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Abstract
Using the NARDL model for the period of pandemic COVID19, we examined the 
asymmetric relationship between six crypto-currencies (Bitcoin, Litecoin, Bitcoin 
gold, Dash, Maker, and Ehereum) and seven stock market prices (S&P500, CAC40, 
DAX30, NIKKEI, FTSE, FTSEMIB, and SPTSX) accounting for the effects of 
Gold and WTI prices. In the long run, our results revealed, in most cases, a posi-
tive asymmetric relationship between digital and financial assets, suggesting a weak 
safe haven role for crypto-currencies. The oil price (WTI) was also found to act as a 
diversifier. However, for, the results revealed, in most cases, a negative asymmetric 
relationship between the yellow metal and the different stock prices, suggesting that 
gold can act as a good hedging instrument or a safe haven against stock prices in the 
long run. On the other hand, in the short run, the results indicate that only Bitcoin, 
Litecoin, and Maker have an asymmetric effect on the chosen stock prices but the 
effect is positive in most cases. Moreover, gold can act as a hedge/safe-haven asset 
in the short run. Finally, while examining the dynamic response of stock prices to 
the negative and positive shocks of crypto-currencies, we concluded that the major-
ity of stock prices respond more to the negative shocks of crypto-currencies than to 
the positive ones.

Keywords Asymmetry · Shock transmission · COVID-19 · Cryptocurrencies · Stock 
prices · Gold · WTI · Safe-haven · Diversifier

 * Achraf Ghorbel 
 ghorbelachraf@yahoo.fr

1 Faculty of Economics and Management, University of Sfax, Street of Airport, km 4.5, LP 1088, 
3018 Sfax, Tunisia

2 Faculty of Economics and Management of Mahdia, Monastir University, Hiboun, Tunisia

http://orcid.org/0000-0001-6303-5612
http://crossmark.crossref.org/dialog/?doi=10.1007/s40822-022-00206-8&domain=pdf


388 Eurasian Economic Review (2022) 12:387–425

1 3

1 Introduction

Since the 2008 global financial crisis, a large number of studies have focused on 
how equity markets respond to such long and significant economic crises. Many 
Scholars have investigated the impact of the 2008 subprime mortgage crisis on 
the hierarchical structure of financial markets (Zhang, Gao et  al., 2020), mar-
ket contagion (BenMim & BenSaïda, 2019; Jin, 2016; Jin & An, 2016; Wang 
et  al., 2017), fertilizer markets (Lahmiri, 2017b; c), crude oil markets (Junttila 
et  al., 2018; Lahmiri, 2017a), serial correlations in stocks (Anagnostidis et  al., 
2016; Gao & Mei, 2019; Hasan & Mohammad, 2015; Horta et  al., 2014; Lah-
miri, 2015), and currency markets (Lahmiri et al., 2017a), or on shifts in the mar-
ket risk (Grout & Zalewska, 2016), market connectedness (Lahmiri et al., 2017b; 
Rosenstein et al., 1993), and the volatility transmission (Chowdhury et al., 2019; 
Dimitriou et  al., 2013; Karanasos et  al., 2016; Lien et  al., 2018; Syriopoulos 
et al., 2015; Xu et al., 2018).

With the appearance of the COVID-19 pandemic in Wuhan, China on Decem-
ber 31, 2019, and since the World Health Organization (WHO) announced this 
crisis as a global health disaster, the global economy has been tremendously 
impacted. Therefore, sales dropped, consumers changed their behavior, produc-
tion was limited, businesses faced serious financial difficulties, and unemploy-
ment rates rose worldwide. Such drastic changes in the world business and econ-
omy are likely to have a major effect on the stock markets as well as on new 
investments, such as the crypto-currency market.

As a consequence, global financial markets were severely disrupted during this 
pandemic, stock markets in the United States, for example, reached four circuit 
breakers in two weeks, crude oil prices dropped below $20 a barrel, setting a new 
drop since the beginning of the century. Most unexpectedly, the crude oil future 
of West Texas Intermediate (WTI), the US crude benchmark, closed at − $37.63 a 
barrel on April 20, 2020, an unprecedented event that would have a major impact 
on policymakers and practitioners. According to; Zhang, Hu et al. (2020), finan-
cial markets around the world have responded to rising risks and changing inter-
market linkages as a result of the COVID-19 global expansion. In their study, 
they concluded that the stock market is highly unpredictable and volatile due to 
the instability and economic damages caused by this pandemic. Moreover, Jeribi 
& Snene-Manzli (2021), Baig et al. (2020), Al-Awadhi et al. (2020), Jeribi et al. 
(2020), and Bader (2020) stated that the growing number of confirmed COVID-
19 cases and deaths has a negative impact on stock markets.

In recent years, the exponential growth of crypto-currencies, since the incep-
tion of Bitcoin by Nakamoto (2008), has captivated the attention of investors, 
speculators, regulators, and academics. In fact, a large volume of research has 
been devoted to the pricing mechanisms of crypto-currency markets (Balcilar 
et al., 2017; Blau, 2017; Cheah & Fry, 2015; Cheung et al., 2015; Urquhart, 2016, 
2017), the volatility drivers (Baek & Elbeck, 2015; Bouri, Das et al., 2018; Kat-
siampa, 2017), and the diversification ability of crypto-currencies (Bouri, Jalkh 
et  al., 2017; Brière et  al., 2015; Dyhrberg, 2016). Apart from few papers, such 
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as those of Corbet  et  al. (2018a; b) and Bouri, Das et  al. (2018), most of the 
literature focused on crypto-currencies but neglected how they interact with the 
traditional economy. Therefore, uncovering such interconnectedness is essential 
to thoroughly assess the potential risks and advantages of crypto-currencies.

