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Abstract
Financial markets are exposed to extreme uncertain circumstances escalating their tail risk. Sustainable, religious, and conventional markets represent three different markets with various characteristics. Motivated with this, the current study measures the tail connectedness between sustainable, religious, and conventional investments by employing a neural network quantile regression approach from December 1, 2008 to May 10, 2021. The neural network recognized religious and conventional investments with maximum exposure to tail risk following the crisis periods reflecting strong diversification benefits of sustainable assets. The Systematic Network Risk Index (SNRI) spots Global Financial Crisis, European Debt Crisis, and COVID-19 pandemic as intensive events yielding high tail risk. The Systematic Fragility Index (SFI) ranks the stock market in the pre-COVID period and Islamic stocks during the COVID sample as the most susceptible markets. Conversely, the Systematic Hazard Index (SHI) nominates Islamic stocks as the chief risk contributor in the system. Given these, we portray various implications for policymakers, regulatory bodies, investors, financial market participants, and portfolio managers to diversify their risk using sustainable/green investments. 
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1. Introduction 
Prevailing uncertainty in the global financial markets has spurred the attention of investors, policymakers, regulators, and financial market participants to focus on those investment streams, which considerably reduce the recurring negative impacts of economic and financial instances. In this way, comprehending the fat tails of different markets’ returns has become imperative to compute their tail-risk as it is considered one of the key factors to determine asset pricing and reflecting potential threats to the investors if not forecasted properly (Zaremba et al., 2021). Literature declared multiple uneven circumstances where financial markets, economic growth, and working of different sectors substantially seized (Abakah et al., 2021; Mensi et al., 2021, Demirer et al., 2021). The most widely addressed distressed periods in the past two decades are the Global Financial Crisis, European Debt Crisis, and the recent ongoing COVID-19 pandemic with purportedly extreme recessions for the global economy. The global pandemic of coronavirus is marked as one of the severe contagions with maximum exposure to tail risk. A health pandemic that swiftly switched to the financial and economic crisis has disrupted the financial markets with austere challenges. 
[bookmark: _Hlk128168362]Financial markets, for example, US stock market, suffered extreme declines in just a few weeks, elevating fears and tumbling cross-market network (Chen et al., 2022; Yousaf et al., 2023; Zhang et al., 2020). Similarly, the bond market experienced liquidity problems during the pandemic (Liu et al., 2021; Kargar et al., 2020). In the meantime, several financial markets have been exposed to lower economic activity, financial instability, elevated uncertainty, and risk management. Compared with the prior pandemics, the COVID-19 pandemic shackled the economy across the globe adversely. The World Bank reported that global GDP declined by 5.2% in 2020, with developed economies dwindling around 7% (Arif et al., 2021a). Given these distressing periods, the role of sustainable, religious, and conventional markets is noteworthy in rescuing investments from extreme market settings. Investors’ rising concerns toward risk-adjusted portfolios during distressed episodes have resulted in multiple investment opportunities to mitigate tail risk. 
Since sustainable, religious, and conventional markets represent three different financial markets addressing environmental/climate, faith-based, and profit-seeking motives of investors, the examination of tail-risk possesses various benefits for investors to diversify their portfolios with appropriate investment strategies. Sustainable investments, encompassing sustainability indices, clean energy indices, and green bonds, have emerged as alternative investments showcasing significant diversification and risk-mitigating potential. The growth in these investments during the first half of 2021 shows a total volume of USD 496.1 billion as they are well-aligned with renewable energy projects, water and waste management, reducing carbon emissions, and enhancing energy efficiency (Naeem et al., 2021a). With this exceptional growth, sustainable markets are projected to achieve the milestone of USD 1 trillion by 2023[footnoteRef:1]. On the other hand, religious investments are appealing avenues for faith-based investors due to no involvement of interest rates, low-risk, and presence of underlying assets (Arif et al., 2021b; Naeem et al., 2021b). Literature narrates religious investments carrying low risk in the face of economic and financial uncertainties and their stringent compliance with the Islamic Sharia (Azad et al., 2018; Shahzad et al., 2019; Yousaf et al.m 2022; Yousaf and Yarovaya, 2022). Thus, sustainable and religious investments are vital for investors to overcome the challenges of markets boom and busts. However, conventional markets exhibit strong market integration in the financial system due to their prevalence and existence for decades (Yoon et al., 2019). Strong market integration of bond markets, commodities, and stock markets further incites the study’s current contribution to measuring the tail risk.  [1:  Please see: https://www.climatebonds.net/2021/08/climate-bonds-updates-2021-green-forecast-half-trillion-latest-h1-figures-signal-new-surge] 

