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The study employs an empirical Bayesian
estimation approach to examine how the crash
risk of the G-7 (United States [US], United
Kingdom [UK], Japan, Germany, Canada,
and France excluding Italy) and Chinese equity
markets affects the crash risk of the top 11
cryptocurrencies. Two crash risk measures
were adopted to determine the monthly crash
risk of the two types of markets, which are the
most appropriate for skewed returns. Four
separate models were estimated using the
empirical Bayes estimation method because it
considers heterogeneity, is more efficient than
least squares, and facilitates more accurate
coefficient estimation. The results reveal that
the German stock market's crash risks are
significantly and contemporaneously associ-
ated with the crash risk of all 11 crypto-
currencies, indicating that the German equity
market is not a reliable diversifier for crypto-
currencies. The crash risks of the US, UK, and
Japanese (German and Canadian) equity
markets have a positive (negative) impact on
the crash risk of cryptocurrency markets with
a one-month lag. Generally, lagged crash risks
have a more substantial influence on crypto-
currency crash risk, suggesting that historical
crashes in equity markets are better predictors
of cryptocurrency crashes. The one-month
significant delay effect may present arbitrage
opportunities because the risk of crashes in
stock markets may signal potential crashes in
cryptocurrencies one month in advance. A
series of robustness checks confirmed the
results of the analysis and the validity of our
conclusions. These findings suggest that
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crypto investors and policy-makers should pay
Keywords: attention to historical events in equity markets.
Bayesian estimation, Investors and portfolio managers in the
crash risk, cryptocurrency market should monitor unex-
cryptocurrency, pected fluctuations in the stock market,
spillover, particularly significant declines that could

stock market result in significant losses in the future.

Introduction

Since its inception approximately 12 years ago, Bitcoin has attracted considerable
interest from both individual and institutional investors, leading to the development
of other digital currencies and the emergence of a new market known as the
cryptocurrency market. In recent years, this volatile market has attracted the attention
of researchers, resulting in a growing body of academic literature that examines
various aspects of the cryptocurrency market (Corbet et al. 2019). The primary areas
of interest have been its high returns, volatility, bubbles, and crashes (Feng et al. 2018;
Katsiampa 2017, Fruehwirt et al. 2020, Fry 2018). Additionally, there has been a
growing interest in the relationship between the cryptocurrency market and traditional
matkets such as the equity market (see, for example, Kumah—Odei-Mensah 2021,
Lahmiri—Bekiros 2020, Nguyen 2022, Stensas et al. 2019, Unvan 2021, Wang et al.
2020, 2022).

The instability of the stock market can potentially spread to the cryptocurrency
market, as evidenced by the downturn in the cryptocurrency market following the
downturn in the equity market in 2018 (Matkovskyy—Jalan 2019). News events, such
as public health emergencies, can also prompt investors to rapidly shift funds between
the two markets, increasing the likelihood of risk contagion (Lahmiri—Bekiros 2020).
Lahmiri—Bekiros (2020) argued that during the pandemic, the cryptocurrency market
exhibited greater instability than the equity market. Unlike the stock market, the
cryptocurrency market lacks a safety mechanism to prevent excessive price declines
(Wang et al. 2022), which could result in a market crash if prices continue to fall.

The global economy and financial systems have become more interconnected than
ever before. However, recent economic turmoil, exacerbated by the Covid-19
pandemic, has rendered global financial systems more fragile (Ashraf—Goodell 2022).
For instance, Hung (2023) asserted that Covid-19 had a dramatic impact on stock
markets. The Russia—Ukraine conflict and global sanctions against Russia, a
significant energy supplier (Dai et al. 2022), have further destabilized global financial
systems. New threats to worldwide military conflict, food supplies, and atomic
warfare have also emerged, all of which have negative impacts on domestic economies
(Boubaker et al. 2022). Consequently, economic downturns are inevitable and lead to
stock market downturns.
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Additionally, financial market integration creates opportunities for reserve
portfolio managers and global financial investors. Market integration influences
potential opportunities for diversification worldwide. Profoundly integrated or
comoved markets provide limited benefits for global diversification. However,
portfolio managers can diversify and profit from segmented markets (Kumar Tiwari
et al. 2013, Mensah—Premaratne 2018). Policy-makers are also interested in financial
market integration because events in one market can significantly affect other markets
as each market becomes an integral part of a single global market (Angelidis—
Koulakiotis 2022, Kumar Tiwari et al. 2013, Mensah—Premaratne 2018). Therefore,
investors must examine portfolio diversification and possible asset allocation changes
since most financial markets continue to experience large swings and are likely
interconnected (Hung 2022, 2023).

Furthermore, concerns have been raised regarding the impact of cryptocurrencies
on financial stability and investor-related portfolio issues (Dai et al. 2022). While the
use of cryptocurrencies by investors as a means of diversifying or hedging their
portfolios has increased (Mba et al. 2018), broader concerns have been expressed
about the role of cryptocurrencies and their potential to exacerbate instability in equity
markets and the financial system (Iyer 2022). The role and rapid expansion of
cryptocurrencies in the financial system have attracted significant attention from both
investors and policy-makers. As such, a body of literature has emerged that examines
the link between risk and volatility contagion in cryptocurrencies and traditional
assets, such as equity markets (Kumah—Odei-Mensah 2021, Lahmiri—Bekiros 2020,
Nguyen 2022, Stensas et al. 2019, Unvan 2021, Wang et al. 2020, 2022) and precious
metals (Hassan et al. 2021, Mensi et al. 2019, Rehman 2020). This study contributes
to the literature by establishing a link between crash risk in traditional stock markets
and digital currency crash risk. This implies that the current study investigates the
impact of regular stock market crash risks on cryptocurrency market crash risks using
data for the top 11 cryptocurrencies and stock markets from G-7 countries (excluding
Italy) and China. Understanding how crises in traditional equity markets affect other
financial markets, such as cryptocurrency markets, which may share some of their
investor bases, is crucial for explaining the fluctuations and crash risks in
cryptocurrency markets that have puzzled both academics and investors.

While Dai et al. (2022) demonstrated that crashes in the cryptocurrency market
are short-lived, they occur frequently and pose a risk to the equity market. In contrast
to Dai et al. (2022), this study focuses on the transmission of equity market crashes
to cryptocurrency market crashes. Additionally, this study diverges from Dai et al.
(2022) by measuring crash risk using the negative coefficient of skewness (NS) and
the “down-to-up” volatility (DU), which were introduced by Chen et al. (2001). These
measures are appropriate for asymmetric returns, making them well-suited for the
cryptocurrency market, as cryptocurrency returns are skewed (Chaim—Laurini 2019,
Urquhart 2017). Furthermore, a broader range of cryptocurrencies is employed to
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represent the cryptocurrency market more accurately. The study utilizes daily data for
the top 11 cryptocurrencies, selected based on market capitalization as of July 5, 2022,
and stock markets from G-7 countries (excluding Italy) and China, considering
China's emerging position in the global market. The top 11 cryptocurrencies selected
constitute approximately 66.5% of the overall cryptocurrency market capitalization.

