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Abstract: This paper discusses the relationship between the volatilities of traditional and digital 
assets before and during the COVID-19 pandemic. Using daily data relevant to the period ranging 
from January 4, 2016, to April 15, 2020, the results of the DCC-MVGARCH model indicate that the 
stock markets responded to the Coronavirus outbreak as the crypto market with worrying volatility. 
Before this outbreak, Bitcoin and gold are considered as a hedge for US, English, French, German, 
and Italian financial investors. The conditional correlation between stock indices and other assets was 
skyrocketing during this pandemic, except for the couple SSE-Ripple. 
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1. Introduction 

The template presents the sections that can be used in a manuscript. Each section has an As the 
COVID-19 virus outbreak news moves far beyond China, the Coronavirus is sending ripples through 
the stock market and world economy. In just the last few months, this pandemic has managed to 
plunder and destabilize the world’s financial system. For centuries, during numerous crises, gold has 
traditionally been considered a haven. Since the Bretton Woods crash, gold does not have the same 
significance in the international monetary system. However, it attracts tremendous interest from 
investors, the media, and researchers. Due to the growing volatility of financial markets, the 
diversification of portfolios through hedges is becoming more relevant. During the global economic 
and financial crisis that started in 2007 with the subprime mortgage market crisis in the United States, 
gold prices rose dramatically, while other assets suffered losses (Beckmann et al, 2015). In recent years, 
correlations between most types of assets have increased dramatically. However, gold is still 
considered to be a zero-beta asset (McCown and Zimmerman, 2006) and is still assumed to be 
unrelated to other assets (Baur and Lucey, 2010). Bentes (2016) suggested that gold returns had 
changed from long-range pre-crisis dependency to short-term memory during the crisis period. It also 
appears that gold is used to act as a hedge in times of financial instability (Selmi et al. 2018; Bouri et al 
2020; Jareno et al, 2020; Demir et al, 2020; Jeribi and Snene Manzli, 2021, Kumah et al, 2021; Jeribi and 
Ghorbel, 2021; Ghorbel and Jeribi, 2021, a,b,c). 

Dyhberg (2016) asserted that the global uncertainty surrounding the 2007 global financial crisis 
has eased the emergence of the first decentralized blockchain-based cryptocurrency and strengthened 
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its popularity. Bitcoin was designed by Nakamoto (2008). It facilitated electronic payments between 
individuals without going through third parties. Bitcoin has been the subject of challenges and 
opportunities for policymakers, entrepreneurs, consumers, and economists since its inception. Bitcoin 
is considered to be different from any other financial market asset. It creates new opportunities for 
stakeholders concerning portfolio analysis, risk management, and consumer sentiment analysis 
(Dyhberg, 2016). Bitcoin is compared to gold because it has many similarities. Neither of them is 
national or controlled by the government. They are being mined by several independent operators and 
companies. Gold has some inherent value but most likely does not justify its current market value 
(Dyhrberg, 2016). 

According to Brière et al. (2015), Selmi et al. (2018), Symitsi and Chalvatzi (2019), and Baur and 
Hoang (2020), Bitcoin is defined as a highly volatile asset. It has become a major theme in the financial 
press and academia. Given the acceptance of Bitcoin as an investment tool and its increasing 
importance, the modeling of Bitcoin price volatility is becoming important for investment decisions 
and risk management (Katsiampa, 2017). Many studies have used GARCH-Family Models as the 
backbone of Bitcoin Volatility Modeling (Katsiampa, 2017, Bouri et al., 2017; Guesmi et al., 2019; 
Fakhfekh and Jeribi, 2020). Around the same period, another line of analysis focuses on the 
diversification ability of Bitcoin by researching the correlation between traditional asset classes and 
Bitcoin. Various studies apply a variety of methods and conclude that Bitcoin is very weakly correlated 
with conventional assets such as bonds, commodities, and equities (e.g., Bouri et al., 2017; Gajardo et 
al., 2018; Klein et al., 2018; Tiwari et al., 2019; Charfeddine et al., 2020; Jeribi and Fakhfekh, 2021; 
Ghorbel and Jeribi, 2021, a,b,c, Jeribi and Ghorbel, 2021). In addition, Brière et al. (2015), Bouri et al. 
(2017), Kajtazi and Moro (2018), Guesmi et al. (2019), Charfeddine et al. (2020), Lahiani et al (2021), and 
Jeribi et al. (2021), as well as Fakhfekh et al. (2021), suggested significant benefits for portfolio 
diversification and risk management when Bitcoin was added. 

Many of the works that analyzed volatility dynamics, correlations, and hedge ratios between 
cryptocurrencies and other assets used multivariate GARCH models such as BEKK (Klein et al.2018; 
Ghorbel and Jeribi, 2021, a,b,c, Jeribi and Ghorbel, 2021 ), DCC (Bouri et al., 2017; Ghorbel and Jeribi, 
2021, a,b,c; Jeribi and Ghorbel, 2021) or ADCC (Gajardo et al., 2018; Tiwari et al., 2019; Fakhfekh et al., 
2021). However, the estimation of GARCH models on big data sets faces difficulties. E.g., the BEKK 
and VARMA-GARCH models have a low likelihood function due to the existence of a large number 
of free parameters, rendering estimation difficult for models of more than two variables. Conditional 
correlation models such as Constant Conditional Correlation (CCC), Dynamic Conditional Correlation 
(DCC), or Asymmetric DCC (ADCC) are more robust to these estimation problems and require more 
variables to be integrated into the model. Conditional correlation models are structured to fix some of 
the issues found with the BEKK and VECH models. They are simple to approximate, yet have 
computational power with large data sets and are commonly used in the calculation of hedge ratios. 

