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Abstract

:

There is ample evidence that Islamic stock markets perform differently from conventional stock markets, particularly when economic policy uncertainty (EPU) or any other uncertainty such as geopolitical uncertainty is present. Considering this context, this paper examines the US EPU’s cross-correlation with both conventional and Islamic stock markets from the perspective of multifractality. Daily stock market prices of five main countries are considered: US, Thailand, Indonesia, Pakistan, and India. Using the multifractal detrended cross-correlation analysis (MF-DCCA), we validate the existence of long-range cross-correlation between US EPU and all the stock markets considered, demonstrating that all pairs of US EPU have strong power law and multifractal characteristics. Furthermore, all pairs display varying levels of multifractal strength, with the US EPU and US conventional stock market exhibiting the strongest multifractal patterns. Additionally, a cross-correlation between US EPU and the different stock markets is found to be persistent. The results of this study are pertinent to the various market participants in both conventional and Islamic markets, particularly investors, who may be able to draw useful conclusions from them for purposes such as portfolio diversification.
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1. Introduction


Recently, there has been great interest in studying uncertainty (Adebayo et al. 2022; Aslam et al. 2022b, 2022c; Fernandes et al. 2022). Different measures include the geopolitical risk index (GPR) of Caldara and Iacoviello (2022), the economic policy uncertainty (EPU) indices of Baker et al. (2016), Arbatli et al. (2017) and Moore (2017) and the uncertainty index based on Google trends data of Castelnuovo and Tran (2017). EPU, however, has drawn more attention than other measures of uncertainty since major financial, economic, and political shocks, such as the Global Financial Crisis (GFC) of 2007–2008, the United Kingdom (UK) exit from the European Union (EU) in 2020, China and United States (US) trade wars, the European debt crisis, and the recent COVID-19 pandemic (Gu and Liu 2022; Zhao and Wang 2022). In this aspect, many studies have shown the major and wide-ranging impacts of EPU on economy (Bloom 2014; Zhu et al. 2021), investment decisions (Stokey 2016), financial markets (Lyu et al. 2021; Tang and Wan 2022; Wang et al. 2022; Yuan et al. 2022), financial stability (Leduc and Liu 2016) and output (Baker et al. 2016), as well as the effects of economic and financial recessions and delays in the recovery process (Gu and Liu 2022).



Policy makers, investors, market participants, and portfolio managers have been baffled by the increased economic policy uncertainty and financial risk as the global economy has deteriorated recently, particularly in the wake of the recent COVID-19 outbreak and the Ukraine–Russia war. As a consequence, the uncertainty of government policies lowers equity prices, increases market volatility and has a relevant impact on investment choices and consumer spending (Gomes et al. 2012; Pastor and Veronesi 2012). For instance, Arouri et al. (2016) found that stock returns decrease significantly as a result of increased EPU, with this effect becoming stronger and more enduring during periods of excessive volatility. Dai et al. (2021) examined the impact of EPU on the possibility of a US stock market crash during COVID-19 and found a strongly negative correlation, implying that the crash risk increases as EPU worsens. Moreover, the negative correlation became higher during the global COVID-19 outbreak, indicating that the US stock market is more vulnerable to a meltdown during an epidemic due to EPU. Similarly, Ma et al. (2022b) examined the spillover effect of EPU on the realized volatility (RV) of stock markets, and found that EPU spillover gets stronger during extreme events such as GFC 2007–2008, Brexit and COVID-19.



There are various channels through which EPU affects stock markets. Firstly, EPU may cause firms and other economic agents to postpone and change important decisions such as investment, employment, saving and consumption (Gulen and Ion 2016). Secondly, EPU may also raise the production and financial costs which affect demand and supply side and accelerate disinvestment or even cause economic recessions (Arouri et al. 2016). For example, on the demand side, consumers will consume less durable items (Carroll 1997), and businesses could give up from projects or cause lower investment demand (Christou et al. 2017). Due to these possible weaknesses in economies, stock market prices frequently fall. Thirdly, EPU may also affect interest rates, inflation and expected risk premiums, which may lead to lower returns and higher volatility in stock markets (Pastor and Veronesi 2012). Lastly, the impact of policy uncertainty in the US economy on international stock market returns cannot be denied, as the US is a major player in the global economy, with impact in other countries’ stock markets through uncertainty spillover effects (Christou et al. 2017).



At these times of increased economic and financial uncertainty, investors naturally search for safe havens and portfolio diversifying assets to safeguard their investments (Albuquerque et al. 2022). Islamic financial markets which are based on Shariah compliant assets, exhibited their safe haven qualities in contrast to their conventional counterparts during the GFC of 2008 (Erdoğan et al. 2020). Since then, these securities have gained a reputation as safe havens. The unique characteristics such as lack of tolerance for interest based leverage, ratio screening, ethical investing and limitations on derivatives, result in making the risk and return profiles Islamic and conventional stock markets different (Saiti et al. 2014). Islamic stock markets use strict screening criteria such as excluding industrial sectors involved in prohibited activities such as gambling and alcohol, tobacco, weapons, entertainment, and pork-related products, limiting the debt-to-equity ratio to not more than 33%, and leading to excessive risk taking products. Hence, it is theoretically anticipated that the performance of conventional and Islamic stock markets is not expected to be the same (Ali et al. 2018).