On the other hand, inter-market connectedness, as evaluated by return and volatil-
ity transmission, provides new perspectives into the global finance and has impor-
tant implications for portfolio and hedging decisions. Therefore, academics and 
practitioners have paid a lot of attention to the interactions between stock markets 
and crypto-currency movements. This problem has become more critical as the 
market integration between conventional financial assets and crypto-currencies has 
increased (Bouri, Das et al., 2018).

Moreover, in 2017, crypto-currencies gained a worldwide popularity after their 
prices skyrocketed, prompting investors to invest a large portion of their funds into 
these new types of financial assets. The price hype, however, could not be sustained, 
and the crypto price bubble exploded at the end of 2018. This extreme volatility in 
the crypto-currency highlights the dangers of investing in this type of asset and for 
this reason, many researchers examined the volatility of crypto-currencies and the 
co-movement between them (Chkili, 2021; Chuen et al., 2017; Dastgir et al., 2019; 
Demir et al., 2018, 2020; Ghorbel & Jeribi, 2021; Gozgor et al., 2019; Omane-Adje-
pong et al., 2019; Ong et al., 2015; Peng et al., 2018; Szetela et al., 2021; Yi et al., 
2018).

The exponential growth of crypto-currencies has resulted in prices that are vul-
nerable to speculative bubbles, leading to a rise in volatility that could extend to 
other financial markets over time. As a consequence, clutching information trans-
mission patterns between major stock markets and crypto-currencies is extremely 
important. According to Forbes and Rigobon (2002) and Gande and Parsley (2005), 
the information transmission processes between financial markets have been at the 
forefront of research since the 1990s. In fact, experts discovered that connectivity is 
the major key to understanding the periods of crisis, which has become an important 
concern, particularly following the Asian crisis. As for Diebold and Yilmaz (2009, 
2012), they developed a simple quantitative measure of market interconnectedness 
that quickly gained traction among researchers. Volatility spillovers defined by these 
authors can be obtained by decomposing forecast error variance from VAR models.

The asymmetric response of volatility on stock markets is also a well-known 
phenomenon (Black, 1976; Christie, 1982; French et al., 1987; Pindyck, 1984), for 
this reason, asymmetries in shock propagation are extremely important to investors. 
Aside from the magnitude, direction, and duration of shocks, their sign is an impor-
tant factor in determining their effects on the impacted asset. In this context, Barunik 
et al. (2015, 2016, 2017), suggested a measure of spillover asymmetries that com-
bine Diebold and Yilmaz’s (2009, 2012) system with the semi-variance system of 
Barndorff-Nielsen et al. (2010). On the other hand, while analyzing the associated 
volatility of 16 popular crypto-currencies, Fakhfekh and Jeribi (2019) discovered an 
asymmetric impact in which volatility rises more in reaction to positive shocks than 
in response to negative shocks, suggesting an asymmetric effect that varies from that 
seen in stock markets. In fact, both authors argued that the spike in volatility in reac-
tion to positive shocks may be justified by uninformed investors’ herding methods. 
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Also, Jeribi and Fakhfekh (2021) proved that the crude oil index (WTI) and the US 
indices return highlight the persistence of a negative and significant leverage effect 
while the crypto-currency markets present a positive asymmetric volatility effect.

Fakhfekh et al. (2021) studied the correlations between cryptocurrencies, WTI, 
Gold, VIX and stock markets by using multivariate GARCH models. Their findings 
revealed that the hedging strategy tool was neutral for the FTSE and NIKKEI stocks, 
however, the strategy was reversed for the American and developing markets, and 
this from the pre-crypto-currency crash to the during crypto-currency crash period. 
Also, Jeribi and Masmoudi (2021) studied the interaction between the volatilities of 
stock markets and crypto-currencies by using the multivariate GARCH models and 
they revealed that the financial markets, like the crypto-currency market, reacted to 
the Coronavirus pandemic with alarming volatility.

Moreover, Jeribi et al. (2021) studied the relationship dynamics of stock markets 
and crypto-currency returns both in the short and long run with a special focus on 
changes during the COVID-19 crisis period. Their results indicated that Dash and 
Ripple are found to be a safe haven for stock markets before the pandemic. However, 
crypto-currencies are found to be a safe haven for three emerging markets, such as 
Brazil, China, and Russia, during the pandemic COVID-19.

Despite the fact that a variety of studies have looked into the linkages between the 
same classes of assets (Tiwari et al., 2018) and the connectedness between different 
asset classes (Corbet et al., 2018a), there has been little empirical work on connect-
edness between crypto-currencies and other asset classes while most of the studies 
do not account for the asymmetric effects. Therefore, in this paper, we examine the 
asymmetric relationship between crypto-currencies and stock market prices account-
ing for the effects of gold and WTI prices. To do so, we used the NARDL model and 
checked the long and short-run asymmetry effects between the digital and financial 
assets. Our results revealed that the stock prices are asymmetrically responding to 
the crypto-currency movements in both the short and long run with the long-run 
influence being more important. In fact, the rising movements of crypto-currencies 
had a greater influence on the stock prices than the declining movements, mean-
ing that they would change the behavior of the stock prices. According to Baur and 
Lucey (2010),1 the evidence on the positive relation between crypto-currencies and 
stock prices suggests a weak safe haven role for crypto-currencies in the long run. 
As for gold, the results indicated that the stock prices, in general, respond to the 
decreasing movements of gold more than to the increasing movements. The negative 
relation between stock prices and gold prices seems contradictory to the weak safe 
haven evidence reported in the relation between stock prices and crypto-currencies. 
This could lead to the conclusion that gold can act as a good hedging instrument or 
a safe haven against stock prices. Moreover, our results showed a weak safe haven 
role for the Oil index in the long run. However, we have concluded that in the short 

