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Abstract

:

COVID-19 has significantly affected the financial and commodity markets. The purpose of this investigation is to understand the impact of the COVID-19 crisis on Dow Jones and West Texas Intermediate (WTI) oil returns in relation to other crises using the Exponential Generalized Autoregressive Conditional Heteroskedasticity (EGARCH) model. The results indicate that COVID-19 and the accompanying lockdown have adversely impacted both yields and that the impact on oil prices is more significant than on the Dow Jones index. The variance and squared residuals of oil prices and the Dow Jones reached their highest historical levels during the COVID-19 outbreak, even higher than during the global financial crisis, and especially the VaR of both markets reached their historical peak points during the COVID-19 era. The variance of WTI during COVID-19 is higher than that of DJI, as was also the case during the financial crisis. These findings confirm that COVID-19 has negatively impacted investors’ ability to determine optimal portfolios and thus the sustainability of financial and energy markets more than the global financial crisis of 2007–2009. We, therefore, suggest that policy changes are needed to maintain financial sustainability and help investors deal with future financial and other crises.
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1. Introduction


Numerous events have affected oil prices in recent history, for example, the Iran–Iraq war (1979), the Gulf War (1990), the Asian Economic Crisis (1997), 9/11 (2001), the Great Recession (2014–2015), and the Global Financial Crisis (GFC) 2007–2009 [1]. The accompanying decreases in oil prices had major effects on the energy sector and led to lower corporate income and increased unemployment. On the other hand, a decrease in oil prices can also be beneficial for consumers and for the global economy in the longrun, for example, through cheaper energy and lower heating costs [2]. The more recent global lockdown triggered by the novel coronavirus (COVID-19) has also significantly affected oil prices. As a result, the capital expenditures of production companies will decrease significantly this year, with initial estimates indicating a 40% reduction in spending in the United States (US) and a 20% reduction compared to the previous year. Furthermore, global demand for oil is expected to decline by 29 million barrels (bbl) per year in April 2020 [3]. As a result of these estimates, the West Texas Intermediate (WTI), the US benchmark oil contract, turned negative for the first time [4].



Crude oil has performed inefficiently during the COVID-19 era, showing that the oil market is sensitive to a pandemic outbreak [5]. The decline in crude oil prices has affected the US stock markets more significantly than the pandemic outbreak, and oil prices typically lead the US market [6]. In addition, the increase in COVID-19 cases and deaths impacted the oil and financial markets in the US, Europe, and Asia [7]. The study of [8] specified that COVID-19 has severely affected economic activities. The investigation by [9] used the panel vector autoregressive model to determine the behavior of the oil and stock markets during COVID-19. The study found that both the oil market and stock markets volatility have a significant impact on oil returns. The study of [10] used the DCC-GARCH model and found that oil returns significantly affect stock market returns. Moreover, the study stated that a decrease in oil prices negatively affects the stock markets. The investigation by [11] employed the Autoregressive Distributed Lag (ARDL) model and stated that increases in COVID-19 deaths in the US and Japan are negatively correlated with oil prices. Furthermore, the study of [12] stated that COVID-19 has a significant impact on energy markets, i.e., crude oil and S&P GS Indexes. The study of [13] stated that gold is a substantial safe haven against oil prices. Moreover, [14] stated that COVID-19 cases and oil prices changes directly affect the Asian stock markets. Consequently, it becomes essential to evaluate the impact of COVID-19 news on the variance and mean returns of WTI. Conversely, the COVID-19 crisis offers a chance to develop new patterns of energy use and spur a sustainable evolution in the energy sector. While this year started in the worst possible way, the decrease in oil prices because of COVID-19 might also bean opportunityfor global cooperation to explore novel energy markets and help in the recovery from the natural crisis [15].



On the other hand, COVID-19 has significantly affected the stock markets of the world [16]. The investigation of [17] revealed that financial markets were about to crash due to COVID-19. Moreover, the first and second waves of the COVID-19 pandemic revealed dangerous impacts on financial markets of the globe in general and the US economy specifically [18]. COVID-19 has also impacted the financial and non-financial firms; however, financial firms transmit the financial contagion more prominently than non-financial firms [19].