The distressed periods mark extensive risk connectedness among financial markets (Mensi et al., 2021). Most previous studies examined tail-risk at particular country and industry/firm levels (Liu & Hamori, 2020; Xuefeng et al., 2022; Sharma et al., 2022). However, an evident gap exists in the earlier studies that do not address the tail-risk measurements of sustainable, religious, and conventional investments. Predominantly, studies support that unexpected macroeconomic events, monetary policy fluctuations, elated inflation rates, regulatory sanctions, and impulsive economic and financial circumstances yield tail-risk (Ewing, 2002). In the presence of these factors, investors are required to adopt successful portfolio diversification strategies that focus on eradicating the idiosyncratic risk of one market or a set of financial markets. Thereby, understanding the neural networks and interactions among sustainable, religious, and conventional markets becomes imperative to comprehensively assess tail risk by indicating markets with most (least) exposure following bearish (bullish) market settings. 
[bookmark: _Hlk90407953]The traditional nonlinear measure of risk is described by value-at-risk (VaR), while conditional value-at-risk (CoVaR) quantifies nonlinearity in the data, mirroring the risk contribution of one market to the other. Nevertheless, both VaR and CoVaR occupy certain limitations in the tail-risk assessment. To overcome these challenges, the neural networks approach proposed by Keilarg and Wang (2021) offers a broader perspective of examining the tail risk of sustainable, religious, and conventional markets as it stipulates robust nonlinear function by forecasting risk in the tails. In addition, the unique features of neural networks in terms of Systematic Fragility Index (SFI) and Systematic Hazard Index (SHI) specify the market exposed with extreme tail-risk and principal risk contributor among all markets, respectively. 
In the light of the above claims, the current study contributes to the existing strand of literature in many ways. First, we modeled the tail-risk of sustainable, religious, and conventional investments under uncertain circumstances. Second, we employed the empirical approach of Keilbarg and Wang (2021) for investigating the tail-risk of sustainable, religious, and conventional markets using a step-by-step methodology estimating VaR, CoVaR, SFI, and SHI. These measures identify spillovers among selected markets regarding risk recipients, risk contributors, and risk leaders in a sustainable, religious, and conventional market system. Third, the additional benefit of this technique is to capture the asymmetric trend in systematic risk for the markets under study by detecting markets with maximum risk exposure and risk contribution uncovering potential distressed periods. Fourth, the study considered the COVID-19 pandemic to provide evidence of whether tail risk escalates during this period of economic turmoil. Finally, we provided beneficial ramifications for policymakers, regulators, investors, and financial market participants to diversify their portfolios. 
The results of our step-by-step analysis present that VaR and CoVaR of the selected markets report scattered plots for green bonds, clean energy, commodity market, and bond market. The time average of risk spillovers indicated segregated spillovers in pre- and during COVID-19 period, where strong tail dependence exists between conventional and green bonds as both share similar features. The network analysis highlighted Dow Jones Islamic stock (DJIS) as the net risk receiver for both sample periods. Further, time-series analysis reflected three major crisis events with intense risk spillovers during GFC, EDC, and COVID-19. The segregated analysis of SFI and SHI brought intriguing findings for investors and portfolio managers where DJIS remained the net risk recipient in terms of riskiest investment and majorly contributing to the overall risk spillovers. We offered significant implications for practitioners, policymakers, investors, and portfolio managers by stressing religious and conventional investments as the riskiest avenues and attaining diversification benefits of sustainable assets by mitigating the risk of their investments. 
The rest of the study is structured as follows: Section 2 presents literature review; Section 3 elaborates methodology; empirical results are explained and discussed in Section 4, while Section 5 concludes the study along with implications. 
2. Literature Review 
Literature examining the tail risk of sustainable, religious, and conventional markets is scarce. Tail risk constitutes market risk measurement by employing various methodological operations to quantify the markets’ risk based on their extreme exposure to external circumstances. Prior studies endeavored to study the tail risk in various financial markets and international settings using different methodological approaches. However, literature exhibits a flamboyant gap in the previous studies, which employ the unique methodology proposed by Keilbar and Wang (2021), which positions the sustainable, religious, and conventional markets by ranking their risk and segregating the market with high (low) exposure and risk contribution. In the international markets setting, Liu and Hamori (2020) and Li and Giles (2015) studies are significant for exploring the tail risk. Moreover, Albuquerque et al., (2020), Keilbarg and Wang (2021), Nguyen et al. (2020), and Wang et al. (2017) studied the risk of financial factors during crisis periods. 