However, the latest systemic crisis brought on by the COVID-19 pandemic has called into question the safe haven characteristics of Islamic markets, as many recent studies have shown contradictory findings. For instance, Hasan et al. (2021) discovered that during COVID-19, both Islamic and conventional stock markets had a strong correlation and frequently moved in the same way. This result also implies that investors should be aware that Islamic stocks do not offer a greater investment opportunity, particularly during times of economic unrest, due to their conservative traits. Similarly, Hasan et al. (2022) confirm that COVID-19-induced extreme market instability also affected Islamic financial markets, virtually to the same extent. Contrarily, other research shows that, compared to conventional markets, Islamic markets are more resilient to economic and financial instability (Adekoya et al. 2022a; Chowdhury et al. 2022; Hassan et al. 2022). For example, Setiawan et al. (2022) conducted a study examining multiple markets, including Islamic stock markets, G7 countries’ conventional stock markets, commodities such as oil and rubber, precious metals, bonds, and Bitcoin. They found that the pandemic had an impact on price differentials in these markets, but there were minimal changes in the risk patterns of these markets.



Studies on the relationship between EPU and Islamic markets are found to be quite scarce when compared to conventional markets. For example, Chau et al. (2014) discovered that the Middle East and North Africa (MENA) region’s Islamic and conventional stock markets respond differently to political unpredictability. While the revolt had a reduced impact on the volatility of conventional markets, they discovered a considerable increase in the volatility of Islamic markets during times of political instability. According to Hammoudeh et al. (2016), the Islamic as well as the Asian, European and US stock markets are negatively affected by US EPU shocks. However, it turns out that EPU has no impact on Islamic bonds (Sukuk) (Reboredo and Naifar 2017). While examining the causal relationship of EPU with Dow Jones based Islamic stock market indices, Ftiti and Hadhri (2019) found that the lagged EPU enhances the forecasting of Islamic stock market returns. However, Aziz et al. (2020) found that Islamic stock markets are less likely to be impacted by global macroeconomic factors and economic policies. Hence, the stability of these markets allows portfolio diversification, especially in the presence of extreme events. Recently, Umar et al. (2022) investigated the impact of EPU on the relationship between Islamic indices and the Coronavirus media coverage index (MCI). The findings show that EPU can anticipate the degree of net connectivity between Islamic sectoral equities and the MCI.



Studies have employed a variety of econometric techniques to investigate how economic policy uncertainty affects various financial markets (Chiang 2019; Fasanya et al. 2021a; Gao et al. 2019; Liu and Zhang 2015; Raza et al. 2018b; Yang et al. 2021; Zhu et al. 2020). The majority of these studies are based on the Efficient Market Hypothesis (EMH) (Fama 1970), neglecting the non-linearity of these markets and focusing on the linear correlation of fluctuations in prices. However, with the recent COVID-19 outbreak, more empirical investigations have shown that the relationship between the EPU and other financial markets is non-linear, complex, chaotic, and with a high multifractal level (Gu and Liu 2022). For example, Fernandes et al. (2022) used various multifractal approaches to evaluate the non-linear cross-correlation between US EPU and the metal commodity indices. All of the US EPU-metals commodity pairs were found to have persistent cross-correlation, with gold found to be more closely related to the other commodities than US EPU. Aslam et al. (2022c) compared industrial metals with precious metals in terms of their relationship with US EPU. The empirical results support the interdependence between the US EPU and all metal markets, with precious metals exhibiting persistent cross-correlations and industrial metals exhibiting anti-persistent cross-correlations with the US EPU. Using similar multifractal approaches, the relationship with EPU is examined for European carbon market prices (Ye et al. 2021), Sino-US economic fluctuations (Zhao and Dai 2021), agricultural future markets (Feng et al. 2022), the cryptocurrency market (Ma et al. 2022a), the forex market (Zhao and Cui 2021), foreign flows in Chinese A-Share markets (Bing et al. 2021) and stock market trading volume (Pak and Choi 2022), among others.



However, there is relatively less literature addressing the interaction between EPU and stock markets in a multifractal context. For example, Jiang et al. (2021) look at the cross-correlations of EPU with US stock markets of NASDAQ, S&P500 and Dow Jones. Their findings demonstrate a non-linear relationship between changes in EPU and US stock markets, where the cross-correlations exhibit high multifractal patterns, and these cross-correlations are significantly influenced by major global events. In another study, Dehua and Xiangyu (2020) quantify the cross-correlations of EPU and UK and US stock markets and discover that the cross-correlation between trading volume and EPU is more persistent than that of the cross-correlation between stock returns and EPU. For the Shanghai stock market and EPU, the multifractal cross-correlations are found to be strongly anti-persistent (Lu 2019). However, we found no study on the relationship of EPU with Islamic stock markets, or comparing EPU with Islamic and conventional stock markets, considering a multifractal background. Therefore, studying the cross-correlation between EPU and Islamic and conventional equity markets may help to improve our understanding about the dynamics of these markets and their interrelationship with EPU.