The analysis of [20] claimed that COVID-19 had brought the globe closer to economic crises that are more dangerous thanGFC 2007–2009. Hence, it is important to explore the effects of COVID-19 on the stock markets. Most studies to date have used the S&P 500, Nasdaq Composite, CAC 40, Shanghai composite, or Nikkei 225 indices [7,21,22]. However, no one has explored the Dow Jones Industrial Index, which represents the largest 30 industries in the US and can also be highly affected by oil price shocks. Moreover, the trade war between China and the US can impact Dow Jones. Hence, this study employed the WTI and Dow Jones index to ascertain the impact of COVID-19 cases and deaths on the returns and volatility. On 19 March 2020, the Dow Jones fell by nearly 10 percent. According to a projection by JP Morgan Chase, US stock market activity will shrink by 14% in the second quarter, and COVID-19 will have a worse impact on financial markets than GFC. These developments have ushered a significant economic insolvency risk for both developing and developed nations. Thus, several governments have adopted the policy of interest-free lending and fiscal spending to handle the economic risk [23]. However, COVID-19 is ongoing and can have long-term effects, including on institutional and personal bankruptcy. The investigation done by [24] employed GDP, unemployment rate, share of debts, and household indebtedness to quantify the performance of an economy. The study revealed that low economic performance plays an important role in personal bankruptcies. However, [25] stated that bankruptcy risk is not predictable, as institutions have become more globalized and complex. Moreover, the study of [26] stated that explanatory factors of bankruptcy predictions are different for different nations. Hence, this investigation employed the Exponential Generalized Autoregressive Conditional Heteroskedasticity (E-GARCH) model assimilated with student and normal distribution to ascertain the downside risk of oil prices and the Dow Jones Index.



In such situations, it is important to understand the effects of the new coronavirus pandemic on returns and variance of the oil market and the US firms. This investigation utilized the Dow Jones Industrial Average Index (DJI) and West Texas Intermediate (WTI) as indicators for the US stock market and the US oil market, respectively. The key contribution of this study is theevaluation of the impact of COVID-19 on WTI and DJI markets. The analysis compares the influence of COVID-19 on these markets with that of the GFC and of the trade war between the United States and China. In addition, the study also evaluates the Value at Risk (VaR) of both markets to understand the financial risk pattern of these indices, so rational strategies can be made to optimize the investment portfolio. The general hypotheses that willbe evaluated in this study are as follows:



Hypothesis 1 (H1).

COVID-19 impact on DJI and oil markets is more dangerous than that of the GFC.





Hypothesis 2 (H2).

COVID-19 has raised the variance of these markets more than the GFC.





Hypothesis 3 (H3).

Value at Risk (VaR) of these markets has increased more during the COVID-19 era than during the GFC.





Hypothesis 4 (H4).

COVID-19 has affected oil returns more negatively than it has affected the DJI.





Thus, the study will answer the following critical questions from investors, researchers, academics, and policymakers: First, does the health crisis present a more significant danger for oil returns and the DJI than the GFC? Second, has COVID-19 reduced the returns of both markets more than the GFC? Third, has COVID-19 increased the variance of both markets more than the GFC? Fourth, does COVID-19 raise the downside risk of both markets more than the GFC? Finally, does COVID-19 pose a larger threat to WTI than to DJI? The answer to these questions will help investors, researchers, and policymakers to understand the impact of the health crisis and the financial crisis on these markets so that proactive measures can be taken in advance to cope with these and future crises.



The findings of the study revealed that COVID-19 has a greater negative impact on WTI and DJI than GFC. Moreover, the study stated that volatility generated due to COVID-19 remains the highest of the last three decades. The rest of the article is designed as follows. Section 2 explains the data and methodology, Section 3 provides a detailed discussion on the outcomes of this investigation, Section 4 states the conclusion derived from the analysis, and Section 5 discusses the limitations and future research directions.




2. Data and Methods


2.1. Data


This investigation used the daily prices of the Dow Jones Index (DJI) as the representationof the US industries and West Texas Intermediate (WTI) for the oil prices in the US (Table 1). This study recovered these prices from the database of Yahoo Finance from the period of 1 January 2007 to 23 April 2020. Moreover, dummy variables for GFC (1 January 2007–31 December 2009), the trade war between the United States and China (TWAR) (1 January 2018–30 December 2019), and COVID-19 (CVD) (31 December 2019–23 April 2020) were utilized to ascertain their impact on DJI and WTI. This is similar to [27,28], who used dummy variables to evaluate the daily, monthly, and yearly anomalies in the stock markets of the US, Canada, Germany, Japan, and the UK.