Most of the works analyze returns and treat volatility for Bitcoin as a cryptocurrency market’s 
leader. Many new cryptocurrencies appear and most of them are developed further based on 
blockchains. However, most of the literature focuses only on Bitcoin. Corbet et al. (2018) analyzed the 
relationships between three cryptocurrencies (Bitcoin, Ripple, and Litecoin) and a variety of other 
financial assets. Their results as those of Corbet et al. (2019) reveal that cryptocurrencies are rather 
isolated from the other markets. The values for directional return and volatility from Bond, Gold, VIX, 
FX, GSCI, and S&P 500 to cryptocurrency markets are very low. Thereby, they suggest a role for 
cryptocurrencies as diversifier assets for investors with short investment horizons. Using a generalized 
DCC class model, Aslanidis et al (2019) investigate the actions of conditional associations between four 
cryptocurrencies (Bitcoin, Monero, Dash, and Ripple), S&P 500, bond, and gold. These researchers 
claim that the cryptocurrencies analyzed are strongly correlated and that the associations between 
cryptocurrencies and conventional financial assets are negligible. Using a copula-ADCC-EGARCH 
model, Tiwari et al. (2019) research time-differentiated correlations between the S&P 500 and six other 
cryptocurrencies. They find very small time-varying associations. Charfeddine et al. (2020) 
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investigated the economic and financial benefits of Bitcoin and Ethereum, for financial investors by 
studying their capabilities to generate benefits from portfolio diversification and hedging strategies. 
By estimating static and time-varying tail copulas, they found evidence of time-varying dependence 
and the absence of asymmetric tail dependence between digital and conventional financial assets. They 
suggested that digital assets can offer new opportunities for portfolio diversification by including only 
a small weight of cryptocurrencies in a portfolio of traditional financial assets. Jareno et al. (2020) 
analyzed the sensitivity of Bitcoin returns to changes in gold price returns, US stock market returns, 
interest rates, oil prices, and the VIX index. The results indicated that Bitcoin is negatively influenced 
by VIX, nominal interest rates, and crude oil prices. However, the relations between Bitcoin and gold 
price returns are positive. Bitcoin is considered a safe-haven asset during economic turmoil. Bouri et 
al. (2020) compared the safe-haven properties of Bitcoin, gold, and the commodity index against 
developed, emerging, USA, and Chinese stock market indices. They show that the interdependence 
between Bitcoin, gold, commodities, and the stock markets is not very strong. They concluded that 
Bitcoin can be seen as a new virtual gold. It has some of the virtuousness of gold against the extreme 
drop in the stock market indices. 

Bitcoin was created out of the 2008 financial crisis. The Coronavirus pandemic is looking more 
and more like its first real test in a crisis scenario, as well as the other digital assets. Using the 
multivariate DCC-GARCH model, we explore the time-varying conditional correlations between stock 
markets (G7 and China) on the one hand and cryptocurrencies and gold on the other hand. We tested 
the haven property of cryptocurrencies and Gold from January 4, 2016, to April 15, 2020. The layout of 
this paper is as follows. Section 2 gives an outline of the econometric methodology adopted. Section 3 
is devoted to highlighting the relevant data and empirical findings. Finally, Section 4 concludes. 

2. Empirical Methodology 

To determine the nature of the relation between Cryptocurrencies and financial indices of G7 and 
China, we use the Multivariate GARCH analysis. The use of GARCH models is justified by the 
presence of heteroscedasticity of the error terms. It is well known that GARCH models offer more 
dynamic volatility than other models that represent constant variance. Besides, the multivariate 
GARCH model can present dynamic conditional mean and conditional covariance opposite to the 
univariate GARCH model. Since the cryptocurrency market is found to be sensitive to related events 
such as bankruptcy of an exchange or change in regulations, we are using MVGARCH to detect any 
return volatility within our studied markets. Among all the GARCH models, we are using the DCC-
MVGARCH introduced by Engle in 2002. It has been shown in the literature that this model is the most 
adequate to analyze the cryptocurrency market. It also requires fewer parameters comparing to other 
GARCH models. Moreover, this upgraded version of GARCH allows more flexibility and is 
characterized by random walks in returns obtained by pre-filtering and a variance-covariance 
structure of past returns events. Thus, Structural interdependencies in return-risk are captured by the 
dynamic behavior of the conditional covariance matrix. 

Hence, the first conditional moments (means) of indices returns through a VAR process is 
presented as follow:  

𝑅 ,  = 𝑐 + ∑ 𝑎 𝑅 + ∑ 𝑎 𝑅 + 𝜀                           (1) 

𝑅 ,  = 𝑐 + ∑ 𝑎 𝑅 + ∑ 𝑎 𝑅 + 𝜀                          (2) 

Where 𝑐  is a constant, RS,t, and RB,t is the crypto/Gold and stock market conditional mean 
returns, respectively. These returns are functions of their past market returns, those of the other assets, 
and their past idiosyncratic shocks. pB and pS are the numbers of autoregressive terms. The choice of 
VAR order is made based on the parameters significance and Bayesian information criterion (BIC). 
The residual vector 𝜀  is identically distributed according to a student-t distribution. 

The structural equation of the MV-GARCH model is as follow: 
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   σ ,

² = ω + α ε² + 𝛽 σ,
² + ∑ 𝛾 𝐷                               (3) 

Where σ²  is the conditional variance,  α  and β  represent return volatilities from shocks in 
own returns reflected respectively by the ARCH and GARCH parameters while ω  is a constant. The 
return volatilities are calculated based on the sum of ARCH and GARCH terms (α +β ) which measures 
the persistence of volatility during the studied period and must be less than one for systematic 
volatility to stabilize. 𝛾  represents coefficients of dummy variables which are included in conditional 
variance equation to determine volatility estimates relating directly to the COVID-19 pandemic. 

3. Data and Results 

The empirical study research involves 1002 daily observations of five cryptocurrencies, Gold, G7, 
and Chinese market indices, sampled from 4 January 2016 to 15 April 2020. Daily time series data are 
collected for stock prices of the United States (S&P500), France (CAC40), Germany (DAX30), the 
United Kingdom (FTSE 100), Italy (MIB 30), Japan (Nikkei 225), Canada (SP-TSX), and China (SSE) 
from DataStream. From the same database, we extracted the gold prices. Data concerning the five 
studied cryptocurrencies (Bitcoin, Dash, Ethereum, Ripple, and Monero) was collected from the Coin 
Market Cap basis. Daily returns are defined by 𝑟 = 100 ∗ 𝑙𝑛 (𝑝 /𝑝 ), with 𝑃 ,  denoting indices i 
closing price at time t. This transformation of data is usually employed for index series to obtain 
stationary data. In addition, figures 1 and 2 confirm that the return series are stationary. 