The Fractal Market Hypothesis (FMH) of Peters (1994) serves as the foundation for the notion of multifractality, which supersedes the earlier theory (EMH) and is based on the self-similar complex patterns within financial markets. The rescaled range analysis (R/S), a pioneer fractal research-based methodology, was developed by Hurst (1951) which was initially used in econophysics literature. Later, Peters (1996) discovered that when R/S is employed, many financial markets exhibit long-term autocorrelation, indicating that these financial markets are inefficient. However, according to Lo (1991), R/S may contribute to the short-term autocorrelation problem, suggesting that there may be deviations for unstable financial data. Peng et al. (1994) addressed this issue by introducing detrended fluctuation analysis (DFA), separating local correlations from long-term correlations. Based on this, Kantelhardt et al. (2002) developed an advanced method for multifractal time series data called multifractal detrended fluctuation analysis (MF-DFA), which has been widely used in many areas including physics, social sciences and chemistry (Ali et al. 2021; Aslam et al. 2021a, 2021b). Later, based on the long-term cross-correlation of two time series proposed by Podobnik and Stanley (2008) called detrended cross-correlation analysis (DCCA), Zhou (2008) presented the enhanced multifractal detrended cross-correlation analysis (MF-DCCA), which builds on the MF-DFA and DCCA methodologies, to examine multifractal power law cross-correlations between two time series. Since then, many studies have largely relied on DCCA and MF-DCCA methodologies to investigate the cross-correlations between various time series (Aslam et al. 2022b, 2022c; Bing et al. 2021; Feng et al. 2022; Ma et al. 2022a; Pak and Choi 2022; Ye et al. 2021; Zhao and Cui 2021; Zhao and Dai 2021).



In view of the above, our study is distinctive and enriches the existing literature in three main ways. Firstly, to the best our knowledge, this is the first study to evaluate the relationship between EPU and conventional and Islamic markets from a multifractal perspective, to determine whether Islamic markets are an exception during periods of economic and financial upheaval. Secondly, we use the world’s largest economy’s uncertainty index, i.e., US economic policy uncertainty (US EPU) index, developed by (Baker et al. 2016), to understand its multifractal characteristics and mutual influences on the conventional and Islamic stock markets. Thirdly, we present compelling evidence of the power law cross-correlation and apparent multifractal features of US EPU with Islamic and conventional stock markets based on the robust, physics-based technique of MF-DCCA. Hence, by using this methodology, we aim to answer the following three questions: (1) Do pairs of US EPU with both conventional and Islamic markets exhibit multifractal characteristics? (2) How do the multifractal patterns of these pairs differ in terms of strength? (3) Is there persistence in the multifractality of the cross-correlation between US EPU and both Islamic and conventional stock markets?



The remainder of this paper is organized as follows: Section 2 presents a literature review about the use of EPU; Section 3 presents the data and methodology; Section 4 presents the results; Section 5 discusses the results and concludes this paper.




2. Literature Review


The early literature on EPU looked at how it affects major economic activities such as economic growth, inflation, output, unemployment, and monetary policy (Yuan et al. 2022). The recent extreme financial market volatility, caused by COVID-19 and the Russia-Ukraine war, rekindled academic interest in examining the connection between EPU and financial markets, emphasizing the significance of uncertain economic policy. Increased policy uncertainty may deter businesses from engaging in new investment endeavors and encourage consumers to adopt more frugal purchasing habits, which can have a variety of negative effects on investors, firms and consumers (Hung 2021). It applies to lenders because they might adopt a more cautious approach to their lending procedures, due to heightened uncertainty about governmental economic policy. As a result, the direct effects of policy uncertainty could eventually influence financial markets worldwide as well as the entire global economy. Our research in this area is a major addition to the literature on the relationship between conventional and Islamic equities markets and EPU.



Based on the frequency of newspaper coverage, Baker et al. (2016) created the first EPU index for the US, starting from 1985. Following Baker et al. (2016), many studies developed other uncertainty measures as a benchmark for measuring EPU and examined its impact on various financial markets. For instance, Mokni et al. (2022) investigated the use of gold and the top five cryptocurrencies as a safe haven or hedging against the US EPU both before and during the COVID-19 pandemic. Their findings indicate that neither gold nor cryptocurrencies can serve as a reliable hedge against US EPU before or during COVID-19. According to Fasanya et al. (2021b), US EPU is a substantial driver of risk transmissions across the oil market and the majority of globally traded forex market currency pairs. For bond spreads and their volatility in developing markets, Balcilar et al. (2021) look into the predictive power of regional and global EPU measures. The results demonstrate EPU measures’ ability to forecast bond spreads in both upper and lower quantiles of the market.



