0.0000 | 4 0.298793
6.19254 | 0
6
BIST100 | 1(0) | - 0.689 |2 |5 ~1.232421 | 0.6588 | 9 0.463595
1.16017 | 8
4
(1) |- 0.000 |1 |5 -10.99261 | 0.0000 |5 0.277095
5.97952 | 0
2

Notes: 1(0): Natural logarithm and I(1): Natural logarithmic differences. Lag length is determined

according to the Akaike information criterion. Maximum lags are determined

respectively, 0.10, 0.05, and 0.01 indicates the level of statistical significance.

‘42” *owk

Appendix 2
Table: Selecting ARMA model
ARMA AIC
Katilim (2,0) -4.976906
BIST30 (3,1) -5.039735
BIST100 (3,1) -5.046191
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