Besides, we use two dummy vectors to assign two sub-periods of equal length. D1, t shows crisis 
dummy preceding the stock market influence of the COVID-19 outbreak taking the value of 1 if t falls 
in the specific period and 0 otherwise. Likewise, D2, t signifies a crisis dummy for the succeeding 
period. This specification is helpful since the benchmark period for the comparison of the stock-
Cryptocurrency versus Gold association before an onset crisis is not based on the entire sample. Rather, 
the comparison is based on pre and post-crisis periods of the same time frame, which is expected to 
reveal the changes in investor’s behavior (Baur and Lucey, 2009).  

To construct a tractable econometric model, we consider the COVID-19 affected period from 
January 01 to April 15, 2020, enveloping 73 observations. Further, to examine whether the Crypto 
versus Bond-stock market relationship for the immediately preceding period was similar or not, we 
consider the trading days of equal length. Furthermore, to control the relationship, we consider an 
additional 955 preceding trading days.  

Table 1.  Descriptive statistics 

Assets Mean Min Max Std Dev Skewness Kurtosis  J-B ARCH test 
Traditional assets         

SP500 0,030 -12,765 8,968 1,195 -1,168*** 26,692*** 32934,262*** 148,086*** 
FTSE -0,007 -11,512 8,667 1,036 -1,503*** 23,042*** 24772,004*** 44,781*** 

Nikkei 0,005 -8,253 7,731 1,269 -0,216** 7,525*** 2606,501***  24,468*** 
DAX 30 0,001 -13,055 10,414 1,209 -1,350*** 21,256*** 21061,562*** 29,677*** 
CAC 40 -0,003 -13,098 8,056 1,197 -1,937*** 21,388*** 21673,720*** 45,039*** 

FTSE MIB -0,019 -18,541 8,549 1,529 -2,552*** 29,223*** 40371,536*** 19,623*** 
S&P/TSX 0,007 -13,176 11,294 1,083 -2,298*** 55,456*** 142048,828*** 86,310*** 

SSE -0,015 -7,994 1,324 1,151 -0,899*** 7,975*** 3066,182*** 10,608*** 
GOLD 0,044 -4,153 4,297 0,821 0,149** 3,446*** 548,680*** 17,055*** 

Digital assets         
Bitcoin 0,249 -49,728 22,175 4,844 -1,030*** 13,104*** 8072,474***  3,337***      
Dash 0,283 -51,594 56,488 7,413   0,078  9,407*** 4061,051*** 6,262***     

Ethereum 0,467 -57,987 49,758 7,539 0,235*** 7,777*** 2784,848*** 6,720***     
Monero  0,417 -51,954 75,051 8,369 1,271*** 13,447*** 8591,873***  37,029***      
Ripple 0,319 -56,334 74,069 8,139 1,765*** 16,115*** 12484,749*** 15,292 *** 

Note: ***, **, * indicate the estimators’ significance at the 1%, 5% and 10% levels, respectively 
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Table 1 presents a summary of statistics of conventional and digital assets’ returns. Worth 

highlighting, the conventional assets returns are lower than those of cryptocurrencies.  All assets 
recorded mean positive returns except the stock market indices of Italy, France, and China. Whereas, 
for the conventional assets, gold presents the lowest risk. In addition, Bitcoin is the least risky 
cryptocurrency. More specifically, Ethereum and Monero have the highest average return and 
standard deviation, which suggests that the higher expected profits are partially balanced by higher 
volatility. Concerning the normality test, Jarques Bera shows that our variables have very high values 
which indicates that our data is not normally distributed. This confirms the values of Kurtosis and 
skewness. Note that negative skewness values are present for all stock indices and Bitcoin. Bitcoin and 
Monero have the highest excess kurtosis among the cryptocurrencies. The empirical statistics of the 
Engle (1982) test for conditional heteroscedasticity are significant for all cases suggesting the presence 
of ARCH effects in returns which justifying our choice of GARCH models. 

Figure 1. Conditional Volatility of Cryptocurrencies and Gold. 

  

 

Figure 2. Conditional volatilities of G7 and Chinese stock market indices 
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From Figure 1, we confirm this finding and can observe that the returns of digital assets are more 

volatile than the returns of the indices (Figure 2), which means that Cryptocurrencies can be defined 
as highly volatile assets. This result is aligned with Brière et al. (2015), Selmi et al. (2018), Beniki et al. 
(2019), Symitsi and Chalvatzi (2019), and Baur and Hoang (2020). In addition, Ripple and Monero are 
among the most volatile; however, Bitcoin is the least volatile of all. We identify high volatility for all 
cryptocurrencies at the end of 2017, particularly with the launch of Bitcoin futures. This high volatility 
continued until early 2018, coinciding with the corrections of speculative bubbles that caused an 
increase in cryptocurrency prices. The crypto market became more volatile after the appearance of the 
COVID-19 in early 2020. With China and South Korea accounting for more than 70% of Bitcoin’s 
mining capacity, we note that the massive effect was reported as the virus began to spread to Asian 
countries, much less to the world. It can be shown that digital assets present almost identical 
movements of volatility. The stock markets responded to the Coronavirus outbreak as a crypto market 
with worrying volatility, as traders were panic sold out of fear. Indeed, equities have plummeted and 
stock market volatility has skyrocketed. Moreover, the oil price battle between Russia and Saudi 
Arabia, and the low price of oil remain the stock markets more volatile. Gold is considered a haven 
(Baur and Lucey, 2010; Klein et al, 2018; Charfeddine et al, 2020; Ghorbel and Jeribi; 2021, a, b,c, Jeribi 
and Ghorbel 2021; Lahiani et al, 2021; Fakhfekh et al 2021, Jeribi et al, 2021) and investment in times of 
crisis. Gold is generally less volatile than other commodities, but it was volatile this time. The price of 
gold continued to rise by mid-February, guided by two main factors. The first was a safe-haven 
investment resulting from global uncertainty and the second was low to negative returns on high-
quality government bonds. In mid-March, the price of gold plummeted along with most other 
commodities and markets. Gold is not playing the role of a haven that it has performed in the past.  