In comparison to other financial markets, the literature on EPU and stock markets indicated a strong negative impact. Hung (2021), for instance, examined the mean spillover effects of EPU with the stock markets of BRICS countries, i.e., Brazil, Russia, India, China, and South Africa. Their findings point to a significant bidirectional return spillover effect between EPU and BRICS stock markets in the wake of the EU debt crisis and GFC of 2007–2008. Similarly, Nusair and Al-Khasawneh (2022) examined the long- and short-term impacts of EPU on the G7 stock markets, i.e., Canada, France, Germany, Italy, Japan, the UK and the US. They found that all these markets, except for the UK, have considerable short-term effects from EPU on their stock values, which persist over time. According to Zhu et al. (2022), in extremely volatile market conditions, EPU and crude oil have a very good predictive power over industrial stock returns. Furthermore, EPU is better able to explain long-term industry stock returns than short-term returns. Chiang (2022) investigates the effects of changes in the shock of US EPU and COVID-19 on sixteen global stock markets and finds that higher economic uncertainty decreases stock market returns significantly, also causing negative spillover effects. Adekoya et al. (2022b) compare the effects of EPU, crude oil prices, and stock market fluctuations on the stock returns of 62 energy companies, concluding that two market-based uncertainties are overshadowed by EPU. Rehman et al. (2021) used weekly frequency data to analyze the sensitivity of the major US sectoral equity indices to investor sentiments and EPU. Their findings show that sentiments, in comparison to EPU, are important drivers of US sectoral returns. More recently, Tang and Wan (2022) investigate the impact of policy uncertainty on the informativeness of enterprises’ stock prices and discover a positive correlation.



Only a small amount of research has been done on the multifractality of EPU, and most of it has relied on MF-DCCA to look at how EPU correlates with other financial markets. For example, Yao et al. (2020) adopted MF-DFA as well as MF-DCCA to explore multifractal properties in the cross-correlation between US EPU, US stock market and WTI crude oil. They found that all the assets studied show multifractality. However, the prices of the US stock market and WTI oil have the strongest cross-correlation in their multifractality. Ye et al. (2021) employed both linear and non-linear cross-correlation (MF-DCCA) approaches to examine the relationship of EPU with European carbon market price. Interestingly, the findings of the linear analysis show no linear relationship between the return on the EU carbon market and EPU. Contrarily, with the non-linear analysis, i.e., MF-DCCA, the authors found the existence of cross-correlations, and the behavioral structure of cross-correlations across various carbon trading periods differs. In the same way, Zhao and Dai (2021) employed MF-DCCA and discovered significant cross-correlations between EPU of China and US, where power law cross-correlations existed for the variation of most scaling orders. Using the same methodology, Feng et al. (2022) examined the cross-correlations of EPU with agricultural futures returns in the US and China. The results suggest considerable cross-correlations in multifractality between agricultural future returns and EPU, and such cross-correlations are higher and less persistent in China than they are in the US.



The following conclusions can be drawn from the above literature. Firstly, there has been an increase in studies examining the impact of EPU on various financial markets following the introduction of Baker et al. (2016)’s EPU index. Secondly, stock markets appear to be more strongly affected by EPU than other financial markets. However, there is a scarcity of literature examining the impact of EPU on Islamic stock markets or comparing the effect of EPU on Islamic and conventional stock markets. Thirdly, considering the multifractal context, we found few studies examining the cross-correlation of EPU with US stock market, crude oil, (Yao et al. 2020), European carbon market (Ye et al. 2021), industrial and precious metal markets (Aslam et al. 2022c). Lastly, there are no studies that we are aware of that examine the relationship between EPU and both conventional and Islamic markets from a multifractal perspective.




3. Data and Methodology


3.1. Data


In this study, we used the stock market closing prices from the following five countries: United States, Thailand, Indonesia, Pakistan, and India, because they have both conventional and Islamic markets and have long time periods of available data. These indices cover a wide period from 1 April 2013 to 30 July 2021, with a total of 1701 observations each (after the data cleaning process). Data were sourced from DataStream. For EPU, the daily US EPU index of Baker et al. (2016) is collected from the Economic Policy Uncertainty (EPU) website, which is based on 12,000 newspaper coverage frequency. Baker et al. (2016) developed this index for 27 major countries, and it has been used in various studies. Major spikes in the US EPU index are observed for major events such as the Gulf wars of 1990 and 2003, the episode of 11 September (2001), the Lehman Brothers failure and other major disputes over fiscal policy uncertainties. Table 1 shows the list of conventional and Islamic equity market indices, the time period and the total of number of observations for each series.



Furthermore, the daily changes in US EPU (    r   U S   E P U    ) and the stock markets return (    r   t , j    ) are calculated as:


    r   U S   E P U   = l n       U S   E P U   t       U S   E P U   t − 1        



(1)






    r   t , j   = l n       p   t , j       p   t − 1 , j        



(2)







Table 2 shows the descriptive statistics of US EPU along with Islamic and conventional market indices. The highest mean return in the entire data set, is observed for US EPU which is 16.12%, while SETI, FTSTSH, and JKII show the lowest average return of 0.00%. The markets of DJIA, NSE, and IMUSL show the same average returns of 0.07%. Interestingly, the highest maximum return in a day (19.53%) and the highest daily loss (16.08%) are both observed for NI50SH Indian Islamic market. Similarly, NI50SH is seen to be the most volatile among all considered markets. All series’ skewness values are negative, except for JKSE, JKII, NI50SH and US EPU. All market values have kurtosis levels greater than three, indicating that these markets share the stylized facts of fat tails.