This study makes several contributions to the literature. It provides novel insights
into the crash risks associated with cryptocurrencies. While there are a few published
studies that have examined the determinants of cryptocurrency market crash risk
(Anastasiou et al. 2021, Dai et al. 2022, Kalyvas et al. 2020, Ma—Luan 2022), no prior
research has directly linked stock market crash risk with cryptocurrency market crash
risk. This study presents evidence that the crash risk of conventional stock markets
can be utilized to predict cryptocurrency market crashes, which constitutes a
significant addition to traditional explanations for asset price crash risk. Furthermore,
the study underscores the predictive power of equity market crash histories in
forecasting cryptocurrency market crashes. As such, it offers a more comprehensive
explanation for the fluctuations and crash risks in cryptocurrency markets, which have
confounded both academics and investors.

The remainder of this paper is structured as follows. The first section briefly
reviews the relevant literature, then the next one discusses the data, the crash risk
measures, the model specification and the estimation method. After these the
empirical results will be presented and discussed, while the last section provides
concluding remarks.

Literature review

The literature on crash risk in the cryptocurrency market is still evolving. Few studies
have been conducted on crash risk in the cryptocurrency market. The behavioral
factors’ associations with crashes in the crypto market are among the few issues
discussed in the literature. Anastasiou et al. (2021) showed that the FEARS index is
positively related to cryptocurrency price crash risk, indicating that a higher crisis
sentiment by investors increases cryptocurrency price crash risk. Kalyvas et al. (2020)
noted that investors can hedge economic policy uncertainty with Bitcoin since they
conclude a negative association between the former and the latter. Similar to
Anastasiou et al. (2021), Kalyvas et al. (2020) also noted an association between
behavioral factors and Bitcoin crash risk but in a weak form. In a similar study, Smales
(2022) found that the association between investor attention and cryptocurrency
crash risk is positive below the median quartile and negative above the median
quartile. Smales (2022) also observed seasonality in crash risk, with a higher crash risk
during the June—August period and a lower crash risk during the Halloween period
(November to April). Corbet et al. (2020) discovered that investors seeing
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cryptocurrencies as a store of value led to an increase in returns and trading volumes
in the Covid-19 pandemic era.

Bubbles and structural breaks in cryptocurrency matket pricing can result in
crashes. Fruehwirt et al. (2020) demonstrated that structural breaks in market pricing
are a direct cause of cryptocurrency crashes. Fry (2018) argues that in the absence of
regulation, cryptocurrency markets are likely to experience crashes because empirical
evidence indicates bubbles in the Ethereum and Bitcoin markets.

Ma—Luan (2022) study the synchrony between Bitcoin and Ethereum under the
assumption that Bitcoin's volatility will increase as a stand-in for concerns over rising
Bitcoin prices. According to Ma—Luan's (2022) empirical findings, Ethereum
synchronization significantly reduces the likelihood of a Bitcoin crash when upside
volatility is severe. Dai et al. (2022) indicated that cryptocurrency markets have a
higher likelihood of crashing than equity markets. Further evidence shows that
although crashes in the cryptocurrency market occur in a shorter period, they could
be passed to equity market crashes. Further investigation shows that the commonality
between crash risk in cryptocurrency and the equity market is 80% in the considered
period.

Wang et al. (2022) show that cryptocurrency and the US stock market have a
nonlinear causal relationship, concluding that lower tail dependencies are more
significant than upper tail dependencies. Wang et al. (2020) find that the S&P 500
weakly impacted the cryptocurrency market. Further investigation by the authors
shows that the mean and standard deviation of the S&P 500 and the mean of the
Dow Jones indices have a strong effect on the mean of Bitcoin, and the standard
deviation of the S&P 500 significantly affects Bitcoin’s standard deviation. Iyer (2022)
also observed a bidirectional spillover effect between the S&P 500, the MSCI
emerging market index, and Bitcoin and Tether, noting that the spillover effects
between the two markets increased in the Covid-19 era. In contrast, Wang et al.
(2022), Iyer (2022), and Wang et al. (2020) studies, Unvan (2021) examine Bitcoin
correlation with US, Japanese, and Turkish stock markets and no significant impact
of Bitcoin on US and Japan stock markets was observed. Bitcoin, however,
significantly impacted the Turkish stock market, and two-way causality was observed
between the two markets.

Some studies also provide compelling evidence of a time-varying relationship
between the price fluctuations of major cryptocurrencies and those of US stock
indices. For instance, Corbet et al. (2018), Tiwari et al. (2019), and Gil-Alana et al.
(2020) found that cryptocurrencies have a low correlation with stock indices, so they
can be added to the portfolios to diversify the risks. In contrast, Kristjanpoller et al.
(2020) show that cryptocurrency does not act as a good instrument for hedging in
stock markets because of the positive correlations found in most cases.
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Data and crash risk measurements

Data for the top 11 cryptocurrencies and six G-7 (US, UK, Japan, Germany, Canada,
and France excluding Italy) countries and China stock indices are used to investigate
the relationship between crash risks. Italy was excluded from the analysis due to the
diminutive nature of its market capitalization and the high probability of a strong
correlation with the stock markets of Germany and France, thereby mitigating the
incidence of multicollinearity. Table 1 delineates the specifics of the initial daily data
for cryptocurrencies utilized in the computation of monthly crash risks. The top 11
cryptocurrencies encompass Bitcoin (BT), Ethereum (ET), Binance (BN), XRP (XP),
Cardano (CR), Dogecoin (DG), Litecoin (LT), Chainlink (CL), Stellar (ST), Bitcoin
Cash (BC), and EOS (ES), which were selected based on their market capitalization,
as accessed from https://coinmarketcap.com/on July 7, 2022 at 14:05 Istanbul time.
Additionally, the daily data for the benchmark stock indices of the US (S&P 500), UK
(FTSE 100), Japan (Nikkei 225), Germany (DAX), France (CACA40), China (CSI 300),
and Canada (TSX) are used to compute the monthly stock market crash risk. Stock
market data were retrieved from Yahoo Finance (finance.yahoo.com). The samples
range between January 1, 2014, and June 30, 2022, due to data availability for the
various cryptocurrencies.

Table 1

Details of cryptocurrency and country stock indices of the initial daily data
No. Cryptocurrency Abbteviation Sample range

1 | Bitcoin BT January 1, 2014 June 30, 2022

2 Ethereum ET August 7, 2015— June 30, 2022

3 Binance BN August 1, 2017- June 30, 2022

4 XRP XP January 1, 2014— June 30, 2022

5 Cardano CR October 1, 2017— June 30, 2022

6 | Dogecoin DG January 1, 2014— June 30, 2022

7 | Litecoin LT January 1, 2014— June 30, 2022

8 Chainlink CL October 1, 2017— June 30, 2022

9 | Stellar ST August 9, 2014— June 30, 2022

10 | Bitcoin Cash BC August 1, 2017- June 30, 2022

11 |EOS ES July 4, 2017— June 30, 2022

The total market capitalization of crypto assets, as represented in Figure 1, has
increased exponentially, from less than USD 20 billion in January 2017 to more than
USD 2.8 trillion in November 2021. As of September 2021, Bitcoin and Ether are
among the top 20 traded assets in the world, competing with the market value of
some of the world's largest companies (Iyer 2022). However, within the last year,
market capitalization decreased from USD 2.2 trillion in January 2022 to USD 0.93
trillion in July 2022, amounting to an approximately 58% decrease in market
capitalization.
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Figure 1
The market capitalization and trading volume of all crypto assets,
including stablecoins, cryptocurrencies, and tokens (CoinMarketCap 2022)
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The price of Bitcoin, the world’s largest cryptocurrency, dropped by 74% from
peak to trough at one point, which closely resembles the 83% collapse experienced in
2018. It must be remembered that the market is now substantially larger and has a
much wider investor base than in 2018 (Tham 2022).