1 According to Baur and Lucey (2010), an asset is viewed as a hedge if it is uncorrelated or negatively 
correlated with another asset or a portfolio, an asset is viewed as a diversifier if it is positively but not 
perfectly correlated with another asset or portfolio, however, an asset is viewed as a safe-haven if it is not 
correlated or negatively correlated with another asset or portfolio in periods of market distress.
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run, only Bitcoin, Litecoin, and Maker have an asymmetric effect on the chosen 
stock prices while the effect was positive in most cases. This means that these digital 
assets do not act as good hedging and safe-haven instruments for stock markets. On 
the other hand, the negative asymmetric effect of gold in the short-run dominates the 
positive one, improving the hedging and safe-haven role of the yellow metal. This 
finding supports the long-term results presented above.

While examining the multiplier impact of crypto-currencies on the stock prices, 
we concluded that the majority of stock prices respond more to the negative crypto-
currency shocks than to the positive ones. Finally, our study proves that crypto-cur-
rencies and commodities (gold and WTI) are significant driving factors for the stock 
market prices.

Then, the remainder of this paper is organized as follows. Section 2 reviews the 
relevant literature, Sect. 3 discusses the data and methodology, Sect. 4 presents the 
empirical results, and Sect. 5 concludes the paper.

2  Literature review

In fact, many studies have investigated the different aspects of crypto-currencies and 
their connections to other financial assets. In this context, Bouri, Das et al. (2018) 
investigated the connection between Bitcoin and conventional financial assets by 
using a smooth transition VAR-GARCH-in-mean model. Their results indicated that 
Bitcoin’s returns are closely related to most of the other assets, particularly com-
modities, suggesting that the Bitcoin market is not completely isolated. On the other 
hand, Baumöhl (2019) discovered a negative correlation between Forex and crypto-
currencies and proposed that investing in these assets could provide diversification 
advantages to investors. As for Matkovskyy and Jalan (2019), they used the regime-
switching skew-normal model to investigate the contagion effect between five stock 
indexes and Bitcoin markets and found major contagion effects from the financial 
markets to the Bitcoin ones. For his part, Yang (2020) discovered that Taiwan’s 
stock market and Bitcoin have a significant nonlinear relationship. On the other 
hand, using the asymmetric DCC and wavelet coherence approaches, Umar et  al. 
(2020) examined the connectedness between five crypto-currencies, namely Bitcoin, 
Ethereum, Ripple, Bitcoin Cash, and Ethereum Operating System, and five major 
stock markets, such as NYSE, NASDAQ, SSE, Nikkei 225, and Euronext NV. In 
fact, their results showed an important time-varying conditional association between 
the plurality of crypto-currencies and the stock market indices, indicating that nega-
tive shocks play a bigger role than positive shocks with the same dimension. As for 
Sami and Abdallah (2020), they examined the effect of crypto-currency market on 
the Gulf stock market and concluded that both markets substitute for investors (i.e. 
the crypto market has a disturbing influence on stock market indexes). This means 
that an increase in the crypto-currency returns is associated with a decline in the 
stock market.

For their part, Ciaian et al. (2016) revealed that the price of Bitcoin is not respon-
sive to long-term macro-financial events, however, Li and Wang (2017) discovered a 
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substantial association between Bitcoin’s price and movements in economic funda-
mentals in both the short and long run.

Moreover, Bouri, Gupta et  al. (2018) investigated the impacts of the aggregate 
commodities index and gold prices on Bitcoin prices, and their findings suggested 
that price data from the aggregate commodities and gold price indexes might be 
used to forecast Bitcoin price changes. To test Bitcoin’s safe-haven characteristic 
against assets, Bouri, Jalkh et al. (2017) and Bouri, Molnár et al. (2017) employed 
quantile dummies within a DCC approach and showed that, respectively, Bitcoin 
operates as a safe haven for energy commodities and against weekly severe down 
moves in Asian equities. Meanwhile, Corbet et  al. (2018a) examined the relation-
ship between three crypto-currencies (Bitcoin, Ripple, and Litecoin) and a variety 
of other financial assets, suggesting that crypto-currencies are rather isolated from 
other markets. In a similar study, Trabelsi (2018) discovered no compelling spill-
over impact between crypto-currencies and stocks. Moreover, Kostika and Laopo-
dis (2019) found that crypto-currencies have neither short nor long-term stochas-
tic trends with the stock markets. As for Zeng et al. (2020), they discovered a poor 
connection between Bitcoin and the conventional financial assets they studied. On 
the other hand, using the ARDL bound testing model, Bouoiyour and Selmi (2015) 
revealed that Bitcoin exhibits unfavorable speculative behavior, suggesting that it is 
not a safe haven asset. Furthermore, Bouri, Gupta et al. (2017) discovered a nega-
tive association between the volatility of Bitcoin and the US implied volatility index 
(VIX) while Baur et al. (2015) demonstrated that Bitcoin is an investment tool and 
addressed its position as a good diversifier (i.e. uncorrelated with the conventional 
assets). Using weekly data for the period ranging from 2010 to 2013, Brière et al. 
(2015) discovered that Bitcoin has a low association with conventional assets and 
that it can be used as a compelling tool of diversification, given its extremely high 
average return and volatility.

