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Abstract 
 

This is an event-based study that uses intraday (hourly) log returns to quantify 
Conditional Value-at-Risk (!"#$) and MCMC stochastic volatility before and during 
the Covid-19 pandemic (January 2019–June 2020) across the stock, commodity and 
cryptocurrency markets. The results indicate pandemic-induced risk exposure 
(expected shortfall), increasing volatility, and stronger cross-market integration. These 
effects might reduce the potential benefits of cross-market hedging and contribute to 
a global financial contagion, imposing an additional constraint on both the bank-level 
risk management strategy and macroprudential policy framework. Thus, the ongoing 
crisis can be amplified through the global financial spillovers. 
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Introduction 
 
When the World Health Organization declared the 2019-nCoV outbreak and the Public Health Emergency of 
International Concern in January 30, 2020, there were very few concerns about the potential disruptive 
economic effects. However, as the Chinese health crisis became the global pandemic on March 11, 2020 
(World Health Organization, 2020)1, it put the global economy at risk due to government-released 
precautionary measures such as lockdowns as well as mandatory and voluntary social distancing. For now, we 
know that quotations on the markets do not reflect all relevant factors, since “speculative prices are not so tied 
to genuine information (…) (Shiller & Malkiel, 2020). The main goal of the study is to provide an additional 
insight into the effects (in the context of risk-exposure, volatility and intra-market and cross-market co-
movements), of this exogenous shock, and to discuss some implications relative to the macroprudential policy 
and risk-management practice within financial institutions. 
 
The study implements Conditional !"# ($!"#) and MCMC volatility using high-frequency log returns (hourly 
log returns). To observe the Covid-19-related effects, we divided the sample into the period before the 

 
1 The World Health Organization informs the public about corona-related developments across the globe using 
an interactive rolling updates on coronavirus disease (COVID-19) such as main clusters, reported cases, clinical 
trials, guidance on maintaining essential services, etc. See World Health Organization (2020) for more details.  
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pandemic (before January 30 and before March 11, 2020), and the pandemic period (after January 30 and 
after March 11, 2020). We also considered the monthly risk exposure and volatility trends over the entire 
period (January 2019–June 2020). Our initial results indicate increasing risk-exposure, volatility, and cross-
market integration, which can in turn create system-wide financial contagion and increase the probability of 
the global financial turmoil. Thus, the results call on a more effective regulatory agenda with an emphasis on 
rare disaster events, and a comprehensive risk assessment that address the problem of cross-market risk 
migrations.  
 
The paper is structured as follows. The introductory notes are followed by a brief literature summary and an 
outline of the data set and methodology we implement in this study. In the next section, we provide the 
results and discuss the main findings and implications. The final section concludes.  
 
 

Literature Review 
 
The literature dealing with risks and market volatility is abundant, especially in the last couple of decades. For 
example, Giot (2005) implements the $!"# framework to quantify intra-day market risk for three NYSE stocks 
using normal GARCH, Student GARCH, RiskMetrics, and high-frequency duration models. He considers the 
proposed market risk tools effective (especially the Student GARCH as a model winner), conditional on 
removing inherent seasonality effects. More recently, Adrian & Brunnermeier (2016) have proposed a 
sophisticated version of CVaR, namely the value at risk (VaR) of the financial system conditional on institutions 
being under distress. The key contributing elements of the systemic risks are leverage, size, and maturity 
mismatch, and the authors consider these factors important determinants of %&'("') − ∆	$!"#, which, in 
turn, can potentially be used in macroprudential policy applications. Also, during financial crises or periods of 
financial intermediary distress, tail events tend to spill across financial institutions.    
 
More recently, Borri (2019) implements $!"# to deal with the conditional tail-risk in cryptocurrency markets. 
His results indicate that cryptocurrencies are exposed to tail-risk within cryptocurrency markets, but they are 
quite robust to tail-risk in other global assets. Consequently, a hybrid portfolio that includes cryptocurrencies 
could serve as a hedging instrument, since idiosyncratic risk can be significantly reduced. In a similar paper, 
Ling & Cao (2020) find a significantly negative relation between the two-side $!"# and the two-side tails of 
the cross-sectional expected returns of stocks. This finding is robust after controlling for downsize beta, the 
maximum previous month daily returns, liquidity risk, firm size and idiosyncratic volatility.  
 