3.2. Multifractal Detrended Cross-Correlation Analysis (MF-DCCA)


By extending the DCCA of Podobnik and Stanley (2008), Zhou (2008) introduced the robust MF-DCCA, which is a crucial method to determine the cross-correlation properties of two time series. The steps in the MF-DCCA process are as follows.



It is assumed there are two time-varying sequential data,     x ( i )     and     y ( i )    , to investigate cross-correlation. The length   N   of this time series is assumed to be equal,   i = 1 , 2 , 3 … , N  . The first step is to calculate the signal profiles.


    X     i     =   ∑  t = 1   i        x   t   −   x  ¯       



(3)






    Y     i     =   ∑  t = 1   i        y   t   −   y  ¯       



(4)




where


    x  ¯  =   1   N     ∑  t = 1   N    x ( t )    



(5)






    y  ¯  =   1   N     ∑  t = 1   N    y ( t )    



(6)




with the mean values of the considered time series represented as     x  ¯    and     y  ¯   .



In a second step, the detrended time series     x ( i )     and     y ( i )     are further broken into non-overlapping equal segments with   s   observations as     N   s   = i n t   N   s    , with the integer function represented by   i n t ( . )  . Because the length of the time series   N   might not be an integer multiple of scale   s  , the short segment at the end of each series could be discarded. In order to include the end part of the segment in the analysis, the same process is repeated in reverse order. Hence, a total of     2 N   s     non-overlapping windows are estimated.



In the third step, the local trend of each segment   v   is estimated by using the split     2 N   s     segments. Particularly, the detrended covariance of each segment is specifically denoted as     F   2     s , v    , and can be calculated using the following equations:



For every   v = 1 , 2 , … , 2   N   s    ,


    F   2     s , v   =   1   s     ∑  i = 1   s        X     v − 1   s + i   −   X   v   ( i )     .     Y     v − 1   s + i   −   Y   v   ( i )        



(7)




and for each   v = 1 , 2 , … ,   N   s    


    F   2     s , v   =   1   s     ∑  j = 1   s      X   N −   v −   N   s     s + i   −       X   v   ( i )   .   Y   N −   v −   N   s     s + i   −       Y   v   ( i )      



(8)







In the fourth step, the   q t h   order fluctuation function     F   q   s       is estimated by averaging the local covariance of the detrended segments. Hence, the following equation is used to construct the fluctuation function     F   q   s      :


    F   q   s     =       1     2 N   s         ∑  v = 1     2 N   s          F   2     s , v         q / 2       1 / q    



(9)




and for   q = 0  


    F   0   s     = e x p     1     4 N   s       ∑  v = 1     2 N   s      l n     F   2     s , v          



(10)







The large and small fluctuations are differentiated by the   q   parameter, where the larger fluctuations are for   q > 0   and smaller fluctuations are for   q < 0  . We obtain the DCCA procedure at   q = 2  . The     log   − l o g     trends of     F   q     s     v s . s c a l e     s     are calculated to explore the scaling behavior of     F   q     s    , for each value of   q  . In the case of cross-correlation of     x ( i )     and     y ( i )    ,     F   q     s     tends to grow with   s  , indicating a power law relationship on   s   segment size. The power law cross-correlation is represented as:


    F   q     s   ~   s     H   x y     q      



(11)







Here, the generalized Hurst cross-correlation exponent is denoted by     H   x y     q    , describing the power cross-correlation between two time series. For mono-fractal paired time series, the scaling exponent for   q   remains unchanged, whereas the scaling exponent for   q   changes in the case of multifractality. The scaling exponent     H   x y     q     for all positive   q  , shows scaling behavior of large fluctuations, while for negative   q  , it shows the scaling behavior of small fluctuations. The univariate Hurst exponent and the bivariate Hurst exponent have the same properties and explanation (Kristoufek 2011). As suggested by (Oświȩcimka et al. 2014), the scales are selected according to the series length N while the maximum scale is taken as     S   m a x   < N / 5  .



The Hurst exponent     H   x y     q     at   q = 2   explains the persistent behavior in the cross-correlations, where the     H   x y     2   < 0.5   shows the anti-persistent and     H   x y     2   > 0.5   indicates the persistent cross-correlation behavior between two time series. The scaling tendency of sub-intervals   v   with small variations is depicted by the anti-persistent cross-correlation, whereas the scaling tendency of sub-intervals   v   with large fluctuations is reflected by the persistent cross-correlation. Such that, if     x ( i )     and     y ( i )     rises (declines), it is invariably preceded by another decline (rise). However, if     H   x y     2   = 0.5  , then     x ( i )     and     y ( i )     are no longer cross-correlated.