Using a guided acyclic graph technique and while concentrating on the incor-
poration of the Bitcoin market into the world financial system, Ji et al. (2018) dis-
covered a relatively poor association between Bitcoin and equity markets, including 
the yellow metal market. On the other hand, Aslanidis et  al. (2019) examined the 
conditional correlation performance of four main crypto-currencies, namely Bit-
coin, Monero, Dash, and Ripple, stock (S&P500) and bond indices, and gold prices. 
Their findings showed that the analyzed crypto-currencies are positively correlated 
while the correlation between the crypto-currencies and the conventional financial 
assets is negligible. Using fractional integration techniques, Gil-Alana et al. (2020) 
examined the features of six main crypto-currencies and their bilateral connections 
with six stock market indices. Their results showed that there is no co-integration 
between the six crypto-currencies studied neither between the crypto-currencies and 
the stock market indexes, implying that crypto-currencies are decoupled from con-
ventional financial and economic assets.

Using a novel dependence approach, Maghyereh and Abdoh (2021) investigated 
the return dependency between Bitcoin and the stock market returns. In fact, they 
found a high return dependency between Bitcoin and the financial markets in the 
long run and that such dependence dramatically decreases from yearly to monthly 
investment horizons. Besides, Bitcoin’s right-tail dependency with the US stock 
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exchange is considered the greatest when compared to other stock markets. These 
authors also used a wavelet-coherence analysis to withdraw information on the time-
varying and time–frequency dynamics of Bitcoin and the stock markets co-move-
ments. In fact, their findings showed that the co-movement between the Bitcoin and 
the US stock market is positive, while it is negative for other stock markets at some 
frequencies and time intervals. For their part, using the Bayesian panel VAR model, 
Huang et al. (2021) investigated the function of Bitcoin as a safe haven against the 
unfavorable fluctuations of stock and bond assets in five major economies during the 
COVID-19 bear market and they discovered that Bitcoin contributes to the diver-
sification advantages and/or risk reduction both inside and across the boundaries 
in each target economy while its position, as a hedge against conventional assets, 
differs among economies. The authors also showed that with the exception of the 
United States, the COVID-19 pandemic has changed the status of Bitcoin in differ-
ent segmented markets.

As for Kurka (2019), the author examined the asymmetric transmission mech-
anisms of shocks between traditional asset classes and crypto-currencies. The 
author’s findings indicated that there exists no unconditional connection between 
crypto-currencies and conventional assets. On the other hand, the research revealed 
times of significant shock transmission between Bitcoin and conventional proper-
ties. This discovery casts doubt on the capacity of Bitcoin to act as a hedge in coun-
ter to financial assets and demonstrates how the market disruptions can spread from 
crypto-currencies to the conventional economy. Baur and Dimpfl (2018) studied the 
asymmetrical volatility consequences of 20 distinct cryptocurrencies. They discov-
ered that only positive shocks boost volatility, showing an asymmetric impact that 
is different from the one observed in financial markets. Furthermore, by applying 
quantile-based connectedness measures for seven major crypto-currencies, Bouri 
et al. (2021) found that the connectedness measures in the left and right tails of the 
conditional distribution are much higher than those in the mean and median. This 
means that with both positive and negative shocks, return connectedness increases 
with the shock size, implying that return shocks circulate more intensely during 
extreme events than during relaxed times. Although this finding demonstrates the 
system’s instability in the face of severe events, like the COVID-19 pandemic, it also 
highlights the need to go beyond mean-based connectedness measures to compre-
hend the return connectedness in the face of extreme negative and positive shocks.

3  Data and methodology

3.1  Data

Therefore, the aim of this paper is to examine the asymmetric relationship between 
crypto-currencies and stock market prices accounting for the effects of gold and 
WTI prices. Our data consists of 571 observations on closing prices for seven 
stock market indices (S&P500, CAC40, DAX30, NIKKEI, FTSE, FTSEMIB, and 
SPTSX) and six crypto-currencies (Bitcoin, Litecoin, Bitcoin gold, Dash, Maker, 
and Ethereum). The database was collected from the Coin Market Cap, and 
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Datastream. The study period ranges from 01 January 2019 to 23 February 2021, 
noting that the period also covers the COVID-19 crisis. Even though the study on a 
period of crisis may not yield good results, we chose to work on that period because 
there was a revival of the stock market indexes and crypto-currencies also of the oil 
(WTI) and the gold prices since the date of the announcement of the appearance of 
vaccines2 (see the graphs from 1 to 15).

The descriptive statistics of cryptocurrencies, stock market indices, and asset 
returns are presented in Table 1.

From Table 1, the results indicate that all the series have a positive mean value 
where the highest mean value is taken by the Italian stock market index (FTSEMIB), 
and the lowest by the Bitcoin gold. Moreover, the results showed that all the vari-
ables, excepting the S&P500 and Dash, have a non-normal and asymmetric distribu-
tion. Therefore, the crypto-currency distribution is negatively asymmetric for Bit-
coin, Litecoin, and Maker but positively skewed for the others. As for gold and WTI, 
the distribution is asymmetric and spread to the left.