Similarly, the studies of Mensi et al. (2017) and Arouri et al. (2011) are of particular importance in investigating directional spillovers. Meanwhile, Nguyen et al. (2020) examined the tail-risk of international markets using the LASSO approach and identified risk drivers along with risk receivers and distributors. The study of Hautsch et al. (2014) improved the scale of CoVaR for estimating the systematic risk. However, Hardle et al. (2016) extended this technique of Hautsch et al. (2014) in a nonlinear setting to measure the risk of financial markets and industries. Moving ahead, the work of Acharya et al. (2017) provided a building block for an economic system for measuring the extreme risk in the financial institutions. Similarly, Bianchi et al. (2019) presented Markov-switching graphical model to differentiate between systematic and unsystematic risk. Finally, the quantile neural network to evaluate the VaR in the stock markets provided by Xu et al. (2016) also offers significant fundamentals for measuring tail risk. 
Among sustainable, religious, and conventional markets, tail risk estimations are scant. Earlier studies are renowned for employing the connectedness approaches to isolate the risk transmitters and receivers (Elsayed et al., 2020; Balli et al., 2019). Naeem et al. (2021a, 2021b) examined the connectedness of green bonds and financial markets and identified green bonds carrying sufficient diversification benefits for other stock markets. The studies of Karim et al. (2022a), Arif et al. (2021a), and Liu et al. (2021) unveiled various useful features of sustainable, religious, and conventional markets but in an independent market setting. Nguyen et al. (2020b) and Naeem and Karim (2021) also stressed the diversification avenues of green investments against various financial markets. Given the plethora of studies on religious investments, Chowdhury et al. (2021) examined the spillovers among 52 religious stocks and marked positive co-movement between religious stocks and their volatility. Arif et al. (2021b) acknowledged safe-haven features of religious stocks against G7 markets and reported useful diversification potential in religious investments. In the end, Yarovaya et al. (2020) separated three crisis periods to compare the religious and conventional stocks and documented the persistent resilience of religious investments in the face of uncertainty and economic volatility. 
Based on these studies, the current research uniquely contributes to the existing strand of literature by assessing the tail risk of sustainable, religious, and conventional markets. Building on the argument, these markets possess sufficient diversification potential to offset the devastating impacts of recurring economic and financial turmoil periods. Thus, the study categorizes the markets on their tail risk exposure and net risk contribution, as suggested by Keilbar and Wang (2021).   
3. Methodology
This section represents the methodological approach of measuring systematic risk. It involves four steps to comprehensively assess the systematic risk of markets included in the study. First, we estimate the Value-at-Risk (VaR) by utilizing the linear quantile regression of religious, sustainable, and conventional markets. The results of step one are further used in step two to analyze the conditional VaR (CoVaR) for each market by applying a quantile regression neural network. The next step involves examining the marginal effects for modeling the systematic risk spillovers resulting in the time-varying systematic risk network. Finally, three systematic risk measures are modeled based on the systematic risk network. 
3.1 Step 1: VaR Estimation
VaR is defined as the maximum loss for a particular fixed period with a specified confidence level. Calculating the VaR offers fundamentals for measuring the market risk of religious, sustainable, and conventional stock markets. Numerically, this operation is the return distribution of -quantile stated as: 
									(1)
where Xit is the return of a market (green, conventional, and Islamic) i at time t and  is the quantile level. Engle and Manganelli (2004) employed the dynamic quantile technique known as CAViaR and compared three different specifications. Following this, we consider the symmetric absolute value (SAV) for VaR given as:
					(2)
Through Eq. (2), we determine the current level of VaR by using both its lagged and absolute value of the lagged return. Meanwhile, the asymmetric slope (AS) given CAViaR is presented as: 
				(3)
The asymmetric specification allows for different computing responses based on positive and negative returns. The third and last step covers Hardle et al. (2016) by figuring VaR for each market i analyzed by linear quantile regression and utilizing macro-state variables Mt-1. 
								(4)
Here  denoting conditional quantile error term. In this way, the adjusted VaR value of quantile regression is:
								(5)
The limitation of VaR is that it measures the critical risk level of each market and does not systematically account for the dependency matrix. Thus, calculating VaR is the first step for measuring the conditional risk of religious, sustainable, and conventional markets. 
[bookmark: _Hlk90408926]3.2 Step 2: CoVaR Estimates and Neural Quantile Regression
CoVaR, similar to VaR, measures risk but slightly differentiates from VaR in specifying the financial distress circumstances occurring between religious, sustainable, and conventional stock markets. In the current study, CoVaR identifies the most significant markets in terms of risk measurement. Based on Hardle et al. (2016), it is assumed that all markets (religious, sustainable, and conventional stock markets) are in their VaR following a particular distressing situation as: 
						(6)
Here vector of returns of religious, sustainable, and conventional markets are represented by  except j at time t while vectors of VaRs are denoted by . It is argued that linear quantile regression is not a suitable method for estimating the risk spillovers as the interdependence of markets potentially differs in a state where economic conditions are unfavorable. Further, the conditional quantile function of one market varies from the other market and reacts nonlinearly to a critical level. In this way, neural network quantile regression suggests potential dependencies in the data such that conditional quantile of market j returns is regressed on the overall returns of markets employing neural networks. 
	