2.2. In-Sample Mean and Variance Estimation


This examination computed the daily returns as follows [29],


   R  i t   =  (  (  Ρ  i t   /  Ρ  i t − 1    )  − 1 ) * 100  



(1)




where Rit nominates the daily return value of a stock market i at time t. Pit and Pit−1 represent the closing value of a stock at time t and t−1, respectively. The investigation assigned the number one from 1 January 2007 to 31 December 2009 and zero otherwise to generate the dummy variable of GFC, the number one from 1 January 2020, to 23 April 2020, and zero otherwise for the nomination of COVID-19, and the number one through 1 June 2019–31 December 2019, and zero otherwise to denotes the trade war between the US and China. The analysis employed the Exponential Generalized Autoregressive Conditional Heteroskedasticity (EGARCH) model initiated by [30]. This model also accounts for the asymmetric shock effects that occurred in the sigma square series, and this technique does not employ the non-negative condition on the parameters [31]. The Akaike Information Criterion has been employed to select the best regression model. By following the approach of [30], mean and variance parameters of EGARCH (1, 1) can be modeled as:


   R  i t   =  ϑ 0  +  ϑ 1  G F  C  i t     +  ϑ 2  C V  D  i t     +  ϑ 3  T W A R     i t     +  ε  i t    



(2)






  log  θ  i t  2  =  κ 0  +  κ 1    GFC   i t   +  κ 2    CVD   i t   +  κ 3    TWAR   i t   +   ∑   j = 1  n  (  ς i   |   z  t − j    |  +  λ i   z  t − j   ) +   ∑   j = 1  n   δ i  log  θ  i t − j  2   



(3)




where,


   ε  i t   ∼ t . d .    (  0 ,    θ  i t   ,   τ  )   



(4)




In Equation(2),    ϑ 0  ,    ϑ 1  ,  ϑ 2  ,   and    ϑ 3    is the parameter of intercept, GFC, COVID-19 (CVD), and the trade war between the US and China (TWAR), respectively, while    R  i t     and    ε  i t     denote the return values of a stock index i at time t and error term factor, respectively. This analysis assumed that the error term follows the Student’s t-distribution (t.d.) with a specific degree of freedom  τ . Student’s t density provides better results than the normal distribution, and it captures the fat-tailed properties [32]. Further, in the variance equation (Equation (3)),    θ  i t  2    portrays the variance of return series i, and  δ  indicates changes in own variance series, e.g., GARCH effect, whereas,    κ 0   ,    κ 1  ,  κ 2  ,   and    κ 3    signified the constant term, dummy factor of GFC, CVD, and TWAR, respectively. Furthermore,    ς i    and    λ i    symbolize the impact of change in returns on its own return series, e.g., ARCH impact and leverage effect, respectively.




2.3. In-Sample Downside Value at Risk (VaR) Modelling


An imperative objective of volatility prediction is to forecast the Value at Risk (VaR). VaR enumerates the extreme loss of security that can occur under normal circumstances through a given time and at a specific assurance level, e.g., 90%, 95%, and 99%. One day ahead and in-sample VaR of security can be specified as follows,


   ϱ  t + 1   = Φ −  (     θ  i t + 1  2     )   



(5)




where    ϱ  t + 1     point out the one-day ahead VaR value. Besides,  Φ  indicates the qth quantile of the Student’s t-distribution and normal distribution; while,    θ  i t + 1  2    represents the forecasted variance through the EGARCH (1, 1) model by incorporating Equation (3). This project extracted the quantile after taking into account the zero mean and unit variance assumption and examined the VaR at a 99% confidence level. This analysis also implied an in-sample approach as it computes more effectual VaR [33].