In fact, all the variables have a positive Kurtosis. Here, we are talking about the 
leptokurtic distribution which is more observed in the financial market where the 
ends are thicker than the normal distribution, which explains the frequent existence 
of abnormal values. On the other hand, among all the crypto-currencies, Bitcoin has 
the highest average and the lowest volatility. Furthermore, Maker and Bitcoin gold 
are less stable than the other crypto-currencies where their Kurtosis value is higher 

Table 1  Descriptive statistics

Mean Median Max Min Std. dev. Skew Kurt JB Prob

S&P500 8.036 8.021 8.249 7.713 0.101 − 0.019 2.554 4.732 0.093
CAC40 8.556 8.577 8.717 8.230 0.099 − 0.528 2.621 29.919 3.185e−07
NIKKEI 7.669 7.644 7.928 7.413 0.098 0.534 2.881 27.448 1.095e−06
DAX30 9.400 9.418 9.550 9.040 0.093 − 0.966 3.767 102.555 5.374e−23
FTSE 8.806 8.841 8.947 8.515 0.105 − 0.434 1.826 50.570 1.044e−11
FTSEMIB 9.925 9.934 10.145 9.608 0.106 − 0.469 2.682 23.299 8.719e−06
SPTSX 9.682 9.700 9.800 9.326 0.075 − 1.437 5.620 358.639 1.325e−78
BITCOIN 8.896 8.985 9.473 8.131 0.214 − 0.864 2.646 73.827 9.303e−17
DASH 4.455 4.392 5.185 3.685 0.328 0.169 2.721 4.575 0.101
BITCOIN 

GOLD
2.263 2.210 3.446 1.595 0.362 1.394 5.364 317.138 1.361e−69

LITECOIN 4.323 4.343 5.450 3.155 0.529 − 0.080 2.342 10.863 0.004
ETHEREUM 5.206 5.200 5.819 4.649 0.258 0.001 2.191 15.508 0.000
MAKER 6.214 6.251 6.970 5.332 0.233 − 0.924 4.656 146.141 1.843e−32
GOLD 7.370 7.356 7.631 7.146 0.141 − 0.060 1.689 41.052 1.217e−09
WTI 3.849 3.965 4.193 2.068 0.307 − 2.214 9.290 1403.191 1.999e−305

2 There is a significant drop in the appearance of the pandemic; this fall is mainly explained by the total 
containment in all countries of the world. Then, we see a good recovery especially after the announce-
ment of the production of certain vaccines.



395

1 3

Eurasian Economic Review (2022) 12:387–425 

than three. Therefore, all the crypto-currencies, excepting Dash, as evidenced by the 
Jarque–Bera normality test, are far from the normal distribution.

Table 2 presents the correlation matrix between the variables. The results show 
that Bitcoin is positively correlated with all stock markets except for the FTSE, then, 
Dash is positively correlated with all stock markets except for the S&P500 and NIK-
KEI while Bitcoin gold is negatively correlated with all stock markets except for 
FTSE.

On the other hand, Litecoin is positively correlated with all stock markets except 
for the S&P500 while Maker is positively correlated with all stock markets except 
for CAC40, FTSE, and FTSEMIB; and finally, Ethereum is positively correlated 
with all stock markets.

Regarding the stock market indices, Table 2 shows that they are positively correlated 
with WTI. However, the results showed a negative correlation with gold except for the 
S&P500, NIKKEI, and DAX30. Lastly, gold shows a negative correlation with crypto-
currencies except for Bitcoin and Maker, whereas WTI is positively correlated with all 
crypto-currencies except for Bitcoin and gold with which it is negatively correlated.

3.2  Empirical methodology

The first step in the econometric methodology is the unit root test, which helps deter-
mine the order of integration of a series due to the presence of a turning point in 
the price dynamics and also econometrics in selecting the model and the estimation 
method to use. For this purpose, we have used the breakpoint unit root test (Perron, 
1990), which helped for one structural break in the data. In fact, the results of this step 
are shown in Table 3 where we found that some of the variables are stationary in level 
while others are stationary in difference. This means that the results of the stationarity 
test show that there is a mixture of I(1) and I(0) of the underlying regressions.

Moreover, in this paper, we adopt the non-linear ARDL model of Pesaran et al. 
(2001)3 to establish the long-term relationship between the stock market prices and 
crypto-currencies. The advantage of using this model is that it employs only a single 
reduced form equation. On the other hand, the linear ARDL model permits to simul-
taneously obtain the long-term relationship and the short-term dynamics, however, 
under an asymmetric effect, the non-linear ARDL model allows giving the negative 
and positive long-term effects (respectively short-run).

Before moving on to the presentation of the non-linear ARDL model and the esti-
mation results, we mention that we have observed in the Box graph (from graph 16 
to graph 24) that there are outliers for several variables, which can make our results 
non-significant or unreliable. For this reason, this problem has been corrected.4

3 Is the extension of Auto Regressive Distributed Lag (ARDL) model of Pesaran and Shin (1995, 1999), 
Pesaran et al. (1996) and Pesaran (1997).
4 The first step is to detect the outliers using extremes or box plot graph by their commands in STATA. 
Then, we treat the outliers using winsorization and trimming outlier (we have to use the winsor2 com-
mand in STATA).
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3.3  The NARDL model

Following the arguments in subsection 3.2, we adopt the Non-linear Autoregressive 
Distributed Lag Model (NARDL). This model allows considering data series with 
mixed integration orders and it also allows modeling in separate forms the short and 
long-run effects of the explanatory variables.

The empirical model to estimate represents the stock prices in time t as follows:

where yt represent the dependent variable (the different stock prices), Xt represents 
the cryptocurrencies.

The NARDL model of Pesaran et al., (2001) allows accounting for the positive 
and negative effect of the explanatory variables and it is written as follows:

The question to ask is as follows: does the impact of the explanatory variables 
on the dependent variable have the same magnitude of changes in the two cases 
(positive and negative)? If the impact has the same magnitude of changes this 
means that the relationship is symmetric, if the impact has a different magnitude 
of changes this means that the relationship is asymmetric. The NARDL model 

(1)yt = f
(
Xt,GOLDt,WTIt

)

(2)

Δyt = �0 +

p∑
i=1

�1Δyt−i +

q∑
i=0

�2ΔX
+

t−i
+

q∑
i=0

�3ΔX
−

t−i
+ �yt−1 + �

+

1
X+

t−1
+ �

−

2
X−

t−1
+ �t.