The crash risks of cryptocurrencies and stock market prices were computed on a
monthly basis utilizing the initial daily data. Two measures of crash risk, namely, the
“negative coefficient of skewness” and “down-to-up volatility”’, denoted by “NS” and
“DU?”, respectively, were adopted from the crash risk literature (see Chen et al. 2001).
Owing to the nature of the computational process required to measure crash risk, the
final data could not be obtained at daily or weekly frequencies, as the initial data were
procured at a daily frequency.

The first crash risk measure is the NS, which is the negative coefficient of
skewness of cryptocurrency and stock market monthly returns and considers the third
moment. This measure is appropriate when the returns are asymmetric. Therefore, it
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fits the cryptocurrency market, as several researchers, such as Chaim—Laurini (2019)
and Urquhart (2017), show that cryptocurrency returns are skewed. In addition, Fry—
Cheah (2016) provided evidence of negative bubbles in the cryptocurrency market.
In this regard, standard deviation and other traditional measures of volatility may not
best capture skewness and hence are not appropriate for this type of data.

The NS is calculated for a cryptocurrency and stock market i over any month
period t by:
—(nn-1):3R?
NS, = (n(n 2% Rl,t) 3 W
((n -Dn-2)(X th)§>

where R; + denotes daily market i returns for one month period t, and n is the number
of trading days in a given month. Daily returns are calculated as the log differences of
daily prices.

A second measure, DU, is used in addition to NS, which is less susceptible to
being excessively impacted by extremely abnormal days, as it does not use the third
moment. The DU measure is calculated for a cryptocurrency and stock market i over
any month petiod t as follows:

_ (nu - 1) ZDown Riz,t

DU;, = log{ (1 — 1) Sy Rgt} 2
where n, and ng are the number of upward and downward daily returns within a
month, respectively. In addition, the subscripts i and t represent cryptocurrency/
stock market and time, respectively. For each month, all daily returns are below
(above) the monthly mean return, classifying each day as a “down” (“up”) day. The
standard deviations for the down and up days were then calculated separately. Finally,
the log ratio of the standard deviation of down days to the standard deviation of up
days was computed.

After obtaining the monthly crash risk measures (NS and DU), the descriptive
statistics, the correlation matrix, and the variance inflation factor (VIF) were tabulated
in Tables Al and A2 in the Internet appendix. The results presented in Table Al
indicate that Litecoin has the highest standard deviation and maximum values and the
lowest minimum value among NS crash risk measures. Table A2 shows that all equity
market crash risks are positively related to each other, implying crash risk
comovement. The VIF in Table A2 shows the unlikelihood of encountering the
problem of multicollinearity with the DU measures of crash risk, as the calculated
VIF is below the threshold of 5. The VIF calculation for the NS measure of the
independent variables indicates Germany and France crash risk measures have a VIF
negligibly above 5. Alin (2010) suggests that the threshold value for distinguishing
between small and large is usually set at 10. Farrar—Glauber (1967) noted that
multicollinearity is not always an issue unless it is significantly high compared to the
overall degree of multiple correlation. Additionally, the correlation matrix for NS and
DU between crash risk measures of cryptos and the stock markets are reported in
Tables A3 and A4 in the Internet appendix.
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Figure 2

Graphical representation of the NS crash risk measure of
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Figure 3

Grapbhical representation of the DU crash risk measure of

the top 11 cryptocurrencies
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Figure 4
The plots of the NS monthly crash risk measure of

the seven stock markets in the analysis
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Figure 5
The plots of the DU monthly crash risk measure of

the seven stock markets in the analysis
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Figures 2, 3, 4, and 5 display the graphs of monthly crash risk measures of NS and
DU for the 11 cryptocurrencies and the 7 stock markets. Figures 2 and 3 show the NS
and DU crash risk measures of cryptocurrencies, respectively, which indicate that the
highest crash risk observations are generally observed between 2018 and 2022. This
reflects the crypto winters in 2018 and the impact of Covid-19 from 2019 through 2022,
resulting in an approximately 58% decrease in total market capitalization. Figures 4 and
5 present NS and DU crash risk measures for the 7 stock markets. Again, the impact of
Covid-19 on stock market crash risk measures is evident. Comparatively, the stock
market crash risk of China and the two EU countries (Germany and France) were more
affected by Covid-19 than their counterparts.

Model specification and the Bayesian estimation

The model specification commences with a general autoregressive distributed lag
(ARDL) model, which applies to stationary time series. The ARDL model regresses
the dependent variable as a function of both current and past values of explanatory
variables. The equation for this model is as follows:

CMiy = a+X}_oBjRe—j + €1 ©)
where CM;, represents the crash risk measure (NS and DU) of the 11
cryptocurrencies (i=1,2,----11) in the current period. & is the intercept of the model.
R; ¢ is the matrix of the crash risk measures of the 7 stock markets in the current
period, i.e.,

R, = [SPCM, UKCM, JPCM, GRCM, FRCM, CHCM, CDCM,]

and f; is the coefficient vector of R;, which measures the marginal effect of stock
market crash risk on the crypto crash risk per unit change. SPCM,, UKCM,, JPCM,,
GRCM,;, FRCM;, CHCM;,and CDCM, are the crash risk measures for the US, UK,
Japan, Germany, France, China, and Canada, respectively, at time t. R; —; denotes
the values of R;; in the previous period. &; ; is the random component of the model.
Equation 3 is referred to as a distributed lag (DL) model due to the inclusion of lagged
effects of the independent variable.

Equation 3 can be extended to include the lagged dependent variable as one of
the explanatory variables, resulting in a dynamic model with lagged values of both
dependent and independent variables. This will result in an autoregressive distributed
lag model, the ARDL (1,1) model:

CMyp = a+6;CMye_y + Yo BjRe—j + €5 4)
where the lagged dependent variable (CM;,_;) represents the autoregressive
component. Such models are referred to as autoregressive distributed lag models
(ARDL) because they comprise both an autoregressive component, where the
dependent variable is regressed on one or more of its past values, and a distributed
lag component, which includes the independent variable and one or more of its lagged
components.
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We then generalized the ARDL (1,1) model in Equation 4 to include control
variables!, which takes the following form:
CM;y = a+60,CM;;_1 + 211'=0 BiRi—j + Yo VieSt—k + €t ®)
where S; is the matrix of control variables, i.e.,

S; = [GDCM, GDR; GDV, OLCM, OLR; OLV; MSCI, MSCIV, CPR, CPV, CPTV,]
and yy, is the coefficient vector of the control variable. The definitions of the control
variables are provided in the Supplementary file.

A special case of the generalized ARDL (1,1) model, Equation 5, in the form of
ARDL (1,0,1) is considered as:
CMyy = a+60,CM;q + X 6iRe1 + & ©)

Model (6) contains only one time-period lag for both dependent and independent
vatiables.