The DCC model is the preferred model for most of the models tested. However, except for 
interdependencies between FTSE / CAC40 and Monero / Ripple; Nikkei and Monero/Gold; DAX30 
and Ripple; S&P TSX and Dash/Monero. Note that the restricted correlation model (Constant 
Conditional Correlation) shows less evidence of volatility spillovers. First, the estimated coefficients 
of DCC(A) and DCC(B) are both positive and statistically significant in all cases. These estimated 
coefficients sum to a value that is less than one. This implies that the dynamic conditional correlation 
is mean reverting in all cases. For the CCC model, the correlation coefficients are each positive and 
statistically significant at the 1% or 5 % level. The highest correlation is between Dash and S&P TSX 
and the second-highest correlation is between Monero and S&P TSX. The results of the mean equations 
indicate that the S&P 500 with a lag of one period affects the current value of the cryptocurrency 
market. However, The S&P 500 with a lag of two periods is not statistically significant for all cases. On 
the other hand, only the lagged Bitcoin with a lag of one period can affect the current values of the 
S&P 500. Indeed, the coefficient is statistically significant at the 10% level. Besides, gold with a two 
lag is statistically significant and affects the S&P 500. For S&P TSX with a lag of one period, the 
influence is shown only with Bitcoin, Ethereum, and Ripple. 

In the next step, the two-dimensions asymmetric DCC-GARCH (1,1) model is estimated, and the 
estimation results are shown in the second part of Table 2. 𝛼  are conditional ARCH effects that 
measure the short-term persistence, while 𝛽  is conditional GARCH effects that measure the long-term 
persistence. We mainly focus on the GARCH effect caused by heteroscedasticity. For the entire sample, 
the own conditional ARCH effects 𝛼 are significant at the 1% level, which means that each market is 
influenced by the short shocks of their own. Meanwhile, the own conditional GARCH effects 𝛽 are 
also significant at the 1% level. Each market is influenced by the volatility of its market. For each 
market, the estimated 𝛼 values are smaller than their respective estimated 𝛽 values, indicating that 
their volatility long-run (GARCH) persistence is larger than short-run (ARCH) persistence.  

The stationarity and stability conditions of this model were also satisfied as the sum of ARCH 
and GARCH terms were less than unity (𝛼 + 𝛽 < 1). 
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Table 2. MV-DCC GARCH between Cryptocurrencies/Gold and SP500 

 
 Bitcoin Dash Ethereum Monero Ripple Gold 

Mean Model (Xi)       
Xi(1) 0,026 0,010 0,077** -0,047 -0,041 -0,005 

 (0,489) (0,780) (0,013) (0,145) (0,200) (0,874) 
Xi(2) 0,026 0,073** 0,015 0,021 -0,010 0,052* 

 (0,443) (0,016) (0,636) (0,521) (0,767) (0,076) 
SP500(1) 0,288* 0,338* 0,543** 0,588*** 0,861*** 0,035 

 (0,067) (0,085) (0,014) (0,006) (0,000) (0,117) 
SP500(2) 0,080 0,182 0,009 -0,199 -0,378** -0,011 

 (0,594) (0,374) (0,966) (0,355) (0,013) (0,652) 
Constant 0,176 -0,054 0,102 0,152 -0,317** 0,024 

 (0,169) (0,759) (0,616) (0,514) (0,069) (0,313) 
Mean Model(SP500)       

Xi(1) 0,006* 0,002 0,004 -0,002 0,000 0,024 
 (0,083) (0,432) (0,148) (0,361) (0,809) (0,297) 

Xi(2) 0,000 -0,003 0,000 0,000 -0,002 -0,042 
 (0,952) (0,248) (0,991) (0,868) (0,360) (0,086) 

SP500(1) -0,075** -0,076** -0,075** -0,080*** -0,076*** -0,074** 
 (0,019) (0,032) (0,021) (0,007) (0,011) (0,018) 

SP500(2) 0,023 0,023 0,013 0,019 0,017 -0,001 
 (0,457) (0,510) (0,704) (0,531) (0,570) (0,978) 

Constant 0,092*** 0,091*** 0,094*** 0,094*** 0,098*** 0,098*** 
 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

ω  1,195*** 3,109*** 4,332*** 5,173*** 4,940*** 0,006*** 
 (0,000) (0,000) (0,002) (0,001) (0,000) (0,073) 

ω  0,038*** 0,039*** 0,038*** 0,039*** 0,040*** 0,041*** 
 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

α  0,161*** 0,209*** 0,139*** 0,087*** 0,225*** 0,023*** 
 (0,000) (0,000) (0,000) (0,000) (0,000) (0,003) 

α  0,228*** 0,228*** 0,230*** 0,231*** 0,234*** 0,230*** 
 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

𝛽  0,798*** 0,747*** 0,792*** 0,843*** 0,723*** 0,967*** 
 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

𝛽  0,732*** 0,729*** 0,729*** 0,726*** 0,723*** 0,723*** 
 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

γ  0,365 -0,516 -2,740** -3,877*** -3,435*** -0,007*** 
 (0,494) (0,594) (0,015) (0,003) (0,000) (0,023) 

γ  -0,013 -0,016 -0,015 -0,015 -0,016* -0,017 
 (0,169) (0,122) (0,136) (0,123) (0,091) (0,127) 

γ  3,867*** 16,065*** 3,607 2,010 -0,728 0,069*** 
 (0,007) (0,010) (0,150) (0,349) (0,679) (0,002) 

γ  0,104* 0,111* 0,108* 0,105* 0,110** 0,121* 
 (0,055) (0,058) (0,075) (0,100) (0,044) (0,062) 

DCC(A) 0,013*** 0,005* 0,034* 0,008** 0,105** 0,044*** 
 (0,007) (0,087) (0,066) (0,049) (0,024) (0,001) 

DCC(B) 0,986*** 0,993*** 0,915*** 0,992*** 0,654*** 0,944*** 
 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

Log Likelihood -4398,846 -4821,018 -4890,918 -5020,119 -4854,378 -2443,858 
Note: Where α  and 𝛽  represent return volatilities from shocks in own returns reflected respectively 
by the ARCH and GARCH parameters while ω  is a constant. 𝛾  measures the coefficients of dummy 
variables. *, **, *** denote significance at the 1%, 5%, and 10% level, respectively. P-Values are shown 
in brackets. Xi corresponds to the effect of past Crypto/Gold market performance, SP500 (i) corresponds 
to the effect of past index performance 
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 Table 3. MV-DCC GARCH (MV-CC GARCH) between Cryptocurrencies/Gold and FTSE 

 Bitcoin Dash Ethereum Gold Monero Ripple 
Mean Model (Xi)       