2.4. VaR Back-Testing Approach


The general VaR verification process is known as the back-testing method, where projected VaR results are matched with realized returns of a series to obtain the VaR exceptions, e.g., how many times the negative returns exceed the estimated VaR. It is called “hit process” and can be illustrated as follows,


   Π t  =  {      1   i f    R i  ≤  ϱ i a        0   o t h e r w i s e        



(6)




where Ri denotes the realized returns of series i. The investigation also makes use of the (Kupiec 1995) [34] test to back-test the VaR forecast. The null hypothesis of this test revealed that the actual numbers of violations are near the expected violation rate. The likelihood ratio of this test can be demonstrated as follows,


  L  R  U C   = 2 log (    (  1 −  (   η γ   )   )    γ − η      (   η γ   )   η  ) − 2 log  (     (  1 − ϵ  )    γ − η    ϵ η   )   



(7)




where    η γ   ,  η , and  ϵ  designate the observed violation rate, the number of the period these violations happened, and expected violations, respectively. This approach follows the Chi square distribution. Nonetheless, this study employed the (Christoffersen 1998) [35] technique that scrutinized the null hypothesis that the failure rate is independent and identically distributed (i.i.d) throughout the entire period. The likelihood statistics of this model can be explained as:


  L  R  C C   = 2 log    (  1 − θ 01  )    ν 00   θ   01   ν 01      (  1 − θ 11  )    ν 10   θ   11   ν 10   ) − 2 log (    (  1 −  (   η γ   )   )    ν 00 + ν 10      (   η γ   )    ν 10 + ν 11   )  



(8)




where   θ 01   and   ν 00   direct the maximum likelihood estimates and the number of transitions that fell from i to j (0 to 1), respectively. This approach follows the Chi square distribution.





3. Results and Discussion


3.1. ADF, PP, and Summary Statistics Fallouts


Table 2 indicates the findings of the unit root test, the heteroskedasticity test, and summary statistics of study variables. The summary of these variables signified that oil returns have a negative mean value, but DJI indicated a positive mean return. Moreover, the kurtosis value of both variables is high, which implies that chances of loss are high, and oil returns disclosed a higher standard deviation than DJI. The Jarque–Bera test denotes that both variables are not normally distributed. Hence, Student’s t-distribution can be engaged to capture the fat-tailed distribution properties of these variables. The study employed the Augmented Dickey–Fuller (ADF) test [36] and the Phillip Perron (PP) test [37] to ascertain the stationary level of study variables. The outcomes revealed that returns of both markets are stationary at level, e.g., I(0), and none of them have a second difference unit root. The fallouts of Autoregressive Conditional Heteroskedasticity Lagrange Multiplier (ARCH-LM) showthat returns of both indices showed a strong ARCH effect at a 1% level of significance.




3.2. Mean Equation Outcomes


The upshots of the mean equation (Equation (2)) are given in Table 3. The results showthat the constant factor of WTI is insignificant, but DJI has a significant constant term. The coefficient of GFC (ϑ1), in the mean equation of WTI, has a positive and significant association with oil returns. However, COVID-19 (ϑ2) showsa negative association with oil returns, implying that a 1 unit increase in the number of confirmed patients and death due to COVID-19 will bring a 0.66 unit decrease in oil returns of the US. The trade war between the US and China (ϑ3) exposed a positive but insignificant impact on oil returns. The findings of the DJI mean equation elaborated that GFC (ϑ1) and COVID-19 (ϑ2) have a negative association with oil returns in the US. These findings are matched with the analysis of [38]. Furthermore, the parameter of the trade war between the US and China (ϑ3) designated a direct but insignificant effect on DJI. The consequences specified that increases in fear of COVID-19 and the lockdown situation have negatively stimulated the returns of both variables, but the impact of COVID-19 on oil prices is higher than DJI. However, the trade war between the US and China remains insignificant. Hence, these findings matchthe study of [16], which stated that COVID-19 has significantly impacted the returns of the reputed stock markets of the world. Moreover, the study indicated that the impact of COVID-19 is greater than GFC on the stock markets of the US, Europe, and Asia. The investigation of [39] indicated that increases in COVID-19 cases and deaths have imperatively damaged the financial stability, which significantly impacts the manufacturing sector and global economy. The investigation done by [40] revealed that COVID-19 has expressively affected the manufacturing sector worldwide. Particularly, it will shrink the manufacturing sector of India by 5.5% to 20%. Moreover, the study of [41] stated that COVID-19 has not only damaged the manufacturing sector but also impacted the demand and supply all over the world. Hence, the smart industry can be the best option to overcome these issues [42,43,44].