Unlike in GARCH-related models, in SV models the log volatility of asset returns is modeled as a latent first-
order autoregressive (AR(1)) process, thereby serving as powerful workhorses for the modeling and prediction 
of time-varying volatility on financial markets. For example, the study by Geweke & Amisano (2010) compares 
and evaluates the performance of alternative predictive distributions (estimated by GARCH, t-GARCH, 
Stochastic Volatility, Markov normal mixture model (MNM), and generalized MNM models) of daily percent 
log returns of the S&P 500, using the predictive likelihood and probability integral transform (PIT) analyses. 
They found that GARCH Bayesian predictive distributions are inferior to the other four, whereas the Bayesian 
stochastic volatility (SV) and Markov normal mixture (MNM) predictive distributions are dominated by the t-
GARCH and hierarchical Markov normal mixture (HMNM) predictive distributions.  
 
In the context of the ongoing pandemic crisis, Ramelli & Wagner (2020) study the cross-section of stock price 
reactions to COVID-19 using the average CAPM-adjusted cumulative returns. They find strong causal evidence 
for the role of international trade and global value chains for corporate value and justify cash holding as a 
liquidity buffer in time of uncertainty, since the real economic effects of the COVID-19 health crisis are 
amplified by financial channels. Additionally, Ibikunle & Rzayev (2020) highlight that COVID-19-induced 
volatility affects the venue selection by informed and uninformed traders in today’s financial markets. Some 
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related microeconomic studies went even further claiming that the market tends to accurately discount the 
most exposed companies (Alburque et al. 2020; Ding et al. 2020; Pagano et al. 2020). In a similar vein, Zhang et 
al. (2020) implement the minimum spanning tree to investigate the Covid-19-induced financial market stress, 
claiming that the severity of market stress goes vis-à-vis with the severity of the health crisis. In contrast, 
Capelle-Blancard & Desroziers (2020) could not confirm a strong linkage between the economic fundamentals 
that includes daily information about health and the economic crisis, and stock markets in 74 countries, which 
supports the hypothesis that the market is mainly driven by the animal spirits and expectations.   
 
Finally, the pandemic-induced trends have led to bouts of extreme volatility in equity and other risky asset 
classes due to heightened risk aversion and consequent “jumps” of liquidity buffers (The Financial Stability 
Board, 2020). Also, Okorie & Lin (2020) test the contagion effect hypothesis using detrended moving and cross 
correlation analysis. The results indicate a significant but transitory (weakly persistent) fractal contagion effect 
during the pandemic period, although some authors (Barro, Ursua, & Weng, 2020) claim that the economic 
consequences of the Covid-19 are to be comparable, in relative numbers, to those during the Spanish Flu (8% 
decline in the GDP and a significant decrease of realized stock returns). In connection with the previous, Baker 
et al. (2020) concludes that the US stock market is experiencing even more extreme reaction to the COVID-19 
crisis compared to that of the Spanish Flu crisis, implying that the initial gloomy predictions of the economic 
costs of the ongoing crisis could be even worse in reality.  
 
This study contributes to the existing literature at least threefold. Namely, to our best knowledge, this is the 
first study that deals with the Covid-19-induced financial market shocks using a high-frequency (intraday) data 
set. Also, the study offers a comprehensive and intuitive event-based approach, meaning that the financial 
market movements are related to (un)official pandemic announcements. Finally, this is the first MCMC-based 
attempt to observe the effects of the Covid-19 pandemic on the volatility of the markets, followed by the 
second stage co-movement analysis based on the correlation between both raw high-frequency returns and 
estimated volatilities across the financial markets.   
 
 

Data and Methodology 
 
The raw data set is obtained from the Yahoo Finance and CoinMarketCap websites, covering the period from 
January 2019 to June 2020, inclusive. We estimate the Conditional Value-at-Risk ($!"#) and MCMC volatility 
model using intraday (hourly) log returns. Specifically, let -	be a continuous random variable that describes 
loss, with the probability parameter . ∈ [0,1], where 0	 < 	.	 < 	1. Then, the . − $!"# of - is given by 
$!"#!(-) ∶= :[-|- ≥ !"#!(-)] (Rockafellar & Uryasev, 2000). More formally, the $!"# of - with a 
confidence level of .	 ∈ [0, 1] is the mean of the generalized . − =">? distribution (Rockafellar & Uryasev, 
2000): 

$!"#!(-) = @ ABC"
!

#

$#
(A),																																																			(1) 

where                                                 C"!(A) 	= D

0,												(ℎFG	A < !"#!(-),
	&!(()$!
*$! , (ℎFG	A ≥ 	!"#!(-).