Constant 0,245** -0,026 0,148 0,031 0,175 -0,231 

 (0,027) (0,889) (0,425) (0,160) (0,450) (0,183) 
Mean Model(FTSE)       

Constant 0,030 0,030 0,032* 0,033 0,030 0,029 

 (0,133) (0,129) (0,102) (0,113) (0,154) (0,169) 
ω  1,235*** 3,203*** 4,565*** 0,005* 4,944*** 3,815*** 

 (0,000) (0,000) (0,005) (0,110) (0,000) (0,000) 
ω  0,049*** 0,054*** 0,052*** 0,054*** 0,053*** 0,053*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
α  0,169*** 0,213*** 0,140*** 0,021*** 0,086*** 0,142*** 

 (0,000) (0,000) (0,000) (0,003) (0,000) (0,000) 
α  0,162*** 0,169*** 0,163*** 0,163*** 0,166*** 0,167*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,793*** 0,745*** 0,786*** 0,969*** 0,848*** 0,801*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,767*** 0,751*** 0,757*** 0,755*** 0,754*** 0,754*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
γ  0,254 -0,527 -2,871** -0,006** -3,675*** -2,772*** 

 (0,601) (0,552) (0,024) (0,032) (0,001) (0,000) 
γ  0,026 0,029 0,028 0,024 0,028 0,029 

 (0,285) (0,289) (0,240) (0,312) (0,215) (0,231) 
γ  3,543*** 15,911*** 5,087* 0,069*** 2,807* 2,272 

 (0,008) (0,003) (0,066) (0,001) (0,104) (0,225) 
γ  0,167** 0,174* 0,172** 0,178* 0,174** 0,174** 

 (0,050) (0,067) (0,048) (0,075) (0,039) (0,045) 
DCC(A) 0,011** 0,057* 0,043** 0,012*   

 (0,040) (0,093) (0,028) (0,073)   
DCC(B) 0,987*** 0,547*** 0,788*** 0,981***   

 (0,000) (0,003) (0,000) (0,000)   
R(2,1)     0,060** 0,101*** 

     (0,017) (0,000) 
Log Likelihood -4495,923 -4923,188 -4986,435 -2553,381 -5119,294 -4954,608 

Note: Where α  and 𝛽  represent return volatilities from shocks in own returns reflected respectively 
by the ARCH and GARCH parameters while ω  is a constant.  γ  represents coefficients of dummy 
variables. *, **, *** denote significance at the 1%, 5%, and 10% level, respectively. P-Values are shown 
in brackets.  
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Table 4. MV-CC GARCH between Cryptocurrencies/Gold and Nikkei 

 Monero Gold 
Mean Model(Xi)   

Constant 0,182 0,024 

 (0,414) (0,258) 
Mean Model(NIKKEI)   

Constant 0,059** 0,061** 

 (0,046) (0,024) 
ω  4,856*** 0,005*** 

 (0,000) (0,067) 
ω  0,075*** 0,072*** 

 (0,000) (0,000) 
α  0,086*** 0,021*** 

 (0,000) (0,003) 
α  0,154*** 0,151*** 

 (0,000) (0,000) 
𝛽  0,849*** 0,969*** 

 (0,000) (0,000) 
𝛽  0,797*** 0,801*** 

 (0,000) (0,000) 
γ  -3,616*** -0,006** 

 (0,001) (0,020) 
γ  -0,022 -0,021 

 (0,194) (0,295) 
γ  2,894 0,074*** 

 (0,133) (0,001) 
γ  0,166** 0,191* 

 (0,040) (0,060) 
R(2,1) 0,058** -0,107*** 

 (0,051) (0,000) 
Log Likelihood -5452,118 -2885,882 

   
Note: Where α  and 𝛽  represent return volatilities from shocks in own returns reflected respectively 
by the ARCH and GARCH parameters while ω  is a constant.  𝛾  represents coefficients of dummy 
variables. *, **, *** denote significance at the 1%, 5%, and 10% level, respectively. P-Values are shown 
in brackets.  
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Table 5. MV-DCC GARCH (MV-CC GARCH) between Cryptocurrencies/Gold and DAX30 

 Bitcoin Dash Ethereum Monero Gold Ripple 
Mean Model(Xi)       

Constant 0,261** -0,027 0,156 0,208 3,245 -0,228 

 (0,019) (0,859) (0,476) (0,384) (0,159) (0,154) 
Mean Model(DAX30)       

Constant 0,056** 0,051** 0,055** 0,054* 5,607** 0,050** 

 (0,022) (0,038) (0,031) (0,058) (0,023) (0,042) 
ω  1,241*** 3,153*** 4,696*** 5,059*** 50,776* 3,768*** 

 (0,000) (0,000) (0,004) (0,000) (0,086) (0,000) 
ω  0,039*** 0,045*** 0,044*** 0,047*** 426,935*** 0,044*** 

 (0,001) (0,001) (0,000) (0,000) (0,001) (0,001) 
α  0,167*** 0,211*** 0,143*** 0,089*** 0,021*** 0,141*** 

 (0,000) (0,000) (0,000) (0,000) (0,002) (0,000) 
α  0,108*** 0,113*** 0,113*** 0,117*** 0,105*** 0,111 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,794*** 0,747*** 0,782*** 0,845*** 0,969*** 0,803*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,858*** 0,845*** 0,846*** 0,840*** 0,853*** 0,847*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
γ  0,254 -0,579 -2,972** -3,760*** -57,869** -2,769*** 

 (0,593) (0,524) (0,015) (0,001) (0,042) (0,000) 
γ  -0,002 -0,004 -0,003 -0,003 -14,855 -0,003 

 (0,871) (0,795) (0,847) (0,830) (0,925) (0,843) 
γ  3,384*** 15,952*** 4,731* 2,300 701,878*** 2,151 

 (0,007) (0,004) (0,079) (0,157) (0,002) (0,158) 
γ  0,195** 0,223** 0,209** 0,214** 2328,270** 0,211** 

 (0,015) (0,020) (0,020) (0,019) (0,031) (0,017) 
DCC(A) 0,020*** 0,076** 0,032** 0,060 0,026**  

 (0,003) (0,042) (0,021) (0,169) (0,026)  
DCC(B) 0,974*** 0,424*** 0,870*** 0,552* 0,969***  

 (0,000) (0,010) (0,000) (0,071) (0,000)  
R(2,1)      0,101*** 

      (0,000) 
Log Likelihood -4723,858 -5150,197 -5219,247 -5349,300 -12897,692 -5186,312 