It can be seen that COVID-19 has significantly harmed the returns of both markets. Hence, the hypothesis generated in this study regarding the negative impact of COVID-19 on market returns has been accepted.




3.3. Variance Equation Results


The verdicts of variance equation, Equation (3), for both variables, i.e., WTI and DJI, are presented in Table 4. These findings quantified that the constant term for both variables is significant, which means the average returns of these indices are other than zero. The variance parameter of GFC (κ1) connoted that it has significantly amplified the volatility of oil markets. Moreover, an intensification in the death rate due to COVID-19 also imperatively boosts the 0.06 unit volatility of the oil market. Further, changes that occurred in the variance of oil markets due to the trade war between the US and China presented an insignificant effect (κ3). The shocks quantified through standardized residuals at time t significantly distress the volatility of its returns at time t+1, entailing the substantial ARCH effect ( ς ) in oil series. Furthermore, the shocks in the variance of the oil series have a major influence on its variance series, which confirmed the strong GARCH effect ( δ ). The gamma coefficient (  λ )   value of the oil market is negative and significant, which indicates that negative news about COVID-19, prevailing in the market, elevates the instability of the oil series more than good news of the same magnitude, inferring that oil series have a leverage effect. The coefficient of the degree of freedom hadthe satisfactory value of 7.83, which concludes that this examination has efficaciously captured the fat-tailed distribution properties of the oil market. The study of [45] investigated the effects of variations in the oil prices on the EUR/USD exchange price by using the approach of neural networks. The study argued that EUR/USD exchange price is significantly affiliated with the oil price in the international market. Moreover, the study of [46] stated that COVID-19 and oil price shock expressively affected the stock market and economic policy uncertainty.



The findings of the DJI variance equation mentioned that it has direct links with the GFC. Furthermore, a 1unit growth in the confirmed cases and death rate because of COVID-19 expressively upturned the instability of DJI by 0.09 units. The uncertainty that occurred due to the trade war between China and the US has an insignificant impact on DJI. The variation in returns of DJI indicated a notable direct impact on its return series, suggesting that the ARCH effect ( ς ) is present for DJI returns. Additionally, instability in the variance series of DJI momentously expands its inconsistency, inferring that the GARCH effect ( δ ) exists in the DJI index. The gamma factor   ( λ  ) showedthat negative news in the markets has more effect on DJI returns than good news of the same magnitude, which surmises a strong leverage effect. The degree of freedom factor ( τ ) has a fair and significant value of 6.03, which means this examination has successfully shownthe fat-tailed distribution of DJI. These calculations confirmed that COVID-19 has dramatically proliferated the volatility of markets. Moreover, lockdown conditionsas a result of COVID-19 have severely damaged the returns of oil markets as equated with DJI. Figure 1 shows that squared residuals and variance of WTI and DJI are high during the GFC era, butare the highest point of three decades due to COVID-19. Indeed, the variance of WTI is higher than DJI during the GFC period and the COVID-19 era. These findings showthat COVID-19 has significantly upsurged the volatility of the underlying markets. Hence, the investigation suggested that significant funds should be allocated to the health sector to prevent the health crisis. Moreover, the World Health Organization (WHO) should build a mechanism that reduces the chances of a health crisis in the future.




3.4. Shocks Persistency Period


The sum of ARCH and GARCH parameters measured the level of volatility persistence in a market. Accordingly, if the sum of ARCH and GARCH coefficient is near to 1, then volatility persists for a long time [47]. The sum of ARCH and GARCH number is equal to 1which identified that the shocks that occurred in the oil market due to COVID-19 will be prolonged for the long term period [48]. Indeed, the sum of the ARCH and GARCH parameters of DJI also revealed that shocks elongate for a long time duration but are less than WTI.