																										(2) 

 
The $!"# estimation is followed by the MCMC stochastic volatility (SV) model, assuming a stochastic-type 
(variance follow AR(1) prosess) volatility evolution (Kastner, 2016). Furthermore, the parameters and latent 
variable of the SV model derived from the posterior distribution are given as follows (Kastner, 2016): 

J+|ℎ+~L(0, FMN	ℎ+),																																																																									(3) 
ℎ+|ℎ+$*, P, Q, R,~	L(P + Q(ℎ+$* − P), R,-),																															(4) 
ℎ.|P, Q, R,~	L(P, R,-(1 − Q-)),																																																					(5) 
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where L(P, R,-) denotes the normal distribution with mean P and variance R,-, whereas V = (P, Q, R,)/ is a 
vector of the parameters: (1) the level of log-variance (P), (2) the persistence of log-variance (Q), and (3) the 
volatility of log-variance (R,). Additionally, the posterior distribution is given by N(Q) =

*
-0(1",3")

	(
*45
- )

1.$*	(*$5- )
3.$* (". and W. are positive hyperparameters), while X(M, J) = ∫ =6$*(1 − =)7$*

*
. )= 

is the beta function with an interval (-1, 1) in its support (Kastner, 2016). The expected value and variance of 

the persistence parameter Q are given as follows (Kastner, 2016): (1) Z(Q) = -1"
1"43"

− 1, (2) !"'(Q) =
81"3"

(1"43")#(1"43"4*)
. The volatility of log-variance (R,) follows gamma distribution R,-~X9, × \*

- =

](1 2⁄ , 1 2X9,⁄  (Frühwirth-Schnatter & Wagner, 2010), and hyperparameter X9, is usually kept small in the 
emprical application (Kastner, 2016). Empirically speaking, we run 10000 MCMC iterations and 1000 burn-in 
draws; also P~_(−10,1); (Nℎ> + 1)/2	~	XF="("0	 = 	20, W0	 = 	1.1); b>cd"^2			~	0.1	 ∗ 	$ℎ>bg()%	 = 	1). 
 

Results and Discussion 
 
The descriptive statistics of hourly log returns is presented in Table 1. As we can see, the traditional financial 
markets are much less volatile (b=). )Fh	 = 0.0012), compared to the cryptocurrency market (b=). )Fh	 =
0.0033 − 0.0052). Also, higher risk-exposure associated with the crypto market corresponds to higher 
average returns (excluding ETH that has negative average returns). 
 

Variable Frequency Observation Mean Std. Dev. Min Max 

Dow Jones Hourly 13,127 1.52E-05 0.001216 -0.02014 0.023639 

S&P 500 Hourly 13,127 1.46E-05 0.00118 -0.01735 0.024106 

US Tech Hourly 13,127 2.75E-05 0.001258 -0.02361 0.025094 

Russell 2000 Hourly 13,127 1.43E-05 0.001488 -0.02636 0.031178 

Bitcoin Hourly 13,127 2.96E-05 0.003253 -0.0764 0.080908 

Ethereum Hourly 13,127 -5.49E-06 0.005212 -0.07918 0.076388 

Litecoin Hourly 13,127 5.54E-05 0.003985 -0.093 0.070133 

Brent Hourly 13,127 -9.87E-06 0.002456 -0.04143 0.071376 

Gold Hourly 13,127 6.93E-06 0.000722 -0.01424 0.011694 

Table 1: Descriptive Statistics 
 
In the following pages we present the results of risk metrics and estimated volatility trends. To be as rigorous 
as possible, we first focus on the estimated $!"# using the 99% confidence interval, i.e. the average loss in 
the worst 1% cases (See Table A1 in Appendix). Accordingly, risk exposure during the pandemic period (after 
January 30, 2020) has increased significantly across all the markets. Namely, the $!"#	(Zi) increased 3 ̶ 4 
times in most of the cases, with a slightly bigger deterioration in the case of Bitcoin (4.27 times) and Brent 
crude oil (5.7 times), and lower risk-exposure in the case of the gold market (1.85 times). Taking March 11, 
2020 as the cut-off point, equity market risks have increased during the pandemic period by only 20 ̶ 30%, 
compared to the pre-crisis time (before March 11, 2020). Also, the stock and commodity markets do no show 
additional “risk jumps” after March 11, 2020, meaning that the future trends are accurately anticipated. 
Finally, the stock markets were much more sensitive to the initial health crisis announcement than the 
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cryptocurrency and commodity markets. The monthly $!"#	(Zi) and estimated volatility dynamics are 
presented in Figure 1 and Figure 2.  
 