  ∆ H ( q )  , on other hand, denotes the strength of multifractality, where higher values of   ∆ H ( q )   show stronger multifractal strengths, while lower values of   ∆ H ( q )   show weaker multifractal characteristics, i.e.,


  ∆ H ( q ) =   H   m a x   ( q ) −   H   m i n   ( q )  



(12)







Another measure which can be used to examine multifractality within time series is the Rényi exponent     τ   x y     q    , as shown in the following equation:


    τ   x y     q   = q   H   x y     q   − 1  



(13)







Finally, in order to increase the robustness of multifractality, we perform a singularity spectrum analysis. The Legendre transformation allowed for the acquisition and presentation of the singularity spectrum     f   x y   ( α )  , based on the participation of the Hölder exponent     α   x y     and the Rényi exponent     τ   x y     q    , could be, respectively, obtained as


    α   x y   =     τ   ′     x y     q   ,  



(14)






    f   x y     α   = q   α   x y   −   τ   x y     q    



(15)









4. Results


By employing MF-DCCA, we present a quantitative analysis of the non-linear properties in the cross-correlation of US EPU with conventional and Islamic stock markets. The fluctuation function     F   x y q   ( S )  , is calculated with increasing scaling order, and values are assigned to   q   at intervals of   1  , with a minimum value of −5 and a maximum of +5. The log–log trends of     F   x y q   ( S )  , which varies with time length   s   are plotted in Figure 1 for the pairs of US EPU and the indices of Islamic and conventional stock markets. The scale order represented by the lines, which grow from bottom to top, range from −5 to +5. This indicates that a power law connection exists inside each of these pairs as     F   x y q   ( S )   exhibits an apparent rising trend with the progressive growth of   s   with all scale orders.



We compute the generalized Hurst exponent     H   x y     q    , which is one of the crucial inspection steps for the cross-correlation check between the US EPU and stock markets. Figure 2 shows the evolution pattern of the Hurst exponent,     H   x y     q     under variations in   q   order −5 to +5. It is noted that all the pairs of US EPU’s Hurst exponent values show a changing pattern with rising scale order. For example, the values of     H   x y     q     for the pair of US EPU/DJUS gradually decrease from 0.52 at q = −5 to 0.56 at q = 0, and then drop to 0.38 at q = +5 (see Table 3). Similar patterns can be seen in other US EPU pairs with sampled stock markets.



Furthermore, the values of   ∆ H   q    , which is estimated by taking the difference between   m a x   and   m i n     H ( q )  , as suggested by Yuan et al. (2009), are reported in the last row of Table 3. This acts as a measurement tool to examine the strength or the degree of multifractal characteristics. Overall, the values of   Δ H ( q )   vary from the maximum of 0.24 for US EPU/NI50SH to the minimum of 0.14 for US EPU/DJUS. In particular, the pairs of Pakistani (KSE100) and Indian (NSE) stock markets with US EPU are found to have the maximum degree of multifractality, while the US stock market DJUS with US EPU is regarded to have the lowest degree of multifractality, within conventional stock markets. Similarly, for Islamic stock markets, the pairs of Indian and Pakistani stock markets with US EPU have the highest multifractality, whereas US stock market has the lowest multifractality of all. Interestingly, both pairs of US stock markets with US EPU seem to have the lowest multifractal patterns.



Figure 3 illustrates the width of multifractal spectrums, further supporting the findings regarding the strength of multifractality. The multifractal spectrum for these markets exhibits variation with     α   x y    , demonstrating significant presence of multifractal patterns within these pairs. Additionally, the complexity of the local fluctuation of time series increases with the difference between the extreme values of     f   x y     α    . Moreover,     f   x y     α     can show the relatively low and high trend as well as how fluctuations behave. The greater multifractal spectrum widths support the Adaptive Market Hypothesis (AMH) of Kristoufek and Vosvrda (2013) by demonstrating that they are not produced by the random walk process.



Moreover, to investigate whether the cross-correlation between US EPU and the Islamic and conventional stock markets has persistency in their multifractality, the Hurst exponent     H   x y   ( q )   at   q = 2   is examined. As shown in Table 3, all pairs of US EPU with stock markets have     H   x y   ( q = 2 )   values higher than their critical value of   0.5  , with the exception of the US EPU/NI50SH pair, which is close to   0.5  . This suggests that the cross-correlations of all of these pairs are persistent. The US EPU/NI50SH pair, however, only shows weak evidence of cross-correlation.



Finally, given the presence of significant economic and political events in the data, we applied the rolling window approach on MF-DCCA, considering a window length of 1000 trading days. This analysis was performed to better understand the time-varying cross-correlation characteristics between US EPU and stock markets. Figure 4 plots the evolution of Hurst exponent at q = 2, for all the pairs, being clear that the cross-correlation of all pairs of US EPU with all the stock markets tend to exhibit similar trends and behaviors. We observe three notable moments of anti-persistent cross-correlation of US EPU with stock markets, namely during February–March 2019, May–June 2020, and March–April 2021. The first could be caused by a shift in Federal Reserve strategy away from monetary tightening bias as well as renewed optimism around a potential US–China trade deal in the first quarter of 2019 (Murphy 2019). The second moment could be attributed to the severe COVID-19 pandemic, while the third one could be supported by the roll-out of COVID-19 vaccines.