Note: Where α  and 𝛽  represent return volatilities from shocks in own returns reflected respectively 
by the ARCH and GARCH parameters while ω  is a constant.  𝛾  represents coefficients of dummy 
variables. *, **, *** denote significance at the 1%, 5%, and 10% level, respectively. P-Values are shown 
in brackets. 
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Table 6. MV-DCC GARCH (MV-CC GARCH) between Cryptocurrencies/Gold and CAC40 

 Bitcoin Dash Ethereum Gold Monero Ripple 
Mean Model(Xi)       

Constant 0,260** -0,019 0,153 0,028 0,186 -0,224 

 (0,015) (0,910) (0,416) (0,167) (0,429) (0,228) 
Mean Model(CAC40)       

Constant 0,067*** 0,064*** 0,067*** 0,066*** 0,064*** 0,062*** 

 (0,004) (0,005) (0,004) (0,004) (0,005) (0,006) 
ω  1,230*** 3,142*** 4,584*** 0,005*** 4,850*** 3,775*** 

 (0,000) (0,000) (0,001) (0,097) (0,002) (0,000) 
ω  0,046*** 0,052*** 0,051*** 0,050*** 0,052*** 0,051*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
α  0,166*** 0,211*** 0,142*** 0,023*** 0,087*** 0,141*** 

 (0,000) (0,000) (0,000) (0,001) (0,000) (0,000) 
α  0,186*** 0,197*** 0,193*** 0,184*** 0,196*** 0,195*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,795*** 0,747*** 0,785*** 0,968*** 0,849*** 0,803*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,785*** 0,768*** 0,771*** 0,778*** 0,768*** 0,769*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
γ  0,252 -0,559 -2,899*** -0,006*** -3,605*** -2,773*** 

 (0,597) (0,521) (0,005) (0,010) (0,005) (0,000) 
γ  0,002 0,001 0,001 0,003 0,001 0,001 

 (0,877) (0,953) (0,961) (0,880) (0,935) (0,932) 
γ  3,547*** 16,429*** 5,080** 0,073*** 2,784 2,320 

 (0,010) (0,004) (0,040) (0,003) (0,171) (0,163) 
γ  0,154** 0,170** 0,161** 0,171** 0,164* 0,162** 

 (0,047) (0,022) (0,033) (0,027) (0,055) (0,034) 
DCC(A) 0,015** 0,095** 0,040*** 0,044***   

 (0,016) (0,016) (0,010) (0,001)   
DCC(B) 0,981*** 0,456*** 0,840*** 0,944***   

 (0,000) (0,001) (0,000) (0,000)   
R(2,1)     0,077*** 0,080*** 

     (0,002) (0,002) 
Log Likelihood -4661,395 -5085,064 -5152,885 -2695,404 -5285,840 -5124,528 

              
Note: Where α  and 𝛽  represent return volatilities from shocks in own returns reflected respectively 
by the ARCH and GARCH parameters while ω  is a constant.  𝛾  represents coefficients of dummy 
variables. *, **, *** denote significance at the 1%, 5%, and 10% level, respectively. P-Values are shown 
in brackets. Xi corresponds to the effect of past Crypto/Gold market performance. 



Journal of Research in Emerging Markets, 2021, 3(3). 71 

 

 
 

Table 7. MV-DCC GARCH between Cryptocurrencies/Gold and FTSE MIB 

 Bitcoin Dash Ethereum Monero Ripple Gold 
Mean Model (Xi)       

Constant 0,255** -0,024 0,128 0,213 -0,228 0,029 

 (0,031) (0,893) (0,544) (0,319) (0,169) (0,168) 
Mean Model (FTSE MIB)       

Constant 0,056* 0,049* 0,054* 0,052* 0,052* 0,053* 

 (0,068) (0,080) (0,070) (0,108) (0,105) (0,087) 
ω  1,210*** 3,177*** 4,416*** 4,865*** 3,802*** 0,005*** 

 (0,000) (0,000) (0,006) (0,000) (0,000) (0,091) 
ω  0,050*** 0,067*** 0,061*** 0,065*** 0,065*** 0,058*** 

 (0,003) (0,002) (0,003) (0,006) (0,003) (0,005) 
α  0,164*** 0,206*** 0,138*** 0,088*** 0,143*** 0,021*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,001) 
α  0,120*** 0,141*** 0,132*** 0,139*** 0,139*** 0,130*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,798*** 0,751*** 0,791*** 0,849*** 0,801*** 0,970*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,856*** 0,827*** 0,837*** 0,830*** 0,829*** 0,841*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
γ  0,245 -0,527 -2,801** -3,596*** -2,778*** -0,006*** 

 (0,589) (0,544) (0,025) (0,002) (0,000) (0,022) 
γ  -0,013 -0,014 -0,014 -0,014 -0,014 -0,014 

 (0,505) (0,490) (0,465) (0,546) (0,501) (0,434) 
γ  3,482*** 15,086** 4,816** 2,203 1,982 0,071*** 

 (0,008) (0,016) (0,062) (0,202) (0,191) (0,001) 
γ  0,251** 0,272** 0,252** 0,257* 0,258** 0,267** 

 (0,056) (0,021) (0,048) (0,075) (0,056) (0,042) 
DCC(A) 0,019** 0,082** 0,049*** 0,038** 0,056** 0,013** 

 (0,026) (0,023) (0,006) (0,044) (0,054) (0,119) 
DCC(B) 0,977*** 0,632*** 0,830*** 0,877*** 0,813*** 0,984*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
Log Likelihood -4959,082 -5388,057 -5450,232 -5584,253 -5422,308 -3005,918 

Note: Where α  and 𝛽  represent return volatilities from shocks in own returns reflected respectively 
by the ARCH and GARCH parameters while ω  is a constant.  𝛾  represents coefficients of dummy 
variables. *, **, *** denote significance at the 1%, 5%, and 10% level, respectively. P-Values are shown 
in brackets.  
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Table 8. MV-DCC GARCH (MV-CC GARCH) between Cryptocurrencies/Gold and S&P TSX 

 Bitcoin Ethereum Ripple Gold Dash Monero 
Mean Model(Xi)       