Table 3  Break-point unit root 
test

* indicates that the series are stationary in 1% level

Series Level P-value Difference P-value Integra-
tion 
order

SP500 − 3.817 (0.2489) − 32.191* (< 0.01) I(1)
CAC40 − 4.178 (0.2704) − 26.011* (< 0.01) I(1)
NIKKEI − 5.41* (< 0.01) – – I(0)
DAX30 − 4.232 (0.2403) − 29.728* (< 0.01) I(1)
FTSE − 5.67* (< 0.01) – – I(0)
FTSEMIB − 4.64 (0.0901) − 25.850* (< 0.01) I(1)
SPTSX − 4.408 (0.164) − 33.005* (< 0.01) I(1)
Bitcoin − 3.700 (0.5646) − 29.796* (< 0.01) I(1)
Dash − 3.009 (0.9085) − 23.777 (< 0.01) I(1)
Monero − 3.850 (0.6184) − 30.070* (< 0.01) I(1)
Bitcoin gold − 4.042 (0.3459) − 29.191* (< 0.01) I(1)
Ethereum − 3.048 (0.8966) − 31.017* (< 0.01) I(1)
Litecoin − 3.668 (0.5849) − 25.272* (< 0.01) I(1)
Maker − 3.827 (0.4827) − 32.300* (< 0.01) I(1)
Ripple − 4.336 (0.3177) − 24.887* (< 0.01) I(1)
GOLD − 3.856 (0.4644) − 24.666* (< 0.01) I(1)
WTI − 5.485* (< 0.01) – – I(0)
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denotes the positive partial sum of changes in X by  X+ and the negative partial 
sum of changes in X by  X−.

The partial sum for increases and decreases can be represented as follows:

The asymmetric error-correction form of our empirical model as proposed by 
Pesaran et al. (2001) and Shin et al. (2014) is as follows:

The detection of short and long-run asymmetry can be obtained by the Wald 
test. A Wald F-statistics assume the hypothesis test of joint significance where:

If the F-statistics is greater than the critical values (Pesaran et al., 2001), the 
decision is the rejection of the null hypothesis and this means that a long-run 
relationship can exist. 

According to Banerjee et al. (1998), if the null hypothesis is rejected the long-run 
relationship can exist in the presence of an asymmetric effect.

Wald proposed a hypothesis test for the symmetric or asymmetric effect as 
follows:

We calculate the coefficient of long-run asymmetry:

X+

t
=

t∑
j=1

ΔX+

j
=

t∑
j=1

max
(
ΔXj, 0

)

X−

t
=

t∑
j=1

ΔX−

j
=

t∑
j=1

min
(
ΔXj, 0

)
.

(3)

Δyt = �0 +

p∑
i=1

�1Δyt−i +

q∑
i=0

�21ΔX
+

t−i
+

q∑
i=0

�22ΔX
−

t−i

+

q∑
i=0

�31ΔWTI+
t−i

+

q∑
i=0

�32ΔWTI−
t−i

+

q∑
i=0

�41ΔGOLD
+

t−i

+

q∑
i=0

�42ΔGOLD
−

t−i
+
(
�
+

11
X+

t−1
+ �

−

12
X−

t−1

)

+
(
�
+

21
WTI+

t−1
+ �

−

22
WTI−

t−1

)
+
(
�
+

31
GOLD+

t−1
+ �

−

32
GOLD−

t−1

)
+ �yt−1 + �t.

{
H0 ∶ � = �

+

11
= �

−

12
= �

+

21
= �

+

21
= �

−

22
= �

+

31
= �

−

32
= 0 ⇒ non cointegration

Ha ∶ � ≠ �
+

11
≠ �

−

12
≠ �

+

21
≠ �

+

21
≠ �

−

22
≠ �

+

31
≠ �

−

32
≠ 0.

{
H

0
∶ 𝜌 = 0

Ha ∶ 𝜌 ≺ 0.
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The hypothesis test for the long-run effect is:

The hypothesis test for the short-run effect is:

The Same hypothesis test goes for the short and long-run effect of Gold and WTI 
on stock prices.

4  Estimation results

We start analyzing first, the long- term asymmetric effect of the explanatory vari-
ables on the dependent variables, then, the short term effect and the error correction 
term.

The obtained results are reported in Tables 4, 5, 6, 7, 8, 9, 10, 11 and 12 respec-
tively. We also used the Wald test to examine the short and long-term asymmetry 
hypothesis. From the obtained results, we can draw many general conclusions. First, 
the existence of a co-integration relationship between all the variables for the differ-
ent estimated models because the coefficients of the long-term relationship are dif-
ferent from zero. Second, we can confirm the non-linearity relationship between the 
dependent variables and the explanatory ones, where the F-statistic (from Tables 6, 
7, 8, 9, 10, 11 and 12) appears to be significant, which indicates that the different 
stock prices are non-linearly co-integrated with crypto-currencies, gold, and WTI. 
Finally, as it is shown in Tables 4 and 5, we can confirm the existence of short and 
long term asymmetry effects of the different stock prices and the explanatory vari-
ables where we have obtained different coefficients of increasing and decreasing 
effects by the Wald test, so the null hypothesis of short and long term symmetric 
fluctuations is rejected.       

⎧
⎪⎪⎨⎪⎪⎩

−�
+

12

�
= LM+

1

=
−�

−

22

�
= LM−

1

.

⎧
⎪⎪⎨⎪⎪⎩

H0 ∶
−�

+

11

�
=

−�
−

12

�
⇒ symmetric effect of Xt−1 on yt in long-run

Ha ∶
−�+

�
≠

−�−

�
⇒ asymmetric effect of Xt−1 on yt in long-run.