				(7)
Here the error term  represents the conditional quantile. At the distressing time, the adjusted neural network is measured using the CoVaR of market j. 
								(8)
Here neural network is denoted by . Hence, we interpret CoVaR as the -quantile of the loss distribution in a hypothetical stressful situation. In the current study, the stressful situation of all markets indicates that they are in their VaR. 
3.3 Step 3: Quantifying Risk Spillovers
Once weights are assigned to neural network quantile regression, we obtain the risk spillovers in the next step for each directed pair of markets included in the study. Therefore, partial derivatives of the conditional quantile of market j return are taken. 
			(9)
Using the sigmoid tangent activation function, we obtain
				(10)
with 
								(11)
However, when ReLu activation function persists, we get
 				(12)
I (.) denotes the indicator function. Since, our purpose is to examine the lower tail-dependence, we calculate the marginal effects of distressed condition as: 
 		(13)
The each directed pair of markets yields an adjacency matrix of spillovers considering the marginal effects at at time t:
   					(14)
We define the elements as absolute values of marginal effects:
 					(15)
We note that risk spillovers are not symmetric complying with the condition . The purpose of adjacency matrix is to offer weighted and directed graph modelling the systematic risk of religious, sustainable, and conventional stock markets. 
3.4 Step 4: Spillover Network Analysis
To further extend the analysis of systemic relevance of markets, it is asserted that multiple connectedness measures, such as Diebold and Yilmaz (2012, 2014) can be used. The TO connectedness of market j accounting total directional spillovers at time t defines the sum of absolute marginal effects of all markets. 
 									(16)
Subsequently, the FROM connectedness of market i at time t demonstrate the aggregate of absolute marginal effects from market i to all other religious, sustainable, and conventional stock markets. 
 									(17)
Based on Diebold and Yilmaz (2014), the total NET connectedness is defined as the sum of all absolute marginal effects at time t. 
 								(18)
In general, the total connectedness accounts entire connectedness of system without differentiating the individual nodes of the network. Thus, VaR and CoVaR estimates are redefined as systemic risk measurements. Particularly, based on Keilbarg and Wang (2021), the Systemic Fragility Index (SFI) and Systemic Hazard Index (SHI) are developed for ranking the markets in the overall system. 
							(19)
 							(20)
The risk exposure of market i is denoted as SFI. If the adjacency weights of market j are large along with all markets, then SFI also increases. It implies that SFI increases during the turmoil periods and can spot the market most susceptible to the tail risk. In contrast, SHI quantifies the risk contribution of market i to the whole system depending on the outgoing adjacency weights by other markets’ CoVaRs. It is noteworthy that SFI and SHI are market-specific. Meanwhile, the model specifies asymmetries suggesting higher exposure to tail risk of a market does not imply that the similar market will have a larger impact on the system. 
Furthermore, based on Keilbarg and Wang (2021), Systemic Network Risk Index (SNRI) is utilized for measuring the tail spillovers in the lower quantiles. 
    			(21)
The adjacency matrix is exhibited as: 
 						(22)
With elements stated as:
    			(23)
The fitted adjacency matrix demonstrates the level of outgoing VaRs and incoming CoVaRs that enhances the risk spillovers. 
4. Empirical Results 
4.1 Data and Preliminary Statistics 
The current study examines the tail connectedness between religious, sustainable, and conventional markets spanning December 1, 2008 to May 10, 2021. The religious stock markets included in the study are Dow Jones Islamic Index (DJIS) and Dow Jones Sukuk Index (DJSK). Sustainable investments involve S&P Green Bond Index (SPGB), Dow Jones Sustainability Index (DJSI) and S&P Global Clean Energy Index (SPGC). Meanwhile, the conventional stock markets are S&P GSCI Commodity Index (GSCI), Bloomberg Barclays Global Treasury Index (BBGT), S&P 500 Composite Index (SP500). The data of all markets have been extracted from Bloomberg Database. For analysis purposes, the returns of markets are converted into log differenced percentage returns. Moreover, we utilized the implied volatilities of the stock market (VIX), oil (OVX), gold (GVZ), the exchange rate (EVZ), and bond (MOVE) sourced from the Chicago Board of Exchange (CBOE) to examine the VaR in the first step of the analysis process. 
VIX index measures the 30-day expected volatility of the US stock market, which is directly derived from real-time and mid-quoted prices of the S&P 500 index. Globally, VIX is recognized as a standard financial indicator to report the variations in the US stock market, followed by various market participants who acknowledge this indicator as a daily market gauge. Accordingly, OVX is a risk indicator that provides information on the 30-day volatility of crude oil quoted by US Oil Fund (USO). OVX delivers effective information for estimating the variances in the oil future prices. GVZ forecasts the 30-day volatility of returns of SPDR Gold Shares by interpolating two time-based sums where it manifests the expected variance of the gold price before two option dates. In this way, GVZ is obtained by taking an annual percentage of interpolated values and then taking its square root. EVZ is the Euro Currency volatility index which estimates the expected 30-day volatility Currency Shares of the Euro to Dollar exchange rate interpolated by taking percentage points. 