Xi(1) 0,025 0,066* -0,069* -0,007 0,000 -0,059* 

 (0,471) (0,058) (0,055) (0,833) (0,992) (0,080) 
SP TSX(1) 0,416** 0,623* 1,336*** 0,039 0,128 0,636** 

       (0,051) (0,055) (0,000) (0,126) (0,565) (0,019) 
Constant 0,203* 0,153 -0,427** 0,029 -0,023 0,175 

 (0,078) (0,428) (0,019) (0,229) (0,903) (0,432) 
Mean Model (SP TSX)       

       
Xi(1) 0,004 -0,001 0,001 -0,016 -0,001 -0,001 

 (0,170) (0,665) (0,738) (0,338) (0,762) (0,576) 
SP TSX(1) 0,072** 0,076** 0,078*** 0,063* 0,071** 0,071** 

 (0,025) (0,029) (0,011) (0,069) (0,022) (0,035) 
Constant 0,043*** 0,046*** 0,043*** 0,051*** 0,045*** 0,045*** 

 (0,003) (0,001) (0,002) (0,001) (0,001) (0,002) 
ω  1,159*** 4,048*** 5,578*** 0,005*** 3,138*** 5,475*** 

 (0,000) (0,001) (0,000) (0,091) (0,000) (0,001) 
ω  0,022*** 0,024*** 0,024*** 0,026*** 0,026*** 0,026*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
α  0,165*** 0,137*** 0,260*** 0,022*** 0,209*** 0,089*** 

 (0,000) (0,000) (0,000) (0,003) (0,000) (0,000) 
α  0,204*** 0,206*** 0,211*** 0,230*** 0,218*** 0,220*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,799*** 0,799*** 0,688*** 0,968*** 0,747*** 0,838*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
𝛽  0,757*** 0,751*** 0,745*** 0,728*** 0,732*** 0,732*** 

 (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 
γ  0,248 -2,506*** -3,825*** -0,007** -0,527 -4,083*** 

 (0,634) (0,011) (0,000) (0,014) (0,580) (0,004) 
γ  -0,014*** -0,015** -0,015*** -0,016*** -0,016*** -0,016*** 

 (0,008) (0,013) (0,011) (0,007) (0,012) (0,008) 
γ  3,197** 3,537 -1,037 0,079*** 15,596*** 2,166 

 (0,025) (0,148) (0,582) (0,001) (0,007) (0,262) 
γ  0,014 0,015 0,014 0,013 0,013 0,014 

 (0,345) (0,405) (0,366) (0,477) (0,452) (0,434) 
DCC(A) 0,011** 0,023*** 0,009*** 0,081***   

 (0,015) (0,100) (0,105) (0,000)   
DCC(B) 0,988*** 0,958*** 0,990*** 0,891***   

 (0,000) (0,000) (0,000) (0,000)   
R(2,1)     0,092*** 0,086*** 

     (0,001) (0,003) 
Log Likelihood -4140,296 -4629,266 -4594,603 -2204,242 -4566,223 -4761,837 

Note: Where α  and 𝛽  represent return volatilities from shocks in own returns reflected respectively 
by the ARCH and GARCH parameters while ω  is a constant. γ  measures the model asymmetry. *, 
**, *** denote significance at the 1%, 5%, and 10% level, respectively. P-Values are shown in brackets. 
Xi corresponds to the effect of past Crypto/Gold market performance. SP TSX (i) corresponds to the 
effect of past index performance 
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Table 9. MV-DCC GARCH between Cryptocurrencies/Gold and SSE 

 Bitcoin Ethereum Ripple Gold 

Mean Model (Xi)     
Constant 0,229* 0,117 -0,252 0,031 

 (0,076) (0,484) (0,126) (0,157) 

Mean Model (SSE)     
Constant 0,017 0,013 0,011 0,010 

 (0,484) (0,604) (0,668) (0,665) 

ω  1,186*** 4,545*** 3,792*** 0,005*** 

 (0,000) (0,003) (0,000) (0,104) 

ω  0,009** 0,009*** 0,009*** 0,008*** 

 (0,017) (0,007) (0,008) (0,001) 

α  0,163*** 0,147*** 0,144*** 0,022*** 

 (0,000) (0,000) (0,000) (0,006) 

α  0,063*** 0,064*** 0,061*** 0,059*** 

 (0,000) (0,000) (0,000) (0,000) 

𝛽  0,799*** 0,781*** 0,800*** 0,969*** 

 (0,000) (0,000) (0,000) (0,000) 

𝛽  0,929*** 0,928*** 0,931*** 0,933*** 

 (0,000) (0,000) (0,000) (0,000) 

γ  0,256 -2,864** -2,796*** -0,006** 

 (0,601) (0,018) (0,000) (0,013) 

γ  -0,001 0,000 -0,001 -0,001 

 (0,927) (0,951) (0,927) (0,910) 

γ  4,039*** 5,707* 2,589 0,067*** 

 (0,010) (0,058) (0,152) (0,003) 

γ  0,114*** 0,114*** 0,116*** 0,112*** 

 (0,011) (0,012) (0,011) (0,004) 

DCC(A) 0,023** 0,026*** -0,008*** 0,020** 

 (0,029) (0,011) (0,000) (0,049) 

DCC(B) 0,952*** 0,952*** 0,956*** 0,925*** 

 (0,000) (0,000) (0,000) (0,000) 

Log Likelihood -4734,302 -5228,415 -5199,137 -2795,807 
Note: Where α  and 𝛽  represent return volatilities from shocks in own returns reflected respectively 
by the ARCH and GARCH parameters while ω  is a constant. γ  measures the model asymmetry. *, 
**, *** denote significance at the 1%, 5%, and 10% level, respectively. P-Values are shown in brackets. 
Xi corresponds to the effect of past Crypto/Gold market performance. SP TSX (i) corresponds to the 
effect of past index performance 
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Besides, tables from 2 to 9 demonstrate the COVID-19 effects on volatility through the 

𝛾  coefficients. The first dummies effect related to the period preceding the stock market influence 
exhibit a negative coefficient for four markets is all significant at a 1% level. The coefficients of 
Ethereum, Monero, Ripple and the gold market are negative (𝛾 ). This result indicates that the 
volatility decreases in Ethereum, Monero, Ripple, and the gold market in the period preceding the 
stock market influence. The same effect appears to be significant for the Canadian market. 