5. Conclusions and Discussion


Since the GFC 2007–2008, there have been growing concerns about the policy uncertainty surrounding economic policies and monetary decisions. A growing number of studies have documented how EPU has a negative impact on various financial markets, with conventional stock markets being more impacted than others. Since then, investors have been more interested in alternative investments, i.e., Islamic stock markets, as the volatility surrounding conventional stock markets has grown. Islamic markets, due to their independence from conventional markets, have seen extraordinary development in the aftermath of GFC 2007–2008. However, since the COVID-19 pandemic, there has been an increase in the unpredictability of economic policy across the globe, with Islamic stock markets being almost equally impacted. In this context, this study focuses on investigating the cross-correlation of US EPU with conventional and Islamic stock markets in the multifractal background, which is absent from the literature. A relevant number of studies in the financial field have established the MF-DCCA as a reliable tool to detect cross-correlation multifractal characteristics between two time series. From this perspective, we make use of the daily US EPU index from Baker et al. (2016), as well as the conventional and Islamic stock market prices of five countries—the US, Thailand, Indonesia, Pakistan, and India.



The empirical findings of this study are presented as follows. Firstly, the fluctuation function     F   x y q   ( S )   of all pairs of US EPU with both types of stock markets shows an evident rising trend, indicating the existence of power law cross-correlation within all pairs. Secondly, all pairs are seen to have a declining generalized Hurst exponent     H   x y     q     trend with increasing scale, further supporting the presence of multifractality in these pairs. Thirdly, all pairs exhibit a different level of multifractal strength, i.e.,   ∆ H ( q )  , where the highest multifractal patterns are observed for the pair of US EPU with the Islamic Indian stock market of NI50SH. This result, however, contradicts the earlier investigations that found the highest connection of US EPU with US stock markets (He et al. 2020; Raza et al. 2018a; Yao et al. 2020), since the home country’s EPU could have a greater impact on its stock market than it does on other markets. Additionally, we found that all pairs of conventional and Islamic stock markets’ relationship with US EPU show Hurst exponents that are above the critical levels for all scaling orders, demonstrating the validity of cross-correlation persistence behavior.



The above findings have a number of implications for decision-makers, investors and policy makers who work in both the conventional and Islamic stock markets. Firstly, the internal dynamics of the cross-correlations between US EPU and stock markets cannot be modelled using conventional linear models such as vector-regression, OLS or correlation coefficient. The existence of multifractal patterns could be related, for example, with the presence of fat tails, suggesting a non-linear structure in the cross-correlations between the pairs of markets, which cannot be explained by using the assumptions of linearity and stationarity of the data (Aslam et al. 2022a). Secondly, the US EPU has a substantial impact on both the conventional and Islamic stock markets, and so it is advisable to take these differences into account when developing a portfolio and diversification strategy. Investors are advised to be aware that, particularly during times of economic policy instability and financial crisis, Islamic stocks’ conservative characteristics do not provide better investing choices or hedging opportunities. Our findings may help Islamic regulatory bodies to formulate regulations and policies that will shield Islamic sharia-compliant portfolios and investors from high risk and volatility in the mainstream equity market. Lastly, both Pakistani markets appear to be more efficient than other markets since US EPU multifractality is lower with Pakistani markets than with others. In other words, other stock markets are more susceptible to EPU shocks than Pakistani ones. As a result, by investing in Pakistani markets, investors may maximize their portfolio returns through diversification, particularly during periods of significant economic policy uncertainty and financial turmoil. We advise future studies to use more Islamic instruments on intraday data sets or take other uncertainty measures in order to understand its relationship with EPU and other uncertainty measures more precisely. By modifying the MF-DCCA model, this study can also potentially be expanded to examine the cross-correlation between several variations in the Islamic markets.
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Figure 1. The log–log plot of Fxyq(S) versus s for US EPU and conventional and Islamic stock markets. 
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Figure 2. The generalized Hurst exponent Hxy(q). 
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Figure 3. The multifractal spectrum. 
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Figure 4. Dynamic Hurst exponents evolution for US EPU and conventional and Islamic stock markets (q = 2, and window = 1000). 
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Table 1. List of Islamic and Conventional Stock Markets.
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S. No.

	
Countries

	
Conventional Indices

	
Islamic Indices




	
Names

	
Symbols

	
Names

	
Symbols






	
1

	
USA

	
Dow Jones US Index

	
DJIA

	
Dow Jones Islamic Market US Index

	
IMUSL




	
2

	
Thailand

	
Stock Exchange of Thailand Index

	
SETI

	
Financial Times Stock Exchange SET Shariah Index

	
FTFSTSH




	
3

	
Indonesia

	
Jakarta Stock Exchange Composite Index

	
JKSE

	
Jakarta Islamic Index

	
JKII




	
4

	
Pakistan

	
Karachi Stock Exchange Index

	
KSE100

	
KSE Meezan Index

	
KMI30




	
5

	
India

	
National Stock Exchange Index

	
NSE

	
Nifty 50 Shariah

	
NI50SH








Time period ranges from 1 April 2013 to 30 July 2021. Number of observations = 1701.
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Table 2. The Descriptive Statistics of Stock Markets and US EPU.