Table 1 illustrates summary statistics of religious, sustainable, and conventional stocks where SP500 yields the highest average returns, followed by DJIS and DJSI. Conversely, DJSK, BBGT, and GSCI generate moderate mean returns, while SPGC and SPGB report the lowest average returns. The standard deviation exhibits SPGC demonstrated higher variability in the average returns succeeded by GSCI, SP500, and DJSI. Moderate variability in the returns is reflected by DJIS and SPGB in line with Naeem et al. (2021b), who reported moderate risk bearing potential of religious and sustainable investments, while BBGT and DJSK highlighted the lowest variability in the average returns aligning with Adekoya and Oliyide (2020) and Arif et al., (2021b) documenting less volatility in the returns of bond and Sukuk markets, respectively. Slightly skewed values of markets indicate their exposure to external abnormal economic circumstances. The Jarque-Bera test of normality denotes quite higher values of all markets, echoing markets are not normally distributed. The ARCH effect substantiates that markets bear sufficient ARCH effects in the sampled returns while the Ljung-Box Q test manifests the autocorrelation in the data. 
[Table 1 about here]
Quantile-Quantile (QQ) plots effectively visualize the asymmetry in the distributions, heavy tails, and data anomalies. Basically, a QQ plot arranges the empirical distribution ascending before plotting them against quantiles obtained from theoretical normal distributions. The points near the 45-trajectory imply that both empirical and normal distributions are parallel. However, deviations from these trajectories compare the theoretical distribution so that the data expands beyond mean-variance analysis. Figure 1 visualizes the QQ-plots of religious, sustainable, and conventional markets where SPGC and GSCI demonstrate high divergence of theoretical distribution while moderate deviations are reported SP500, DJSI, and DJIS. Correspondingly, lower deviations are indicated by SPGB, DJSK, and BBGT. Following this, the results of QQ-plots indicate that the theoretical distribution of markets is normal and any deviation from the red line exhibits returns of religious, sustainable, and conventional markets are not normally distributed as highlighted by black dots. 
[Figure 1 about here]
The correlation matrix in Figure 2 identifies a maximum correlation between DJSI-DJIS followed by SP500-DJIS and SP500-DJSI, reflecting a high association between religious stocks and sustainability index in a respective correlation with S&P500. Subsequently, SP500-DJSI, SPGC-DJIS, and SPGC-DJSI reflected moderate correlation followed by SP500-SPGC and BBGT-SPGB. Overall, markets are significantly correlated, indicating potential linkages among religious, sustainable, and conventional stocks. 
[Figure 2 about here]
4.2 Estimating VaR and CoVaR
At first, compute the VaR and CoVaR for each market using both linear and neural network quantile regression. We employed the rolling-window analysis of 260 days to overcome the potential non-stationarity in the data. Figure 3 elaborates the returns (Black Dots), VaR (Blue line), and CoVaR (Red line) plots using the neural network quantile regression analysis. The returns of SPGB, SPGC, GSCI and BBGT demonstrate higher fluctuation than other religious, sustainable, and conventional markets. Moreover, time-varying trends of return, VaR, and CoVaR estimate indicate greater fluctuation during the crisis times, for instance, Global Financial Crisis (GFC), European Debt Crisis (EDC), and the recent ongoing pandemic of COVID-19 in the markets of SPGB, SPGC, GSCI, and BBGT than the rest of the markets. This finding implies that these markets show greater vulnerability to overall market sensitivities than other markets. In line with Arif et al. (2021b) and Naeem et al. (2021b), religious, sustainable, and conventional investments react differently to external uncertainties. A closer look at the VaR and CoVaR estimates during the crisis periods displays that the market explodes (stabilize) following a distressed (recovery) period. Stronger spikes during the crisis episodes imply an increase in the systemic risk as indicated by GFC and EDC. Meanwhile, sharp spikes during COVID-19 reflect higher exposure to external shocks during the pandemic suggesting higher systemic risk in the recent ongoing crisis than before. Our findings coincide with the findings of Abakah et al. (2021), Naeem et al., (2022a, 2022b), Naeem et al. (2021a, 2021b), and Karim et al. (2022a, 2022b), who reported enhanced exposure of markets to the havocs of COVID-19 pandemic than earlier crisis episodes. 
[Figure 3 about here]
4.3 Measuring Risk Spillover Network
The next step involves calculating the directional pairwise risk spillovers of religious, sustainable, and conventional markets using the neural network quantile regression analysis. Figure 4 illustrates the time average of risk spillover effects of markets under study where a higher level of tail dependence is observed with deep color while a lighter color exhibits lower tail dependence. The sample in Figure 4 is segregated into pre-COVID and COVID-19 crisis where pre-COVID analysis in Panel (a) signifies maximum tail risk between BBGT and SPGB followed by DJIS and SP500. Moreover, the moderate tail risk persists between DJIS and DJSI. The highest risk exposure of religious, sustainable, and conventional markets in the pre-COVID sample indicates that the markets exhibited tail risk characteristics even when faced with a global pandemic. Soon after the pandemic struck the economic and global business operations, markets demonstrated substantial tail risk due to prevailing volatility and uncertainty in the economic environment. The COVID-19 analysis in Figure 4(b) reiterates a higher tail risk between BBGT and SPGB, while moderate tail risks are identified between DJIS-SP500, DJSI-DJIS, and SPGC-DJIS. The stronger tail dependence between religious stocks with almost all financial markets implies that the onset of COVID-19 increased market risk spillovers and experienced serious consequences of the pandemic. In line with Elsayed et al. (2020), Tiwari et al. (2021), and Umar et al. (2021), Naeem et al., (2023), Pham et al., (2022), the outbreak of COVID-19 brought higher integration among markets and resulted in intense risk dependence. 
[Figure 4 about here]