 It is also interesting to find that the effect of the second dummies variable related to the 
succeeding COVID-19 period is significant. All DCC-GARCH tables confirm that the coefficients of 
(𝛾 ) are positive and significant at a 1% level, for only two cryptocurrencies: Bitcoin and Dash, and 
for Gold. This result means that the succeeding period of the COVID-19 crisis increases the volatility 
for the mentioned digital asset and Gold. The coefficients (𝛾 ) appear to be significant in all cases 
except for S&P TSX at least at a level of 10%. Thus, the empirical result shows that the Covid-19 crisis 
increases the volatility of those stock indices. 

Figure 3. Dynamic conditional correlations between Bitcoin and stock market indices 
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Figure 4. Dynamic conditional correlations between Dash and stock market indices 

   

   

Figure 5. Dynamic conditional correlations between Ethereum and stock market indices 
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Figure 6. Dynamic conditional correlations between Ripple and stock market indices 

  

  

Figure 7. Dynamic conditional correlations between Monero and stock market indices

 

 

 
Focusing on the time-varying conditional dependency between cryptocurrencies and stock 

market indices in Figures from 3 to 8, we show that the dynamic correlations between cryptocurrencies 
and stock market indices are low before the appearance of the COVID-19. We also discovered that 
cryptocurrencies are rather separated from other markets. This finding is similar to that of Corbet et 
al. (2018), Corbet et al. (2019), Aslanidis et al. (2019), Tiwari et al. (2019), and Charfeddine et al. (2020). 
Dynamic correlations between cryptocurrencies and stock market indices remain high and positive as 
news of the epidemic COVID-19 virus spreads further beyond China. When focusing on the time-
varying conditional correlation between Bitcoin and stock market indices in Figure 3, we show that 
the dynamic correlation between Bitcoin and stock market indices (S&P 500, FTSE, DAX 30, CAC 40, 
FTSE-MIB, and SSE) is negative and low before the COVID-19 pandemic which indicates that the risks 
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among these stock markets can be hedged by Bitcoin. This result is consistent with that of Dyhberg 
(2016) and Guesmi et al. (2019) and inconsistent with that of Bouri et al. (2017), Kajtazi and Moro (2018), 
and Cherfeddine et al. (2020). Dash and Monero are also considered as hedge assets for US investors 
before 2020. We suggest also significant benefits for portfolio diversification and risk management 
when digital assets as Dash, Ethereum, Monero, and Ripple were added. Rounding up the analysis, 
we explore the relationship between Gold and stock market indices. Based on the results from figure 
8 and applying the categorizations of Baur and Lucey (2010), we find that that gold acts as a hedge for 
US, English, French, German, Italian, and Canadian financial investors. However, it acts as a diversifier 
asset for Chinese investors. During the COVID-19 outbreak, the conditional correlation between stock 
indices on the one hand and digital assets and gold, on the other hand, was skyrocketing, except for 
the couple SSE-Ripple, which confirms the contagion effect of coronavirus between them. Also, Ripple 
can be considered a haven asset for Chinese investors. 

Figure 8. Dynamic conditional correlations between Gold and stock market indices 

        

 

 

4. Conclusion 

Using data relevant to G7 and Chinese stock market indices, five popular cryptocurrencies 
(Bitcoin, Dash, Ethereum, Monero, and Ripple), and Gold, we have investigated the relationship 
between the volatilities of traditional and digital assets. The results of the DCC-MVGARCH model 
identify an important effect of the COVID-19 outbreak. The crypto market became more volatile after 
the appearance of the COVID-19 in early 2020. Digital assets present almost identical movements of 
volatility. The stock markets responded to the Coronavirus outbreak as a crypto market with worrying 
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volatility, as traders were panic-sold out of fear. Indeed, equities have plummeted and stock market 
volatility has skyrocketed. Gold is generally less volatile than other commodities but it was volatile 
this time. Gold is not playing the role of a haven that it has performed in the past. When estimating 
the dynamic conditional correlations, we find, firstly, that the dynamic correlations between 
cryptocurrencies and stock market indices are low before the appearance of the COVID-19. We also 
discovered that cryptocurrencies are rather separated from other markets. Dynamic correlations 
between cryptocurrencies and stock market indices remain high and positive as news of the epidemic 
COVID-19 virus spreads further beyond China. Before 2020, the results indicate that the risks among 
the US, English, German, French, Italian, and Chinese stock markets can be hedged by Bitcoin. Dash 
and Monero are also considered hedge assets for US investors before the Corona virus pandemic. The 
findings suggest also significant benefits for portfolio diversification when digital assets as Dash, 
Ethereum, Monero, and Ripple were added. During the first quarter of 2020, the conditional correlation 
between stock indices and other assets was skyrocketing, except for the couple SSE-Ripple. Also, 
Ripple can be considered a haven asset for Chinese investors. 

The empirical findings have implications for both institutional and retail investors, as well as 
financial advisers, and explain why risk spillovers in G7 countries and China remain asymmetric 
throughout mitigated times. As a result, we may deduce two major management implications. First, 
decision-makers in the G7 and China should support financial markets whenever there is a threat of 
collapse. Therefore, the risk of a market crash can be better managed during a crisis. Second, 
particularly during the COVID-19 crisis, investors might use hedging or haven strategies. From an 
investing point of view, oil prices may impact stock prices in two ways: directly through corporate 
cash flows and indirectly through the discount rate. This can be considered as a new potential area for 
further research. Furthermore, cryptocurrencies serve as a means of exchange, a unit of account, and 
a store of value, all of which contribute to a better understanding of the economy’s susceptibility to 
shocks. As a result, the stock market, cryptocurrency, and commodity behavior are critical to 
policymaking and boosting economic activity, particularly during a pandemic. 
 

Availability of Data and Materials: Daily time series data are collected for stock prices of the United States 
(S&P500), France (CAC40), Germany (DAX30), the United Kingdom (FTSE 100), Italy (MIB 30), Japan (Nikkei 
225), Canada (SP-TSX) and China (SSE) from DataStream. From the same database, we extracted the gold prices. 
Data concerning the five studied cryptocurrencies (Bitcoin, Dash, Ethereum, Ripple, and Monero) was collected 
from the Coin Market Cap basis. In case of request, I provide all the requested data. 
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