Finally, a static multiple linear regression model is considered for further
robustness assessment, which is also a special case of the general model. The model
is expressed as:

CM;; = a + B,SPCM; + B, UKCM, + B3]PCM; + B,GRCM; + BsFRCM, +
BsCHCM, + B,CDCM; + &;, )

Then, an empirical Bayesian approach is employed for the estimation. The general
model under the empirical Bayesian approach has the following form, which was used
by Carrington—Zaman (1994):

Yit - ﬁiXit + €y (8)
where Y is the dependent variable; X is the independent variable; ¢ is the number
of petiods; 7 is the number of cryptocutrencies; and S is the coefficient of each

stock market’s crash risk. Equation (8) can be explained as

Yil Xil €
Yio X €
Y= ’ X, = ' , e, = ' and where
Vit it it
Yir Xir €ir
- “Tx1 - = TxK - “Tx1
X =X X2 ... Xk is a vector of K regressors. ¢ . ~ N( 0, 62) is
it it it 1[_ 11 3

k— Regressors
the stochastic error term.

The data density is /y ~N Q.
RN (8. Q)
and the prior density is §~ N (u, A)

! Definitions of control variables see in the Internet appendix.
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1

Therefore, the posterior density becomes % ~N ( m,, V_) )
where the values of the parameters in Equation 9 are
A -1
m =V,(QBAA"p) and V,=(0'+A") (10)
The Bayes estimator represents the mean of the posterior. Therefore, Equation 10
becomes Bi(B) =V (ﬁ; 131- + A71p) and its variance-covariance matrix is
V= (@7t + a7 (11)
The two hyperparameters, thatis, 4 and A are unknown in Equation 11, and if

their values are used from any source other than the data at hand, then the Bayes
estimator is the classical Bayes estimator. However, if these two (¢ and A) are

estimated from the data, then Bi(B) will be termed the empirical Bayes (EB) estimator,
and Equation 11 becomes

A

Buw =V, (2 B+A"2) (12

where the values of (£ and A) in Equation 12 are

n -l n
Az(ZQfJ and [zzA(ZQ;I,BI.j (13)

i=1 i=1
The advantage of the empirical Bayes technique is that it carefully considers
heterogeneity and has much lower standard errors than other techniques, such as
ordinary least squares (OLS) and conventional Bayesian methods (Zaman 1990).
Muradoglu et al. (2005) showed that using empirical Bayes estimates with sector
information as the prior instead of ordinary least squares (OLS) improves price
forecasts significantly, and thus, betas can be estimated with greater precision. They
also contended that in the empirical Bayes method, priors can be assigned to the
dataset itself, which alleviates the problem of prior determination. The empirical

Bayes method also uses additional information provided by the dataset.

Results and discussions

Table 2 presents the findings of the 11 regression models for the DU monthly crash
risk measures of the top 11 cryptocurrencies, utilizing the ARDL (1,1) Equation 4. In
general, the crash risk measures of the US (SPCM), Japan (JPCM), Germany (GRCM),
China (CHCM), and Canada (CDCM) exhibit a positive relationship with the crash
risk measures of the cryptocurrency market at the variable level. Conversely, the crash
risk measures of the UK (UKCM) and France (FRCM) exert a negative impact on
cryptocurrency crash risk. Notably, the German stock market is the only one that
significantly influences cryptocurrency market crash risk contemporaneously. The
crash risk measure of the German stock market (GRMC) exerts a statistically
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significant positive impact on all 11 cryptocurrency markets at a 5% level threshold.
In terms of economic significance, on average, a one-unit change in the crash risk of
the German stock market is associated with a 0.23-unit increase in cryptocurrency
crash risk. These results imply that a meltdown in the German stock market during
economic downturns will adversely affect the cryptocurrency market, indicating that
the two markets are contemporaneously related. As such, the cryptocurrency market
cannot serve as a diversifier or hedge asset for German stock market investors due to
the significant positive association between the crash risks of the two markets. This
is because an increase in correlations between asset classes during economic
downturns undermines portfolio diversification strategies (Bekaert et al. 2009). The
crash risks of the remaining six stock markets (the US, UK, Japan, France, China, and
Canada) do not significantly influence cryptocurrency markets' crash risks
contemporaneously.

Table 2

Empirical Bayesian posterior results for the ARDL (1,1) model (Model-4)
with DU as the crash risk measure

Vatiables |  [1] BT 2] ET 3] BN [4] XP [5] CR [6] DG
G 0.027 0.045 0.043 0.023 0.042 0.034
0.034) 0.034) (0.034) (0.034) 0.034) 0.034)
. 0.005 0.012 0.023 0.007 0004 0.020
0.056) 0.057) 0.057) 0.056) 0.058) (0.053)

SpoMeny | 02965 | 0283|0281 | 0306 | 02955 | 0,256+
0.058) 0.059) 0.060) 0.059) 0.060) (0.058)
UK 0,021 0026 20034 0.013 0022 0.002
0.055) 0.056) 0.056) 0.056) 0.056) 0.055)

0.103% 0.109% 0.127% 0.099% 0.125% 0.094%

URCMED | 056 0.057) 0.056) (0.056) (0.057) (0.056)
PO 0.072 0.081 0.055 0.069 0.078 0.069
0.059) 0.059) 0.059) 0.059) 0.060) 0.058)

POMLY 0.187%% | 0.175%% | 0.179%% | 0165 | 0.182%% | (0.191%
0.058) 0.059) 0.058) 0.058) 0.059) 0.057)

GROM 0240%% | 0213%% | 0241% | 02429 | 0238%% | 0.190%
0.077) 0.078) 0.078) 0.077) 0.079) 0.076)

0078 | —0.054% | —0.158%% | -0.153* | —0.147% | —0.165%

GRCM(1) 0.076) (0.077) (0.077) 0.076) (0.078) (0.075)
ROM 20092 0073 0099 0121 ~0.095 ~0.068
(0.084) (0.085) (0.084) (0.084) (0.086) (0.083)
0.058 0.026 0.025 0.018 ~0.006 0.035

FRCM(-1) 0.083) 0.085) (0.084) 0.083) 0.085) 0.082)
cheM 0.029 0.030 0.027 0.025 0.037 0.025
0.041) (0.041) 0.041) 0.041) 0.042) (0.040)

~0.040 ~0.046 0,050 20,030 0.043 0027

CHEM() (0.041) 0.041) (0.041) (0.041) 0.042) (0.040)
bt 0.047 0.049 0.048 0.043 0.065 0.045
0.060) 0.061) 0.062) 0.061) 0.062) 0.0600

200005 | —0.028% | —0.114* | —0.151% | —0.138% | —-0.108*

CDEMED) | g 0sg) 0.059) 0.059) 0.058) 0.060) 0.057)