 
Figure 1: Conditional jkl Heatmap (Jan 2019 ̶ June 2020) 

 
Figure 1 shows the	$!"# heatmap from January 2019 to June 2020 (inclusive, monthly). There are two 
separated periods of increased risk exposure in the pre pandemic period (August-September 2019, due to 
China-US trade negotiations), and another during the pandemic (February-April 2020). Thus, risks across all the 
markets escalated during the pandemic time, due to gloomy predictions about the economic impact of the 
health crisis and prospects for economic recovery. To a certain extent, these trends are confirmed by the 
estimated MCMC volatility (See Figure 2). 

 
Figure 2: Estimated Stochastic Volatility (%; Jan 2019 - June 2020) 

 
Figure 2 presents the estimated stochastic volatility (%) across the market from January 2019 to June 2020 
(monthly, inclusive). Compared to the $!"# trends, we observe intense asset-specific volatility in specific 
periods. For example, ETH was quite volatile in January 2019, and Russell and Brent in March 2019. Then, we 
have the same, but prolonged period of volatility for most of the assets from July 2019 to October 2020, 
followed by an explosion in volatility (especially in the case of Litecoin) during the pandemic (March-April 
2020). However, some of the markets are quite stable initially (ETH and Brent), while others “overreacted” in 
the wake of Covid-19.  
 
To add to the volatility analysis, we present the estimated volatilities for each market (See Appendix, Figure 
A1, A2, and A3) over the observed period. The equity markets have in general the lowest estimated volatilities 
(mn	 = 	0.00132624%, i&r	500	 = 	0.001269369%, ti	uFvℎ	 = 	0.001564634%, and #wbbF??	 =

	0.001717484% change in log returns), whereas crude oil (X'FG=	 = 	0.003849227%, but z&?)	 =
	0.001270823% change in log returns) and especially crypto markets (X{u	 = 	0.006368636%, Zu|	 =
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	0.01092327%, and }{u	 = 	0.01257811% change in hourly log returns) are highly volatile. Also, there are 
different volatility trends across the markets that correspond to different shocks in the pre-pandemic period 
(before March 11, 2020). Namely, we observe abnormal volatility trends in both equity and commodity 
markets in the period of August 2019–September 2019 (US-China trade tension and a bond market-driven 
indication of a recession), traditionally during October 2019, and right before the official pandemic declaration 
(January–March, 2020). The commodity market follows the equity market, whereas the crypto market 
(especially Litecoin) exhibits persistent volatility wave-like spikes in the pre-pandemic period. Thus, the 
markets suddenly became “wild”, once the pandemic crisis is officially declared (March 11, 2020), but the 
magnitude and persistence of the volatility shocks are market-specific, implying different expectations by 
different investors.  
 
Namely, equity markets had “overreacted” initially and “cooled” down afterwards, but the volatility shock was 
persistent (we also had the second-wave volatility spike in May ̶ June 2020). On the other hand, commodity 
markets exhibited two separated “busts” in March 2020 and April 2020 (due to the derivative market crisis), 
but “cooled” down afterwards, whereas cryptocurrency markets had an initial sharp decline, but “cooled” 
down in April 2020 (excluding Litecoin). Although we have a kind of market-specific response to the official 
pandemic announcement, it is obvious that all the markets passed through the Covid-19-induced shock during 
March 2020. Thus, the markets are highly interconnected, and there is an instant spillover effect from one 
specific market to another, especially in crisis times. Namely, the global financial crisis in 2007 ̶ 2008 was 
characterized by heightened volatility, and financial markets had a tendency to become more correlated, even 
if they were in different sectors. The same happened during January 2016, when there was almost a perfect 
correlation between the S&500 and crude oil market (the correlation coefficient was 0.97).
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Figure 3: Correlation Matrix of Log Returns and Estimated Volatilities (Pre-Pandemic vs. Pandemic Times)
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The final part of the empirical analysis deals with the Covid-19-induced cross-market integration. Thus, we 
calculated the correlation matrix of the log returns and estimated volatilities before (January 2019–March 
2020) and during the pandemic crisis (March 2020–June 2020) to see whether the markets became more 
correlated during the pandemic. The correlation matrices are presented in Figure 3. It seems that history is 
doomed to repeat itself, since the markets exhibit the same behavior during the pandemic crisis, in the form of 
increased cross-market correlations. Namely, the intra-market correlation coefficients are relatively high in 
both periods, but it is quite expectable that, for example, DJ and S&P 500 or Bitcoin and Ethereum are highly 
correlated in general. However, the significant increase of the cross-market correlation coefficients in the 
pandemic period compared to the pre-pandemic times is an alarming trend. Specifically, crypto market returns 
were initially independent of both equity and commodity markets, but rapidly increased during the Covid-19 
crisis; on the other hand, there were some initial joint volatility trends, but the markets became increasingly 
intertwined after March 11, 2020.  
 