⎧⎪⎪⎨⎪⎪⎩

H0 ∶
−�

+

21

�1

=
−�

−

22

�1

⇒ symmetric effect of Xt−1 on yt in short-run

Ha ∶
−�

+

21

�1

≠
−�

−

22

�1

⇒ asymmetric effect of Xt−1 on yt in short-run.
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According to the AIC and SIC information criteria,5 we have obtained the 
NARDL specification model.

The error correction term is negatively significant in all the estimated models and 
no autocorrelation problem is confirmed by the DW statistic.

Therefore, the above findings suggest that the stock prices asymmetrically 
respond to the crypto-currency movements in both the short and long run. Hence, 
this result is aligned with that of Bouri, Gupta et al. (2018) who found asymmetric 
and nonlinear correlations between Bitcoin and the aggregate commodity index, and 
between Bitcoin and gold prices.

4.1  The long‑term relationship (Tables 4 and 5)

Regarding the results shown in Table 4, the positive coefficient of Bitcoin is more 
important than the negative coefficient for all stock prices, except for the S&P500. 
This means that in the long run, stock prices, in general, respond only to rising Bit-
coin. This finding would improve the sensibility of stock prices to increases more 
than to decreases. Moreover, the asymmetric effect of Bitcoin is higher on CAC40 
(0.102) in comparison to other values.

On the other hand, Litecoin has an important positive asymmetric effect on CAC40, 
DAX30, and FTSE, but for the other stock prices, the values of the negative asymmet-
ric effect are higher. These results mean that the first group of stock prices respond 
more to the rising movements of Litecoin than to the decreasing ones. However, the 
second group of stock prices is more sensitive to the decreasing movements of Litecoin.

Concerning the asymmetric effect of Bitcoin gold, we found that the negative 
effect of the crypto-currency is higher than the positive one. This result means that 
all stock prices respond more to the decreasing movements of Bitcoin gold in the 
long run. Contrarily to the Bitcoin gold effect, the asymmetric effect of Maker on all 
stock prices shows that the positive effect is more important than the negative one, 
except for DAX30. This result implies that, in the long run, the stock prices are more 
sensitive to the increasing than to the decreasing movements of Maker.

Moreover, the values of the positive and negative asymmetric effects of Dash 
and Ethereum are mixed. In the long run, the stock prices sometimes respond 
more to the increasing movements of the two crypto-currencies while the other 
stock prices respond more to the decreasing ones. Therefore, we can conclude 
that the rising movements have a greater influence on the stock prices than the 
declining ones, meaning that crypto-currency movements can change the behav-
ior of the stock prices. In fact, according to Baur and Lucey (2010), the evi-
dence on the positive relationship between crypto-currencies and stock prices 
suggests a weak safe haven role for crypto-currencies in the long run. Therefore, 
this finding is in line with those of Bouoiyour and Selmi (2015) but contradicts 
that of some prior studies that used different models, such as that of Bouri, Jalkh 
et al. (2017) and Bouri, Molnár et al. (2017).

According to the results shown in Table 5, the values of the negative move-
ments of gold are higher than the positive ones on all stock prices accounting 

5 The best model is the one that has the lowest AIC and SIC values.
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for all crypto-currencies, except for the Bitcoin gold on NIKKEI and Maker 
on NIKKEI. This result means that the stock prices, in general, respond to the 
decreasing movements of gold more than to the increasing ones. Therefore, the 
negative relationship between stock and gold prices seems contradictory to the 
weak safe haven evidence shown above.

This means that gold can act as a good hedging instrument or a safe haven 
against stock prices. This could be partially explained by the fact that gold is still 
assumed to be uncorrelated with other assets, which is an important characteris-
tic in an age of globalization in which correlations among most asset types grew 
dramatically.

This result is therefore aligned with that of Baur and Lucey (2010), who sug-
gested that gold acts as a safe-haven in extreme stock market conditions, In fact, 
Baur and McDermott (2010) confirmed the safe-haven property of gold for the 
US and big stock markets in Europe, and more recently Ji et  al. (2020), who 
indicated that gold has remained robust (strong) as a safe-haven asset during the 
COVID-19 pandemic. However, this result contradicts that of Jeribi and Snene-
Manzli (2021), who indicated that gold was neither hedge nor a safe haven for 
the Tunisian investors during the COVID-19 outbreak. It also contradicts the 
results of Shahzad et  al. (2019) who found that gold is a weak safe haven and 
Cheema et al. (2020) who found that gold fails to protect the investors’ wealth 
during the COVID-19 pandemic.

Inversely, the values of the positive movements of WTI are more important 
than the negative ones on all the stock prices accounting for all crypto-curren-
cies, except for the Bitcoin gold on FTSEMIB and on NIKKEI, Maker on NIK-
KEI, Dash on NIKKEI, and Ethereum on NIKKEI. This result means that the 
stock prices, in general, respond to the increasing movements of WTI more than 
the decreasing ones. Like in the case of crypto-currencies, this finding suggests 
a weak safe haven role for the Oil index in the long run, which implies that this 
result is in line with that of Ciner et al. (2013), who suggested that, in general, 
oil does not act as a safe haven asset for the stock markets. Moreover, the positive 
asymmetric relationship captured between crypto-currencies/WTI and the stock 
market indices suggests a diversifier role of these assets against the stock prices.

Therefore, based on the values shown in Tables 4 and 5, we can affirm that 
among all the stock market prices, FTSEMIB is more sensitive to the different 
crypto-currencies, gold, and WTI. This can be explained by the higher effect of 
the COVID-19 pandemic in Italy more than in the other countries.