(Table continues on the next page.)
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(C d.)
Variables [7] LT [8] CL [9] ST [10] BC [11] ES
LAG 0.035 0.026 0.012 0.032 0.032
(0.034) (0.034) (0.034) (0.035) (0.035)
SPCM 0.008 0.018 0.021 0.008 0.008
(0.056) (0.058) (0.055) (0.058) (0.058)
0.271%** 0.292%** 0.302%** 0.293*** 0.293%**
SPEM(-1) (0.059) (0.060) (0.058) (0.061) (0.061)
—0.012 —0.028 0.004 —0.028 —0.033
UKCM (0.056) (0.056) (0.055) (0.057) (0.057)
0.101* 0.099* 0.128** 0.101* 0.104*
UKCM(1) (0.056) (0.057) (0.056) (0.058) (0.057)
PCM 0.078 0.065 0.070 0.073 0.072
J (0.059) (0.060) (0.058) (0.060) (0.060)
0.185%*** 0.159** 0.148+** 0.181 0.182
JPEM(-1) (0.058) (0.059) (0.057) (0.060) (0.059)
GRCM 0.199%* 0.248**+* 0.275%** 0.230++* 0.226%**
(0.077) (0.079) (0.076) (0.080) (0.079)
—0.205%* —0.148* —0.126 —0.160* —0.154*
GRCM(1) 0.076) (0.078) (0.076) (0.079) (0.078)
—0.054 —0.095 —0.141 —0.098 —0.081
FRCM (0.084) (0.085) (0.083) (0.086) (0.086)
0.084 0.004 —0.010 0.027 0.022
FRCM(-1) (0.083) (0.084) (0.083) (0.086) (0.085)
0.023 0.043 0.029 0.037 0.029
CHCM (0.041) (0.041) (0.040) (0.042) (0.042)
—0.041 —0.037 —0.022 —0.042 —0.042
CHEMED (0.041) (0.042) (0.040) (0.042) (0.042)
0.043 0.034 0.015 0.061 0.063
CDCM (0.061) (0.062) (0.060) (0.063) (0.063)
—0.119%* —0.113* —0.163%** —0.125%* —0.126**
CDEMED) (0.058) (0.060) (0.057) (0.060) (0.060)

Note: *, ¥*, and*** indicate the significance of coefficients at 10, 5, and 1%. Numbers in (.) are the standard
errors. Numbers in [.] denote the ARDL (1,1) regression model in the columns for each cryptocurrency DU crash
risk measure.

For the lagged stock market crash risk variables, it is indicated that the lag one
period of the US stock market crash risk (SPCM(-1)), UK stock market crash risk,
(UKCM(-1)) and Japan stock market crash risk (JPCM(-1)) are positive and
significant drivers of all 11 crypto markets’ crash risks (except Japan in models [10]
and [11]). A unit change in US, UK, and Japan stock market crash risks significantly
caused an increase in cryptocurrency market crash risk by 0.28, 0.11, and 0.18 units
on average, respectively. Conversely, the lag one period of the stock market crash
risks of Germany and Canada, GRCM(-1) and CDCM(-1), are negatively and
significantly associated with the crash risk of the 11 top crypto markets (except
Germany in the model [9]). A unit change in one period lag of German and Canadian
stock market crash risk significantly causes a decrease in cryptocurrency market crash
risk by —0.16 and —0.13 units on average, respectively. The one-month statistically
significant lag effects may present arbitrage opportunities, as a unit change in stock
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market crash risks can signal crypto investors and analysts about future
cryptocurrencies’ crash risks. Thus, investors and analysts can move funds to
alternative assets to profit and avoid losses. These findings also imply that past
information about crashes in the stock markets of the US, UK, Canada, Japan, and
Germany could be useful in predicting potential one-month-ahead crash tendencies

in cryptocurrency markets.
Table 3
Empirical Bayesian posterior results for the ARDL (1,1) model (Model-4)

with NS as the crash risk measure

Variables [1] BT [2] ET [3] BN [4] XP [5] CR [6] DG

LAG 0.017 0.036 0.045 0.029 0.035 0.025
(0.033) (0.034) (0.034) (0.033) (0.034) (0.033)

SPOM ~0.026 -0.022 0.021 -0.018 ~0.014 ~0.002
(0.066) (0.066) (0.067) (0.066) (0.068) (0.065)

SPCM() 0.100 0.108 0.118* 0.146% 0.137 0.124*
(0.068) (0.068) (0.069) (0.068) (0.070) (0.067)

UKCM 0.028 0.015 0.014 0.062 0.026 0.063
(0.058) (0.058) (0.058) (0.058) (0.059) (0.058)

0.051 0.051 0.080 0.054 0.060 0.049

UREMED (0.058) (0.059) (0.058) (0.059) (0.060) (0.058)
JPCM ~0.075 ~0.057 ~0.116* ~0.088 ~0.079 ~0.075
(0.066) (0.066) (0.066) (0.066) (0.067) (0.065)
JPCM1) 0.282 0.202%F% | 0278%k | 02580k | 027500k | 0.275%
(0.065) (0.066) (0.066) (0.065) (0.067) (0.064)

GROM 0.258%* 0.265%* 0.261%* 02884+ | 0.208%%x 0.256%*
(0.098) (0.098) (0.098) (0.098) (0.099) (0.097)

—0.171* ~0.147 ~0.158 ~0.170* ~0.133 ~0.154

GREME1) (0.095) (0.095) (0.094) (0.0950 (0.096) (0.094)
FROM ~0.026 ~0.032 ~0.038 ~0.085 ~0.068 ~0.058
(0.097) (0.097) (0.096) (0.097) (0.098) (0.096)

0.117 0.091 0.098 0.096 0.057 0.094

FREM(-1) (0.094) (0.094) (0.094) (0.095) (0.095) (0.093)

CHOM 0.054 0.061 0.056 0.062 0.060 0.053
(0.047) (0.047) (0.047) (0.047) (0.047) (0.046)

—0.045 ~0.046 —0.056 ~0.021 ~0.041 ~0.026

CHEMED) (0.049) (0.049) (0.049) (0.049) (0.050) (0.049)

DM 0.095 0.085 0.087 0.079 0.098 0.084
(0.071) (0.071) (0.071) (0.071) (0.073) (0.070)

0.088 0.084 0.087 0.052 0.073 0.073

CDEMED (0.072) (0.072) (0.072) (0.072) (0.073) (0.071)

(Table continues on the next page.)
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(Continned.)
Variables [7] LT [8] CL [9] ST [10] BC [1] ES
G 0.024 0.025 0.011 0.027 0.032
0.033) 0.034) 0.034) 0.034) 0.034)
PO 20013 0.030 20.008 20.006 20.004
0.067) 0.067) 0.065) (0.068) 0.060)
0.121% 0.134% 0.162+% 0.127% 0.120%
SPEM(-1) 0.068) 0.069) 0.067) 0.070) 0.070)
0.053 0.024 0.055 0.023 0.019
UKCM 0.059) 0.059) 0.058) 0.060) 0.060)
0.061 0.040 0.064 0.045 0.044
UKCMED) 0.059) 0.059) (0.058) (0.060) 0.060)
. ~0.084 0111 20.063 20.093 20092
J 0.066) 0.066) 0.066) (0.068) 0.068)
M 02905 0265 0236 0.294%% 02867
JPCM(-1) 0.066) 0.066) 0.065) 0.067) 0.067)
GROM 0.246%% 0.273%5+ 0.325%5+ 0.278 %5 0.271%%
0.099) 0.097) 0.098) 0.100) (0.100)
0198 ~0.162* 20143 Z0.154 0163
GRCM(1) 0.096) (0.094) (0.094) (0.097) 0.097)
20017 20032 20.109 20.056 20.040
FRCM 0.097) 0.096) 0.096) 0.099) 0.098)
0.135 0.083 0.085 0.089 0.099
FRCM(-1) 0.095) 0.094) 0.094) 0.097) 0.096)
0.054 0.079 0.047 0.066 0.061
CHEM 0.047) (0.047) (0.046) (0.048) 0.048)
0.047 20039 20012 0,051 20.049
CHEM) 0.050) 0.049) 0.049) (0.051) 0.050)
0.077 0.039 0.057 0.093 0.094
CDEM 0.072) 0.071) 0.070) 0.073) 0.073)
0.076 0.092 0.024 0.087 0.092
CDEMED) 0.072) 0.072) 0.071) 0.074) 0.074)

Notes: *, **, and*** indicate the significance of coefficients at 10, 5, and 1%. Numbers in (.) are the standard
errors. Numbers in [.] denote the ARDL (1,1) regression model in the columns for each cryptocurrency NS crash
risk measure.