 

Conclusion 
 
The paper investigates the effects of the Covid-19 stress on the leading stock, cryptocurrency and commodity 
markets using intraday (hourly) log market returns over the period January 2019–June 2020, inclusive. We 
particularly address the question whether or not the crisis has contributed to greater riskiness (measured by 
expected shortfall and stochastic volatility) and integration (co-movements) of the global financial markets 
during the pandemic crisis.  
 
The market returns exhibit particularly “unstable” phases during the period of July ̶ October 2019 (which is 
caused by US–China trade tensions and bond market irregularities), and during the period of March–June 2020 
(due to the Covid-19-indiced market disturbances). Specifically, there is an increasing risk exposure and 
volatility during the pandemic period (especially after March 11, 2020), particularly in the cryptocurrency and 
crude oil markets. Additionally, the increasing volatility triggered by the Covid-19 strengthened the linkage 
between the global financial markets, and it seems that such a rare exogenous disaster event makes the global 
financial contagion more likely to occur due to the cross-market spillover effects. However, systemic financial 
stability has been maintained successfully so far, mainly because of an intensive government intervention and 
generous liquidity support. Either way, we are dealing with an unprecedented type of operational risk that is 
transformed into systemic financial risk, which in turn amplifies the cross-market risks and the likelihood of the 
global financial contagion. These findings call on a more comprehensive regulatory agenda and redesigned 
macroprudential framework to address the problem of increasing systemic risks and potential global financial 
crisis.  
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Appendix 
 

Panel A1: Pre-Crisis Time (Before January 30, 2020) 

CVAR/Asset Dow Jones S&P 500 US Tech Russel 2000 BIT ETH LIT Brent Gold 

C. I. = 0.90 0.00143 0.00143 0.00186 0.00171 0.00893 0.00937 0.01027 0.00315 0.00150 
C. I. = 0.95 0.00259 0.00262 0.00355 0.00299 0.02016 0.01720 0.01498 0.00544 0.00290 
C. I. = 0.99 0.00632 0.00647 0.00904 0.00705 0.05772 0.04231 0.02883 0.01263 0.00743 

Panel A2: Pandemic Time (After January 30, 2020) 

CVAR/Asset Dow Jones S&P 500 US Tech Russel 2000 BIT ETH LIT Brent Gold 

C. I. = 0.90 0.00533 0.00489 0.00531 0.00626 0.02885 0.02516 0.01659 0.01062 0.00295 
C. I. = 0.95 0.01022 0.00953 0.01076 0.01154 0.07846 0.06225 0.03363 0.02396 0.00552 
C. I. = 0.99 0.02618 0.02479 0.02877 0.02859 0.24665 0.18640 0.08949 0.06908 0.01377 

 

Panel B1: Before the Pandemic Time (Before March 11, 2020) 

CVAR/Asset Dow Jones S&P 500 US Tech Russel 2000 BIT ETH LIT Brent Gold 

C. I. = 0.90 0.00336 0.00314 0.00343 0.00311 0.00885 0.00911 0.01021 0.00597 0.00173 
C. I. = 0.95 0.00838 0.00762 0.00801 0.00677 0.01984 0.01628 0.01480 0.01344 0.00335 
C. I. = 0.99 0.02530 0.02270 0.02336 0.01885 0.05655 0.03913 0.02824 0.03824 0.00858 

Panel B2: Pandemic Time (After March 11, 2020) 

CVAR/Asset Dow Jones S&P 500 US Tech Russel 2000 BIT ETH LIT Brent Gold 

C. I. = 0.90 0.00550 0.00500 0.00534 0.00647 0.02871 0.02751 0.01791 0.01084 0.00306 
C. I. = 0.95 0.01046 0.00975 0.01095 0.01155 0.07587 0.06841 0.03701 0.02368 0.00585 
C. I. = 0.99 0.02662 0.02541 0.02957 0.02787 0.23531 0.20528 0.09984 0.06699 0.01488 

Table A1: Conditional !"# Before and During the Pandemic (Jan 2019–June 2020, inclusive) 
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Figure A1: Fitted Volatility (Stock Markets; Jan 01, 2019 – June 30, 2020) 

 

 
Figure A2: Fitted Volatility (Commodity Markets; Jan 01, 2019–June 30, 2020) 

 

 
Figure A3: Fitted Volatility (Cryptocurrency Markets; Jan 01, 2019–June 30, 2020) 

 