3.5. Value at Risk (VaR) Forecasting


This investigation has forecasted the one-day-ahead downside VaR of DJI and WTI markets by calculating Equation (5), stated above. The analysis utilized the Student’s t-distribution to assess real VaR and capture the excess leptokurtic properties in order tocompare its results with the normal distribution. The summary statistics of VaR for both markets at a 99% confidence level are shown in Table 5. The statistics show that the VaR of WTI is morethan DJI. Moreover, the average value of VaR for WTI and DJI is −5.83 and −2.66, respectively. Furthermore, the maximum loss calculated by Student’s t-distribution is higher than the normal distribution for both markets. The maximum loss that can occur is −34.81 and −21.84 per cent for WTI and DJI, respectively. Figure 2 shows the time-varying VaR of WTI and DJI. It shows that the VaR of these markets is higher during the era of the GFC, but due to COVID-19, it has reachedthe peak point of its history.




3.6. Back-Test the VaR Model


This research applied the Kupiec (1995) [34] and Christoffersen (1998) [35] tests to ascertain the accuracy of the VaR model. The likelihood value of unconditional and conditional tests presented in Table 6 showthat the EGARCH (1, 1) model assimilated with Student’s t-distribution has successfully captured the accurate VaR of both markets, indicating that these parameters are independent and identically distributed. Additionally, exceptions generated by Student’s t-distributions are near to the expected hit rate. Hence, it is confirmed that EGARCH (1, 1) model combined with Student’s t density flawlessly predicts the VaR, but normal distribution predicts biased values. These findings are supported by [49].




3.7. Diagnostic Test for EGARCH (1, 1) Model


This analysis applied the Engle (1982) [50] and Breusch and Pagan (2006) [51] tests to evaluate the heteroskedasticity and serial correlation in the standardized residuals of the EGARCH (1, 1) model. The null hypothesis of these tests stated that there is no heteroskedasticity and serial correlation. The parameters of these tests specified in Table 7 show that there is no heteroskedasticity in the residuals at lag 10. Furthermore, the serial correlation effect in standardized and squared standardized residuals is insignificant at lag 10.





4. Conclusions


The assessment in this study showed that the global financial crisis had a positive effect on oil returns, but COVID-19 had a negative effect on oil returns, and the trade war had no significant effect on oil returns. In addition, both the global financial crisis and COVID-19 had a negative impact on DJI. The study also found that COVID-19 and the global financial crisis have significantly increased the volatility of the oil market and DJI, with COVID-19 having a greater impact on the WTI than DJI. Furthermore, research shows that shocks in the variance of WTI and DJI have dramatically increased the volatility of these markets, and shocks measured by standard residuals have a substantial long-term effect on the returns of WTI and DJI. They were negatively affected by the news in these markets due to COVID-19; the oil markets had a more significant impact than the DJI, indicating that both markets had a leverage effect. This investigation found that the downside Value at Risk (VaR) in oil returns is higher in the full sample period than DJI. The EGARCH (1, 1) model combined the Student’s density parameters to capture the VaR at 99% confidence levels. However, the normal distribution fails to measure the correct VaR for WTI and DJI. The investigation of [52] confirmed that COVID-19 news negatively impacted oil prices. In addition, the study of [10] employed theDCC-GARCH model and found that oil price volatility imperatively affects the stock markets. Furthermore, [53] used the Vector Autoregressive model and confirmed that the COVID-19 pandemic caused oil prices to decrease. Hence, our analysis confirmed that COVID-19 is a bigger crisis than the global financial crisis of 2007–2009, and it has critically disturbed the world’s financial and commodity markets. Hence, these findings confirmed the hypotheses of this study. Moreover, due to the lockdown situation, consumption of oil has dramatically diminished, producing a large gap between demand and supply of oil. This effect can cause more severe damages before the economic circle restarts. Governments need to maintain the balance between the demand and supply of crude oil. Additionally, the US government should introduce new policies to stabilize oil prices so that the stability of the stock markets can be improved. This stabilization is critical to ensure long-term investment in sustainable developments are not negatively impacted by the systemic shock of COVID-19. For future research, other stock markets of the US, Europe, and Asian countries can be added to the model to verify the findings of the study. The results of this study are essential for policymakers and government officials in the United States and other oil-producing countries.




5. Limitations and Future Research Directions


The study is based on a specific Dow Jones Industrial Average (DJI) to represent performance in US financial markets. While the DJI is the most commonly followed equity index, other indices may providemore representative results for the overall US stock market.