The results for the second crash risk measure, i.e., the negative coefficient of
skewness (NS), estimated using Equation 4 are reported in Table 3. The results
confirm the robustness of the estimates reported for the DU crash risk measure.
Again, the German stock market yields a positive significant coefficient in all 11
models in the level variables, which indicates an extremely strong association between
German stock index crash risk and cryptocurrency market crash risks. In terms of
economic magnitude, a one-unit change in crash risk in the German stock market is
associated with an average of 0.27-fold increase in cryptocurrency crash risk. Our
argument that the crash risks of the German stock index and the cryptocurrency
market comove holds and are also robust, as the NS results are similar to the results
of the DU crash risk measure. The crash risks of the rest of the stock indices do not
have a contemporaneous significant impact on cryptocurrency crash risks, except for
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the Japanese stock market crash risk in model [3], which significantly impacts the
crash risk of Binance at the 10% level. A change in Japan's stock market crash risk
adversely affects the crash risk of Binance by 0.12 times.

Turning to the lag one period variables of the stock market NS crash risk measure,
the lag of the US crash risk measure, SPCM(-1), positively and significantly impacts
the crypto crash risk measures in eight out of the 11 models, except for regressions
[1], 12], and [5]. Japan stock market crash risk lag one period, JPCM(-1), has a
significant positive impact on the crash risk of all crypto markets, except for
regression [1], and Germany crash risk lag one period, GRCM(-1), significantly
impacts the crash risk of four crypto market crash risks with a negative sign in
regressions [1], [4], [7], and [8]. All other things remaining the same, a unit change in
Japanese stock market crash risk causes an increase in crypto market crash risk by
0.28 units in one period lag on average. Additionally, a one-period lag of the German
stock market crash risk induces a decrease in Bitcoin (BT), XRP (XP), Litecoin (LT),
and Chainlink (CL) by -0.17,-0.17, —-0.20, and —0.16 units, respectively. This suggests
that the crash risk histories of equity markets are significant determinants of
cryptocurrency market crash risks. As such, meltdowns and crashes in equity markets
could serve as a gauge for predicting the crash risks of cryptocurrency markets at
monthly intervals. Our findings are consistent with studies that indicate a growing
interconnectedness between virtual assets and financial markets, which presents new
risks for investors (Liu—Tsyvinski 2021, Dai et al. 2022).

Interestingly, the DU crash risk measure is more responsive to equity market crash
histories, which might be because it does not consider the third moment; that is, it is
less sensitive to extreme returns, unlike the NS measure. Our research emphasizes
the significance of comprehending the connection between cryptocurrency and stock
markets to effectively manage risk and make rational investment choices. In general,
our results suggest that the delayed crash risk of stock markets has a significant
influence on the crash risk of the crypto market, with the magnitude and direction of
the impact varying depending on the stock market. This may be attributed to the
distinct structure and investor base of stock markets. These results strongly suggest
that historical stock market crash risk data can aid investors in assessing the crash risk
of the ctypto market. Our findings are consistent with Hong—Stein's (1999) gradual
information diffusion theory, indicating that investors may underreact to crashes in
traditional stock markets.

We employ an empirical Bayesian Priors estimation strategy to estimate Equation
4 for robustness, and the results are reported in Table A1l in the Internet appendix.
Furthermore, we conduct additional robustness assessments by utilizing an empirical

Bayesian estimation for Equations 5, 6, and 7. The results of these assessments are
presented in Tables A5—A10 in the Internet appendix and are consistent with our
principal findings.
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Conclusions and policy implications

Crypto assets have gained popularity among investors and researchers, emerging as
one of the top-traded assets by both retail and institutional investors worldwide in
2021. The role and rapid expansion of cryptocurrencies within the financial system
have attracted significant attention from investors and policy-makers alike. Recent
literature has linked the crash risk of the cryptocurrency market with factors such as
market sentiment, economic policy uncertainty, and market bubbles. This study
sought to investigate the impact of equity market crash risk on cryptocurrency market
crash risk, attempting to establish a link between crypto market crash risk and regular
stock market crash risk using data from G-7 countries (excluding Italy) and China.
Two monthly crash risk measures were employed: the negative coefficient of
skewness (NS) and the down-to-up volatility (DU), calculated from the daily returns
of the two markets. These measures were selected due to the asymmetric and skewed
nature of crypto-market returns. Additionally, NS depends on the third moment,
while DU does not, rendering it less sensitive to extreme returns and thus serving the
purpose of robustness. Four different models were estimated using empirical Bayes
estimation, which considers heterogeneity, yields much lower standard errors, and
ensures a more precise estimation of coefficients.

The results indicate that the German stock index crash risk exhibits a robust
positive association with the top 11 cryptocurrency crash risks, thereby undermining
its diversification capabilities for crypto investors. This is because portfolio
diversification strategies are compromised by increased correlations among asset
classes during downturns. The positive impact of the German stock index crash risk
may also undermine the hedging capability of crypto assets for investors in the
German stock market. Consequently, it can be argued that the German stock market
crash risk represents a significant risk factor for crypto market investors. In contrast,
Japan's stock market crash risk has a negative impact on Binance's crash risk when
measured using the NS measure. Additionally, crash risks in the equity markets of the
US, UK, and Japan (Germany and Canada) exhibit a statistically significant positive
(negative) one-month lag effect on the crash risk of cryptocurrencies. Surprisingly,
the lagged stock market crash risk variables exert a greater influence than the level
variables, underscoring the importance of historical events in the stock market for
cryptocurrency crashes. The statistically significant one-month lag effect may also
present arbitrage opportunities, as current crash risks in equity markets convey
signaling information about the crash risk of cryptocurrencies one month in advance.
Overall, the results suggest that crashes in regular stock markets can be used to predict
future cryptocurrency market crashes. The findings are robust to the inclusion of
control variables and the use of alternative crash risk measures. Therefore, it is
recommended that investors and portfolio managers in the crypto market pay close
attention to sudden fluctuations in equity markets, particularly sharp drops that can
result in significant future losses. Incorporating the impact of the Covid-19 pandemic
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and utilizing higher-frequency crash risk measures would provide an interesting
avenue for future research. Additionally, investigating associations between emerging
markets' stock market crash risks and cryptocurrencies' crash risks would also provide
an interesting avenue for future research for interested researchers.