Table 2. The Descriptive Statistics of Stock Markets and US EPU.





	

	
Conventional Stock Markets

	
Islamic Stock Markets

	
US EPU




	
DJIA

	
SETI

	
JKSE

	
KSE100

	
NSE

	
IMUSL

	
FTSTSH

	
JKII

	
KMI30

	
NI50SH






	
Mean

	
0.0007

	
0.0000

	
0.0002

	
0.0006

	
0.0007

	
0.0007

	
0.0000

	
0.0000

	
0.0002

	
0.0008

	
0.1612




	
Median

	
0.0008

	
0.0003

	
0.0007

	
0.0007

	
0.0008

	
0.0008

	
0.0001

	
0.0004

	
−0.0001

	
0.0007

	
−0.0083




	
Maximum

	
0.0904

	
0.0795

	
0.1019

	
0.0717

	
0.1077

	
0.0971

	
0.1018

	
0.1281

	
0.0846

	
0.1953

	
23.9187




	
Minimum

	
−0.1227

	
−0.1080

	
−0.0626

	
−0.0686

	
−0.108

	
−0.1208

	
−0.1119

	
−0.0865

	
−0.0749

	
−0.1608

	
−0.9571




	
S.D.

	
0.0114

	
0.0109

	
0.0116

	
0.0117

	
0.0119

	
0.0116

	
0.0122

	
0.0148

	
0.0131

	
0.0169

	
0.9607




	
Skewness

	
−1.0041

	
−0.9980

	
0.0223

	
−0.3203

	
−0.3026

	
−0.7451

	
−0.6059

	
0.1606

	
−0.2296

	
1.4163

	
11.9141




	
Kurtosis

	
21.6544

	
18.0135

	
10.1532

	
7.1339

	
16.5342

	
18.7520

	
15.9723

	
9.3141

	
7.1574

	
49.3761

	
252.6944
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Table 3. Generalized Hurst Exponents Ranging from q = −5 to q = 5.






Table 3. Generalized Hurst Exponents Ranging from q = −5 to q = 5.





	

	
Conventional Stock Markets

	
Islamic Stock Markets




	
q Order

	
DJUS

	
SETI

	
JKSE

	
KSE100

	
NSE

	
IMUSL

	
FTSTSH

	
JKII

	
KMI30

	
NI50SH






	
−5

	
0.5195

	
0.5996

	
0.6324

	
0.6673

	
0.6448

	
0.5529

	
0.5987

	
0.6427

	
0.6546

	
0.6274




	
−4

	
0.5226

	
0.5992

	
0.6323

	
0.6581

	
0.6358

	
0.5530

	
0.5980

	
0.6390

	
0.6455

	
0.6170




	
−3

	
0.5304

	
0.6026

	
0.6350

	
0.6482

	
0.6272

	
0.5560

	
0.6000

	
0.6365

	
0.6361

	
0.6062




	
−2

	
0.5432

	
0.6091

	
0.6403

	
0.6371

	
0.6190

	
0.5617

	
0.6041

	
0.6348

	
0.6258

	
0.5945




	
−1

	
0.5583

	
0.6149

	
0.6460

	
0.6237

	
0.6099

	
0.5679

	
0.6074

	
0.6319

	
0.6133

	
0.5809




	
0

	
0.5595

	
0.6072

	
0.6394

	
0.6015

	
0.5926

	
0.5606

	
0.5990

	
0.6177

	
0.5917

	
0.5588




	
1

	
0.5603

	
0.6006

	
0.6336

	
0.5814

	
0.5771

	
0.5543

	
0.5918

	
0.6052

	
0.5723

	
0.5390




	
2

	
0.5292

	
0.5730

	
0.5992

	
0.5487

	
0.5451

	
0.5186

	
0.5629

	
0.5695

	
0.5399

	
0.5052




	
3

	
0.4790

	
0.5333

	
0.5447

	
0.5094

	
0.5017

	
0.4649

	
0.5194

	
0.5186

	
0.5008

	
0.4637




	
4

	
0.4256

	
0.4892

	
0.4857

	
0.4686

	
0.4548

	
0.4091

	
0.4708

	
0.4646

	
0.4601

	
0.4208




	
5

	
0.3806

	
0.4485

	
0.4356

	
0.4318

	
0.4128

	
0.3624

	
0.4272

	
0.4183

	
0.4233

	
0.3828




	
   ∆ H   q     

	
0.1389

	
0.1511

	
0.1968

	
0.2355

	
0.2320

	
0.1905

	
0.1715

	
0.2244

	
0.2313

	
0.2446
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