Further, Figure 5 visualizes the risk spillovers in a network diagram to identify tail risk transmission and reception among risk clusters. Figure 5(a) presents pre-COVID sample where DJIS appears to be the riskiest market as it receives most of the risk spillovers from sustainable, religious, and conventional markets. Strong bi-directional spillovers exist between SPGB and BBGT as SPGB is a subset of BBGT and belongs to the family of the bond market. Subsequently, DJSI-DJIS and DJSI-SP500 exhibit bi-directional spillovers with slighter magnitude. Overall, in the pre-COVID sample, GSCI, SPGC, DJSI and SPGB transmit risk spillovers to other markets, while DJIS is exposed to extreme tail risk as to the net recipient of risk shocks. Soon after the onset of COVID-19, Figure 5(b) displays network connectedness of markets during COVID-19 crisis where strong bi-directional spillovers are observed between BBGT and SPGB followed by DJSI-DJIS, and DJSI-SP500 market pairs. Interestingly, DJSI has switched from risk transmitter to risk recipient during the COVID-19 period showcasing the high vulnerability of DJSI to the extreme external volatilities. Concurrently, GSCI persisted its net transmission of risk spillovers probably due to strong market integration in the financial system as it represents commodity markets in line with Yoon et al. (2019) and Balli et al. (2019), who also reported strong risk emission from a commodity market to other financial markets. Moreover, SPGC demonstrated net risk transmission during COVID-19 corroborating Saeed et al. (2021), who documented risk transmission of the clean energy market to dirty energy markets. Conversely, SP500 and DJIS are net risk recipients indicating the susceptibility of these markets to the economic turmoil periods in line with Wang et al. (2020) and Naeem et al. (2021b), respectively. Strong interconnectedness among sustainable, religious, and conventional markets echoes the impact of the black-swan event on the spillovers across markets where intense periods bring higher connectivity among financial markets (Karim et al., 2022a; 2022b; Yarovaya et al., 2022). 
[Figure 5 about here]
4.4 Systematic Network Risk Index (SNRI)
This subsection presents the Systematic Network Risk Index (SNRI), exhibiting the total risk of the overall system. Figure 6 expresses smoothed time series of SNRI reflecting significant ups and downs and market phases. Initially, a spike during the end of 2008 echoes GFC when the financial crisis originated from the US-based financial giant – Lehman Brothers – suffered the severest economic downturn. Aligning our results with Alawi et al., (2022), Answer et al., (2022), Tiwari et al. (2021), Karim and Naeem (2022), Karim et al., (2022c, 2022d, 2022e), and Shahzad et al. (2021), the global financial crisis created massive havoc across financial markets, which intensified the overall risk of markets. The second subsequent peak appeared in the graph by the end of 2011, reverberating the financial contagion of the European Debt Crisis (EDC). EDC refers to the anti-inflation mechanism where the central bank restricted outbound resources (Blundell-Wignall, 2012). This crisis emphasized that the European Economy underwent harsh circumstances due to inaccuracies in the balance sheet and current accounts that ultimately lifted the SNRI in the plot. This finding corroborates Farid et al. (2021) and Abakah et al. (2021), who documented similar spikes during EDC (Benlagha et al., 2022; Billah et al., 2022). Afterward, the pattern of SNRI is relatively stable with slighter spikes during the Shale oil crisis and the Chinese stock market crash in 2016 but these spikes are insignificant compared to GFC and EDC. 
The outbreak of COVID-19 at the start of 2020 transmitted shocks to global financial markets gradually and the preventive measures imposed by the World Health Organization (WHO) to limit the spread of the virus influenced the global economy. An exceptional increase in the SNRI during COVID-19 substantiates the impact of the disastrous virus on the systematic risk of sustainable, religious, and conventional markets where the index touched the highest level of SNRI. The findings are connoting Karim et al. (2022b), Adekoya and Oliyide (2020), and Naeem et al. (2021b), who demonstrated system-wide higher integration of markets during the pandemic reflecting the severity of the financial markets in operating abnormally. A strong implication persists for investors of sustainable, religious, and conventional investments to explore the diversification and hedging avenues to protect their investments from extreme market conditions. In this way, sustainable, religious, and conventional assets can substantially offer diversification based on the exposure of risk by the markets. 
[Figure 6 about here]
4.5 Market-Specific Risk Measures 
The previous section explained the total risk connectedness of sustainable, religious, and conventional investments encountering system-wide risk measures. However, the current subsection presents the market-specific measures, namely Systematic Fragility Index (SFI) and Systematic Hazard Index (SHI), for identifying the markets with extreme risk exposure and the markets contributing to the tail risk. Table 2 ranks the sustainable, religious, and conventional markets based on SFI for pre- and during COVID-19 outbreak. The ranking of markets indicated that SP500 was most exposed to tail risk in the pre-COVID sample, while with the outbreak of COVID-19 DJIS reflected the highest susceptibility to the tail risk. Figure 7 corresponds to the ranking given in Table 2, where the Systematic Fragility Index of SP500 and DJIS are displayed. In the pre-COVID sample, when markets are experiencing lower returns, SP500 entails net risk exposure in accordance with Wang et al. (2020). Meanwhile, the COVID-19 sample stresses extreme risk exposure of DJIS in line with Shahzad et al. (2017), who rejected the decoupling hypothesis of religious stocks and concurrent co-movement of Islamic stocks compared with conventional financial assets. 
[Table 2 about here]
[Figure 7 about here]