INTERNET APPENDIX

Definitions of control variables

Table Al: Descriptive statistics of NS and DU crash risk measures of all 11 cryptocurrencies
and 7 stock markets

Table A2: Correlation matrix of NS and DU crash risk measures of the 7 stock matkets
Table A3: Correlation matrix of NS crash risk measures for cryptos and stock markets

Table A4: Cotrelation matrix of DU crash risk measures for Cryptos and stock markets
Table A5: ARDL (1,1) with Control Variables; Empirical Bayesian Prior Results for DU and
NS Measures of Crash Risk

Table A6: ARDL (1,1) with Control Variables; Empirical Bayesian Posterior Results for DU
and NS Measures of Crash Risk

Table A7: ARDL (1,0,1) Model (Mode-5); Empirical Bayesian Prior Results for DU and NS
Measures

Table A8: ARDL (1,0,1) Model (Model-5); Empirical Bayesian Posterior Results for DU and
NS Measures of Crash Risk

Table A9: Static Multiple Linear Regression Model (Mode-06); Empirical Bayesian Prior Results
for DU and NS Measures of Crash Risk

Table A10: Multiple Linear Regression Model Empirical Bayesian Posterior Results for DU
and NS Measures of Crash Risk

Table A11: Empirical Bayesian Prior Results for ARDL (1,1) Model (Model-4)

Definitions of control variables

GDCM: Monthly crash risk measure (NS or DU) of gold price returns.
LGDCM: Lag of Monthly crash risk measure (NS or DU) of gold price returns.
GDR: Gold average price returns

LGDR: Lag of gold average price returns

GDV: Monthly volatility of gold price returns

LGDV: Lag of monthly volatility of gold returns

OLCM: Monthly crash risk measure (NS or DU) of oil price returns
LOLCM: Lag of Monthly crash risk measure (NS or DU) of oil price returns
OLR: Average monthly price returns of oil

LOLR: Lag of average monthly price returns of oil

OLV: Oll price returns volatility

LOLV: Lag of oil price returns volatility
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MSCI: Monthly average of the logs of the MSCI wortld stock index

LMSCI: Lag of Monthly average of the logs of the MSCI world stock index
MSCIV: Volatility of MSCI world stock index

LMSCIV: Lag of volatility of MSCI world stock index

LCPCM: Lag of the specific crypto (CP) monthly average of logs of market
capitalization

CPR: Specific crypto monthly average of daily price returns

LCPR: Lag of specific crypto monthly average of daily price returns

CPV: Specific crypto monthly volatility of returns

LCPV: Specific crypto monthly volatility of returns

CPTV: Specific crypto monthly average of the log of daily trading volumes.

REFERENCES

ALIN, A. (2010): Multicollinearity Wiy Interdisciplinary Reviews: Computational Statistics 2 (3): 370-374.
https://doi.org/10.1002/wics.84

ANASTASIOU, D.—BALLIS, A.—~DRAKOS, K. (2021): Cryptocurrencies’ price crash risk and crisis
sentiment Finance Research Letters 42: 101928.
https://doi.org/10.1016/}.fr.2021.101928

ANGELIDIS, D.—-KOULAKIOTIS, A. (2022): Return and volatility spillovers in twelve Eastern
European countries, 2006-2015 Regional Statistics 12 (3): 191-218.
https://doi.org/10.15196/RS120308

ASHRAF, B. N.-GOODELL, J. W. (2022): Covid-19 social distancing measures and economic
growth: Distinguishing short- and long-term effects Finance Research Letters 47 (Part
A): 102639. https://doi.org/10.1016/4.rl.2021.102639

BEKAERT, G.—HODRICK, R. J.-ZHANG, X. (2009): International stock return comovements
Journal of Finance 64 (6): 2591-2620.
https://doi.org/10.1111/4.1540-6261.2009.01512.x

BOUBAKER, S.—~GOODELL, J. W.—PANDEY, D. K.-KUMART, V. (2022): Heterogeneous impacts
of wars on global equity markets: Evidence from the invasion of Ukraine Finance
Research Letters 48: 102934, https://doi.org/10.1016/1.f11.2022.102934

CARRINGTON, W. J—ZAMAN, A. (1994): Interindustry Variation in the Costs of Job
Displacement Journal of Labor Economics 12 (2): 243-275.
https://doi.org/10.1086/298357

CHAIM, P.—LAURINI, M. P. (2019): Is bitcoin a bubble? Physica A: Statistical Mechanics and Its
Applications 517: 222-232. https://doi.org/10.1016/j.phyvsa.2018.11.031

CHEN, J—HONG, H-STEIN, J. C. (2001): Forecasting crashes: Trading volume, past returns, and
conditional skewness in stock prices Journal of Financial Economics 61 (3): 345-381.
https://doi.org/10.1016/50304-405X(01)00066-6

COINMARKETCAP (2022): https://coinmarketcap.com

CORBET, S.—HOU, Y. (GREG)-HU, Y.—LARKIN, C—~OXLEY, L. (2020): Any port in a storm:
Cryptocurrency safe-havens during the Covid-19 pandemic Economics Letters 194:
109377. https://doi.org/10.1016/j.econlet.2020.109377

Regional Statistics, Vol. 14. No. 3. 2024: 540-565; DOI: 10.15196/RS140306



Stock market tumble sparks crypto chaos: A crash risk spillover analysis 563

CORBET, S.—LUCEY, B.~URQUHART, A.—YAROVAYA, L. (2019): Cryptocurrencies as a financial
asset: A systematic analysis Inzernational Review of Financial Analysis 62: 182—199.
https://doi.org/10.1016/].irfa.2018.09.003

CORBET, S.—MEEGAN, A.—LARKIN, C.—LUCEY, B.-YAROVAYA, L. (2018): Exploring the
dynamic relationships between cryptocurrencies and other financial assets
Economics Letters 165: 28-34.
https://doi.org/10.1016/j.econlet.2018.01.004

DAL P.-F.~GOODELL, ]. W.~HUYNH, T. L. D.-LIU, Z.—CORBET, S. (2022): Understanding the
transmission of crash risk between cryptocurrency and equity markets SSRIN
Electronic Jonrnal https://doi.org/10.2139 /ssrn.4109160

FENG, W.—WANG, Y.—ZHANG, Z. (2018): Informed trading in the Bitcoin market Finance
Research Letters 26: 63—70. https://doi.org/10.1016/1.£11.2017.11.009

FARRAR, D. E~GLAUBER, R. R. (1967): Multicollinearity in regression analysis: the problem
revisited The Review of Economic and Statistics 49 (1): 92-107.
https://doi.org/10.2307/1937887

FRUEHWIRT, W.—HOCHFILZER, L.-WEYDEMANN, L.—ROBERTS, S. (2020): Cumulation, crash,
coherency: A cryptocurrency bubble wavelet analysis Finance Research Letters 40:
101668. https://doi.org/10.1016/}.fr1.2020.101668

FRY,]J. (2018): Booms, busts and heavy-tails: The story of bitcoin and cryptocurrency markets?
Economics Letters 171: 225-229.
https://doi.org/10.1016/j.econlet.2018.08.008

Fry, J.—CHEAH, E. T. (2016): Negative bubbles and shocks in cryptocurrency markets
International Review of Financial Analysis 47: 343-352.
https://doi.org/10.1016/j.irfa.2016.02.008

GIL-ALANA, L. A—ABAKAH, E. J. A—R0JO, M. F. R. (2020): Cryptocurrencies and stock
market indices. Are they related? Research in International Business and Finance 51:
101063. https://doi.org/10.1016/}.ribaf.2019.101063

HassAN, M. K—HASAN, M. B.—RASHID, M. M. (2021): Using precious metals to hedge
cryptocurrency policy and price uncertainty Economics Letters 206: 109977.
https://doi.org/10.1016/j.econlet.2021.109977

HONG, H-STEIN, J. C. (1999): A unified theory of underreaction, momentum trading, and
overreaction in asset markets The Journal of Finance 54 (6): 2143-2184.
https://doi.org/10.1111/0022-1082.00184