Future research should provide further improvements by analyzing different stock market indices like the S&P 500 for large companies in the US or the Russell 3000 as a benchmark of the entire US stock market. The analysis could be further expanded to investigate how COVID-19 impacts the economy of the European Union and other markets. In addition, it could apply the implied volatilities of the stock index and WTI crude oil as well to capture the market’s view, and implement more variables into the model (e.g., some control variables). Moreover, non-linear GARCH models could be employed to validate the findings of this study.
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Figure 1. Squared residuals and variance of both markets. It can be seen that the variance of both markets is high during theCOVID-19 era, which confirms the hypothesis of this study to be true. 
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Figure 2. Value at Risk (VaR) plots of both markets calculated through Student’s and normal distribution. It can be seen that the downside risk of both markets hasincreased during the COVID-19 era in comparison with the global financial crisis. Moreover, the downside risk of the oil market is greater than DJI. Hence, it confirms the acceptance of the study hypothesis. 
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Table 1. Description of the variables.






Table 1. Description of the variables.





	Variable Name
	Source/Description





	Dow Jones Industrial Index
	Yahoo Finance



	West Texas Intermediate Oil prices
	The U.S. Energy Information Administration



	COVID-19 Crisis
	Dummy variable



	Global Financial Crisis
	Dummy variable



	USA–China Trade War
	Dummy variable
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Table 2. Unit root, heteroskedasticity, and summary results.
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Variable

	
Std. Dev.

	
Skewness

	
Kurtosis

	
Jarque–Bera

	
Mean






	
WTI

	
2.659791

	
0.438831

	
24.17405

	
64204.09

	
−0.018125




	
DJI

	
1.255449

	
−0.453576

	
19.05330

	
36097.42

	
0.019247




	
Variable

	
ARCH LM

	
ADF

	
PP




	

	
F-stat.

	
I(0)

	
I(1)

	
I(0)

	
I(1)




	
WTI

	
759.2923 ***

	
−59.26339 ***

	
−28.23444 ***

	
−59.26339 ***

	
−295.9809 ***




	
DJI

	
470.464 ***

	
−67.39095 ***

	
−25.59877 ***

	
−67.30813 ***

	
−960.1569 ***








Note 1: *** denotes 1% level of significance: Source: Author’s calculation. Note 2: Here, WTI and DJI represent the West Texas Intermediate crude oil and Dow Jones Industrial Index, respectively.
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Table 3. Results of mean equation.






Table 3. Results of mean equation.












	Variable
	Coefficient
	Std.Err
	T-Statistics
	Prob.





	WTI
	
	
	
	



	ϑ0
	−0.003476
	0.032108
	−0.10826
	0.913791



	ϑ1
	0.145109
	0.086974
	1.66841
	0.095234



	ϑ2
	−0.667377
	0.202804
	−3.29075
	0.000999



	ϑ3
	0.079753
	0.08821
	0.90413
	0.365928



	DJI
	
	
	
	



	ϑ0
	0.058609
	0.012653
	4.63216
	0.000000



	ϑ1
	−0.042758
	0.03557
	−1.20209
	0.229329



	ϑ2
	−0.056968
	0.121473
	−2.46897
	0.0639089



	ϑ3
	0.020868
	0.03087
	0.67599
	0.499046







Source: Author’s calculation. Note 1: Here WTI and DJI represent the West Texas Intermediate crude oil and Dow Jones Industrial Index, respectively. Moreover, ϑ0, ϑ1, ϑ2, and ϑ3 define the intercept, dummy variable of GFC, COVID-19, and trade war between China and the US, respectively.
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Table 4. Results of the variance equation.






Table 4. Results of the variance equation.












	Variable
	Coefficient
	Std.Err
	T-Statistics
	Prob.