Alternatively, Table 3 demonstrates the ranking of sustainable, religious, and conventional markets based on the Systematic Hazard Index (SHI), which measures maximum risk contribution to other markets. The findings indicate consistent risk contribution of DJIS to other markets in pre- and during COVID-19 samples. This finding aligns with the results presented in Figure 5, where DJIS is a consistent risk recipient in pre-COVID and COVID-19 samples. This implies that religious stocks have shown greater vulnerability to external economic and financial uncertainties, leading to higher tail risk. Thus, major implications of this finding indicate that investors have to be cautious while diversifying their portfolios with religious stocks as they possess tail risk. Moreover, the analogous findings reported in Figure 8 illustrate the time series of SHI for DJIS where substantial jumps are significant during GFC, EDC, and COVID-19. Provided these findings, we contend that DJIS is the leading risk contributor among other classes of financial markets and contains aggressive investment opportunities for investors with unbearable losses when economic circumstances are unfavorable. Another implication of the study is the stronger diversification benefits of sustainable investments for conventional and religious stocks as they remained less vulnerable to external shocks and bear risk-mitigating features. Based on previous studies (Naeem et al., 2021a; 2021b; Karim et al., 2022a, 2022b; Iqbal et al., 2021; Naeem et al., 2022c, 2022d), sustainable and green investment streams are useful for investors to offset their risk and shelter their investments from harsh external circumstances. Hence, the study possesses multiple investment choices for sustainable, religious, and conventional markets investors’ with higher diversification benefits and lower tail risk. 
[Table 3 about here]
[Figure 8 about here]
In summary, the examination of neural network quantile regression of sustainable, religious, and conventional markets indicates that markets exhibited strong time-varying features with extreme tail risk during the periods of the financial crisis, economically distressed periods, and in the wake of global pandemics. In addition, the SFI highlighted SP500 most exposed to tail risk in the pre-COVID period while DJIS as the vulnerable market during COVID-19 crisis. Finally, SHI reiterated our findings where DJIS is the major risk contributor among other markets showcasing several implications for investors and portfolio managers to be aware of investing in DJIS during the intense episodes and search for those investment options which carry significant diversification potential. 
5. Conclusion 
This study quantified the systemic risk spillovers of sustainable, religious, and conventional investments by utilizing the neural network quantile regression for estimating the tail risk of the markets from December 1, 2008 to May 10, 2021. We spot significant distressing events such as the global financial crisis, European Debt Crisis, and COVID-19 pandemic. By estimating VaR and CoVaR of the selected markets, we reported scattered plots for green bonds, clean energy, commodity market, and bond market. The time average of risk spillovers indicated segregated spillovers in the pre- and during COVID-19 period, where strong tail dependence exists between conventional and green bonds as both share similar features. The network analysis highlighted Dow Jones Islamic stock (DJIS) as the net risk receiver for both sample periods. Further, the time series of smoothed SNRI reflected three major crisis events with intense risk spillovers during GFC, EDC, and COVID-19. The segregated analysis of SFI and SHI brought intriguing findings for investors and portfolio managers where DJIS remained the net risk recipient in terms of riskiest investment and majorly contributing to the overall risk spillovers. 
Our findings are particularly important for policymakers, regulation bodies, different sorts of investors, portfolio managers, and financial market participants. For policymakers, the study accounts for the re-development of existing policies regarding sustainable, religious, and conventional investments. Prior literature (Arif et al., 2021b; Azad et al., 2018) indicates religious investments to be less risky. However, the current study negates this argument by symbolizing DJIS carrying substantial tail risk. Thus, policymakers and regulatory bodies need to concentrate on the tail risk of markets for developing investment policies and strategies and encourage introducing green and sustainable assets for mitigating the risk of religious and conventional stocks. Following this, based on the risk attitudes of investors, the current study nominates the sustainable, religious, and conventional markets considering their tail risk and provides fresh insights on their diversification benefits, risk-bearing potential, and vulnerability to the external economic and financial shocks. Thus, it depends on investors’ risk-seeker and risk-averse attitude to choose among various sustainable, religious, and conventional markets and diversify the tail risk of their investments. Meanwhile, they can also trade-off between multiple investment options by calculating the risk and adopting sustainable and green investments as a perfect solution to cope with the market volatility and secure their investments. Similarly, for portfolio managers and financial market participants, the study carries exceptional ramifications by highlighting the tail risk of religious investments and diversification avenues of sustainable assets. In this way, portfolio managers can weigh their multiple investment streams and assign particular weight risk to each portfolio mix. By doing so, portfolio managers can mitigate the risk of their assets by adopting several risk management tools and instruments. As future research avenues, we propose that academicians can employ various tail risk methodologies on different financial markets. Moreover, the time frame of the dataset can be expanded and controlled for various risk situations. 
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	Table 1: Descriptive statistics of Religious, Sustainable and Conventional markets.