HUNG, N. T. (2022): Return equicorrelation and dynamic spillovers between Central and
Eastern European, and World stock markets, 2010-2019 Regional Statistics 12 (1):
159—192. https://doi.org/10.15196/RS120108

HUNG, N. T. (2023): What effects will Covid-19 have on the G7 stock markets? New evidence
from a cross-quantilogram approach Regional Statistics 13 (2): 240-264.
https://doi.org/10.15196/RS130203

KALYVAS, A —PAPAKYRIAKOU, P.—SAKKAS, A.—~URQUHART, A. (2020): What drives Bitcoin’s
price crash risk? Economics Letters 191: 108777.
https://doi.org/10.1016/j.econlet.2019.108777

KATSIAMPA, P. (2017): Volatility estimation for Bitcoin: A comparison of GARCH
models Economics Letters 158: 3—6. https://doi.org/10.1016/j.econlet.2017.06.023

Regional Statistics, Vol. 14. No. 3. 2024: 540-565; DOI: 10.15196/RS140306



Asad Ul Islam Khan-Rasim Ozcan-Mutawakil Abdul-Rahman-Abdul Waheed

KRISTJANPOLLER, W.—BOURI, E.—TAKAISHI, T. (2020): Cryptocurrencies and equity funds:
Evidence from an asymmetric multifractal analysis Physica A: Statistical Mechanics
and Its Applications 545: 123711. https://doi.org/10.1016/].physa.2019.123711

KUMAH, S. P.—ODEI-MENSAH, J. (2021). Are cryptocurrencies and African stock markets
integrated ? Quarterly Review of Economics and Finance 81: 330-341.
https://doi.org/10.1016/j.qref.2021.06.022

KUMAR TIWARI, A.—BILLAH DAR, A.—BHANJA, N.—SHAH, A. (2013): Stock market integration
in Asian countries: Evidence from wavelet multiple correlations Journal of Economic
Integration 28 (3): 441-456. https://doi.org/10.11130/1ei.2013.28.3.441

LAHMIRI, S.—BEKIROS, S. (2020): The impact of Covid-19 pandemic upon stability and
sequential irregularity of equity and cryptocurrency markets Chaos, Solitons and
Fractals 138: 109936. https://doi.org/10.1016/].chaos.2020.109936

L1u, Y.-TSYVINSKI, A. (2021): Risks and returns of cryptocurrency The Review of Financial
Studies 34 (6): 2689-2727. https://doi.org/10.1093/rfs /hhaal13

MA, Y~LUAN, Z. (2022): Ethereum synchronicity, upside volatility and Bitcoin crash risk
Finance Research Letters 46: 102352, https://doi.org/10.1016/7.£11.2021.102352

MATKOVSKYY, R—JALAN, A. (2019): From financial markets to bitcoin markets: A fresh look
at the contagion effect Finance Research Letters 31: 93-97.
https://doi.org/10.1016/.£r1.2019.04.007

MBA, J. C—PINDZzA, E-~KOUMBA, U. (2018): A differential evolution copula-based approach
for a multi-period cryptocurrency portfolio optimization Financial Markets and
Portfolio Management 32 (4): 399-418. https://doi.org/10.1007/s11408-018-0320-9

MENSAH, J. O.—PREMARATNE, G. (2018): Integration of ASEAN banking sector stocks Journal
of Asian Economics 59: 48—60. https://doi.org/10.1016/].asieco.2018.10.001

MENSI, W.—SENSOY, A.—ASLAN, A.—KANG, S. H. (2019): High-frequency asymmetric volatility
connectedness between Bitcoin and major precious metals markets. Norzh
American Journal of Economics and Finance 50: 101031.
https://doi.org/10.1016/j.najef.2019.101031

MURADOGLU, Y. G.—ZAMAN, A.—ORHAN, M. (2005): Measuring the Systematic Risk of IPO’s
Using Empirical Bayes Estimates in the Thinly Traded Istanbul Stock Exchange
SSRN Electronic Journal 8 (3)_315-334. https://doi.org/10.2139/ssrn.420245

NGUYEN, K. Q. (2022): The correlation between the stock market and Bitcoin during Covid-
19 and other uncertainty periods Finance Research Letters 46 (Part A): 102284.
https://doi.org/10.1016/}.£r1.2021.102284

REHMAN, M. U. (2020): Do bitcoin and precious metals do any good together? An extreme
dependence and risk spillover analysis Resources Policy 68: 101737.
https://doi.org/10.1016/j.resourpol.2020.101737

SMALES, L. A. (2022): Investor attention and cryptocurrency price crash risk: a quantile
regression approach Szudies in Economics and Finance 39 (3): 490-505.
https://doi.org/10.1108/SEF-09-2021-0371

STENSAS, A.-NYGAARD, M. F.-KYAW, K.~TREEPONGKARUNA, S. (2019): Can bitcoin be a
diversifier, hedge or safe haven tool? Cogent Economics and Finance 7 (1): 1593072.
https://doi.org/10.1080/23322039.2019.1593072

TiwARI, A. K—RAHEEM, 1. D.-KANG, S. H. (2019): Time-varying dynamic conditional
correlation between stock and cryptocurrency markets using the copula-ADCC-

Regional Statistics, Vol. 14. No. 3. 2024: 540-565; DOI: 10.15196/RS140306



Stock market tumble sparks crypto chaos: A crash risk spillover analysis 565

EGARCH model Physica A: Statistical Mechanics and Its Applications 535: 122295.
https://doi.org/10.1016/j.physa.2019.122295

UNVAN, Y. A. (2021): Impacts of Bitcoin on USA, Japan, China and Turkey stock market
indexes: Causality analysis with value at risk method (VAR) Communications in
Statistics - Theory and Methods 50 (7): 1599-1614.
https://doi.org/10.1080/03610926.2019.1678644

URQUHART, A. (2017): Price clustering in bitcoin Economics Letters 159: 145-148.
https://doi.org/10.1016/j.econlet.2017.07.035

WANG, X.—CHEN, X.—ZHAO, P. (2020): The relationship between bitcoin and stock market.
International Journal of Operations Research and Information Systems 11 (2): 22-35.
https://doi.org/10.4018/ijoris.2020040102

WANG, H-WANG, X.—YIN, S.-J1, H. (2022): The asymmetric contagion effect between stock
market and cryptocurrency market Finance Research Letters 46 (Part A): 102345,
https://doi.org/10.1016/}.£r1.2021.102345

ZAMAN, A. (19906): Statistical foundations for econometric techniques Academic Press, San Diego.

INTERNET SOURCES

IYER, T. (2022): Cryptic connections: Spillovers between crypto and equity markets Globa/
Financial Stability Notes 1-13.
https://www.imf.org/en/Publications/global-financial-stability-

notes/Issues/2022/01/10/Crvptic-Connections-511776

(downloaded: March 2023)

THAM, N. (2022): Bitcoin has crashed 68% from its peak — but one bull says the latest crypto winter is a
‘warm winter.” CNBC.
https://www.cnbe.com/2022/08/26/crypto-winter-is-coming-but-it-will-be-a-

warm-winter-says-ve-firm.html (downloaded: March 2023)

Regional Statistics, Vol. 14. No. 3.2024: 540-565; DOI: 10.15196/RS140306




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