	WTI
	
	
	
	



	κ0
	0.008674
	0.001923
	4.51141
	0.000000



	κ1
	0.005014
	0.003966
	1.2644
	0.020608



	κ2
	0.06459
	0.012792
	5.0493
	0.000000



	κ3
	−0.003895
	0.005363
	−0.7262
	0.467716



	  ς  
	0.084907
	0.011269
	7.53476
	0.000000



	  λ  
	−0.071821
	0.008246
	−8.71019
	0.000000



	  δ  
	0.99185
	0.000121
	8179.6979
	0.000000



	  Τ  
	7.837777
	0.978102
	8.01325
	0.000000



	DJI
	
	
	
	



	κ0
	−0.030929
	0.006493
	−4.76373
	0.000000



	κ1
	0.050832
	0.012374
	4.10803
	0.000000



	κ2
	0.097387
	0.031871
	3.05563
	0.002246



	κ3
	0.002901
	0.012496
	0.23217
	0.816403



	  ς  
	0.179255
	0.020052
	8.93939
	0.000000



	  λ  
	−0.197582
	0.016424
	−12.02981
	0.000000



	  δ  
	0.960464
	0.005576
	172.23549
	0.000000



	  Τ  
	6.032809
	0.658381
	9.1631
	0.000000







Source: Author’s calculation. Note 1: Here WTI and DJI represent the West Texas Intermediate crude oil and Dow Jones Industrial Index, respectively. Here K0, K1, K2, and K3 indicate the constant term variance occurred due to GFC, COVID-19, and trade war between China and the US, respectively. Moreover,  ς ,   λ , δ  , and  τ  indicate the ARCH effect, news effect (gamma), GARCH effect, and degree of freedom, respectively. It can be seen that COVID-19 has increased the variance of both markets than GFC. Hence, the study hypothesis of COVID-19 has boosted the variance of these markets more than GFC is true.
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Table 5. Summary statistics of Value at Risk (VaR) model.
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Panel A

	
Student’sDist.

	

	
Normal Dist.

	






	
WTI

	

	

	

	

	

	




	
Confidence level

	
maximum

	
Minimum

	
Average

	
maximum

	
Minium

	
Average




	
99%

	
−34.81096

	
−2.061463

	
−5.837464

	
−31.06984

	
−1.839918

	
−5.210114




	
DJI

	

	

	

	

	

	




	
Confidence level

	
maximum

	
Minimum

	
Average

	
maximum

	
Minimum

	
Average




	
99%

	
−21.96734

	
−0.673005

	
−2.665718

	
−19.60652

	
−0.6006781

	
−2.379234








Source: Author’s calculation. Note 1: Here WTI and DJI represent the West Texas Intermediate crude oil and Dow Jones Industrial Index, respectively. It can be seen that the downside risk of oil markets has been increased than DJI. Hence, these findings clear that COVID-19 has affected the oil markets more than DJI.
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Table 6. Back-testing of Value at Risk model.
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WTI

	
Student’s Distribution






	
Confidence level

	
Expected Exceed

	
Actual Exceed

	
Lruc

	
LRcc




	
99%

	
34

	
44

	
2.537914

	
2.819471




	
Normal distribution

	

	

	

	




	
99%

	
34

	
61

	
17.03359 **

	
17.04064 **




	
DJI

	
Student’s Distribution




	
Confidence level

	
Expected Exceed

	
Actual Exceed

	
LRuc

	
LRcc




	
99%

	
34

	
39

	
0.8630743

	
1.36595




	
Normal distribution

	

	

	

	




	
Confidence level

	
Expected Exceed

	
Actual Exceed

	
LRuc

	
LRcc




	
99%

	
34

	
64

	
22.1221 **

	
22.16697 **








Note 1: ** denotes 5% level of significance: Source: Author’s calculation. Note 2: Here, WTI and DJI represent the West Texas Intermediate crude oil and Dow Jones Industrial Index, respectively.
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Table 7. Diagnostic parameters.






Table 7. Diagnostic parameters.





	
Serial Correlation

	
STD. Residuals

	
Sq. STD. Residuals






	
Variables

	
F-statistics

	
p-value

	
F-statistics

	
p-value




	
WTI

	
1.569

	
0.2104

	
2.102

	
0.5945




	
DJI

	
1.062

	
0.3028

	
2.895

	
0.7762




	
Heteroskedasticity

	

	

	




	
Variables

	
F-statistics

	
p-value

	

	




	
WTI

	
0.1621

	
0.6872

	

	




	
DJI

	
0.1917

	
0.6615

	

	








Source: Author’s calculation. Note 1: Here, WTI and DJI represent the West Texas Intermediate crude oil and Dow Jones Industrial Index, respectively. Moreover, STD. Residuals and Sq. STD. Residuals represent the standardized residuals and theirsquare, respectively.
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