	 
	DJIS
	DJSK
	SPGB
	DJSI
	SPGC
	GSCI
	BBGT
	SP500

	Mean
	0.043
	0.011
	0.003
	0.032
	0.004
	0.009
	0.010
	0.048

	Max
	7.916
	7.540
	6.815
	7.694
	11.794
	7.683
	3.746
	8.968

	Min
	-9.639
	-5.066
	-3.782
	-10.604
	-12.800
	-12.523
	-2.336
	-12.765

	Std.Dev.
	0.978
	0.303
	0.522
	1.069
	1.664
	1.399
	0.379
	1.166

	Skewness
	-0.794
	8.153
	0.946
	-0.642
	-0.414
	-0.583
	0.210
	-0.757

	Kurtosis
	11.275
	294.923
	19.507
	9.791
	7.423
	7.126
	6.950
	13.728

	JB
	17561.25 a
	11814632.92 a
	52022.38 a
	13210.93 a
	7557.60 a
	7065.02 a
	6567.66 a
	17561.25 a

	ARCH
	994.477 a
	11.842 a
	753.723 a
	734.948 a
	725.907 a
	368.488 a
	187.205 a
	994.477 a

	Q(20)
	97.320 a
	58.369 a
	79.131 a
	79.011 a
	79.296 a
	31.922 a
	36.769 a
	97.320 a

	Note: Dow Jones Islamic Index (DJIS), Dow Jones Sukuk Index (DJSK), S&P Green Bond Index (SPGB), Dow Jones Sustainability Index (DJSI), S&P Global Clean Energy Index (SPGC), S&P GSCI Commodity Index (GSCI), Bloomberg Barclays Global Treasury Index (BBGT), S&P 500 Composite Index (SP500). 
‘a’ indicates significance at 1%.





Figure 1. Q-Q plots for green, conventional and Islamic markets
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Figure 2. Correlation plot among sustainable, religious, and conventional markets
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Figure 3. Plot of Returns (black dots), VaR (blue line) and CoVaR estimated by neural network quantile regression (red line) for sustainable, religious, and conventional markets, Tau = 5%.
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Figure 4. Time average of risk spillover effects across sustainable, religious, and conventional markets for different time periods.

a) Pre COVID-19 crisis period
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b) COVID-19 crisis period
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Figure 5. Time average of risk spillover effects across sustainable, religious, and conventional markets for different time periods.
a) Pre COVID-19 crisis period
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b) COVID-19 crisis period
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Figure 6. Time series of the SNRI.
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Note: The blue line indicates smoothed SNRI


	Table 2: Ranking of sustainable, religious, and conventional markets according to average SFI for different periods.

	 
	Pre-COVID-19
	COVID-19

	Rank
	Symbol
	SFI
	Symbol
	SFI

	1
	SP500
	3.664
	DJIS
	4.678

	2
	BBGT
	3.643
	DJSK
	4.644

	3
	SPGB
	3.626
	SP500
	4.633

	4
	DJIS
	3.523
	SPGB
	4.624

	5
	DJSI
	3.438
	GSCI
	4.548

	6
	GSCI
	3.245
	DJSI
	4.521

	7
	DJSK
	3.206
	SPGC
	4.472

	8
	SPGC
	3.096
	BBGT
	4.273

	Note: This table reports average SFI over different time intervals.



Figure 7. Time series of the SFI for SP500 and DJIS.
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	Table 3: Ranking of sustainable, religious, and conventional markets according to average SHI for different periods

	 
	Pre-COVID-19
	COVID-19

	Rank
	Symbol
	SHI
	Symbol
	SHI

	1
	DJIS
	6.336
	DJIS
	6.702

	2
	DJSI
	5.484
	DJSI
	6.069

	3
	SPGB
	4.768
	SP500
	5.682

	4
	SP500
	4.736
	SPGB
	4.724

	5
	BBGT
	4.097
	BBGT
	4.673

	6
	SPGC
	3.612
	SPGC
	4.100

	7
	DJSK
	3.097
	DJSK
	3.818

	8
	GSCI
	2.548
	GSCI
	3.212

	Note: This table reports average SHI over different time intervals.



Figure 8. Time series of the SHI for DJIS
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