4.2  The short‑run effect (Tables 6, 7, 8, 9, 10, 11 and 12)

Table 6 shows the results of the short-term relationship between the S&P500 and the 
chosen crypto-currencies. All the error correction terms are negatively significant. 
The coefficient of the co-integration equation is defined as the speed adjustment 
where the dependent variable returns converge towards the equilibrium level. On the 
other hand, the error correction term connects the deviation of the last period rela-
tive to the long-term equilibrium, which can influence the short-term dynamics of 
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the dependent variable. Therefore, the variation of the S&P500 in the last period is 
negatively significant in general. However, in the short run, only Litecoin can have 
a positive asymmetric influence on the S&P500, and this stock price responds to the 
negative movements of gold for all the crypto-currencies.

Table 7 shows the results of the short-term relationship between CAC40 and the 
chosen crypto-currencies where all the error correction terms are negatively sig-
nificant. In the short run, only Bitcoin and Maker can have a positive asymmetric 
influence on the CAC40, and this stock price responds to the positive movements of 
gold for all the crypto-currencies. Then, Table 8 shows the results of the short-term 
relationship between DAX30 and the chosen crypto-currencies where all the error 
correction terms are also negatively significant. Moreover, in the short run, Bitcoin 
and Litecoin have a positive asymmetric effect on DAX30 more important than the 
decreasing movement, however, Maker negatively and asymmetrically influences 
DAX30, and this stock price responds to the negative movements of gold for all the 
crypto-currencies.

Table 9 shows the results of the short-term relationship between FTSE and the 
chosen crypto-currencies where all the error correction terms are negatively signifi-
cant. In the short run, only Bitcoin and Maker have a positive asymmetric effect on 
FTSE more important than the decreasing movement, and this stock price responds 
to the positive movements of gold for all the crypto-currencies.

As for Table  10, it shows the results of the short-term relationship between 
FTSEMIB and the chosen crypto-currencies where all the error correction terms are 
also negatively significant. In the short run, only the Bitcoin and Maker have a posi-
tive asymmetric effect on FTSEMIB, and the latter responds to the positive move-
ments of gold for Bitcoin, Litecoin, and Bitcoin gold models and responds to the 
negative movements of gold for the other crypto-currencies models. On the other 
hand, Table  11 shows the results of the short-term relationship between NIKKEI 
and the chosen crypto-currencies where all the error correction terms are negatively 
significant. In the short run, only Litecoin has a positive asymmetric effect on NIK-
KEI, and the latter responds only to the negative movements of Bitcoin and Maker.

Finally, Table 12 shows the results of the short-term relationship between SPTSX 
and the chosen crypto-currencies where all the error correction terms are also nega-
tively significant. In the short run, only Litecoin has a positive asymmetric effect on 
SPTSX, and the latter responds to the negative movements of Bitcoin and Maker.

Therefore, based on the results shown in Tables  6, 7, 8, 9, 10, 11 and 12, we 
can conclude that crypto-currencies can influence the seven stock prices in the long 
run more importantly than in the short run. In addition, we have concluded that in 
the short run, only Bitcoin, Litecoin, and Maker have an asymmetric effect on the 
chosen stock prices. In most cases, these three digital assets have an asymmetric 
positive effect on the chosen stock prices. This result indicates that Bitcoin, Lite-
coin, and Maker do not act as good hedging and safe-haven assets for stock markets. 
Therefore, this result seems to be aligned with those of Brière et al. (2015), Bouri, 
Jalkh et  al. (2017), Kajtazi and Moro (2018), Guesmi et  al. (2019), Charfeddine 
et al. (2020), among others, who suggested a significant portfolio diversification and 
risk management gains when a crypto-currency, especially Bitcoin, is incorporated. 
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Moreover, these findings demonstrate that positive and negative returns of gold sig-
nificantly affect the stock markets in the short run. Therefore, the null hypothesis of 
short-term symmetry is rejected for most cases, suggesting that short-term positive 
and negative returns of gold have asymmetrical effects on the stock markets.

Moreover, the negative asymmetric short effect of gold dominates the positive 
one, improving the hedging and safe-haven role of gold. As a consequence, this find-
ing supports the results in the long run presented above.

4.3  Multiplier impact

The graphs of the multiplier impact trace the dynamic response of stock prices fol-
lowing the negative and positive shocks of crypto-currencies.

By analyzing Fig. 1 of the multiplier impact of Bitcoin on the stock market prices, 
we can see that the effect of positive shocks on all the stock prices, except for the 
S&P500, dominates that of negative ones. However, in the long run, the asymmetric 
response of the different stock prices to Bitcoin shocks is far from zero, which con-
firms the results of the estimated coefficients.

By analyzing Fig.  2 of the multiplier impact of Litecoin on the stock market 
prices, we see that the effect of positive shocks dominates that of negative only in 
the case of CAC40, DAX30, and FTSE. However, in the other stock prices, the effect 
of negative shocks dominates. We can conclude that the stock indexes are more sen-
sitive to a decline in the value of Litecoin than to an increase. Nevertheless, CAC40, 
DAX30, and FTSE are more sensitive to the increasing movements of Litecoin. The 
asymmetric response of the different stock prices to Litecoin shocks is far from zero 
in the long run, which confirms the results of the estimated coefficients.

By analyzing Fig. 3 of the multiplier impact of Bitcoin gold on the stock market 
prices, we see that the effect of negative shocks dominates that of positive ones in 
all stock indexes except for the S&P500. We can conclude that the stock prices are 
more sensitive to a decrease in the price of Bitcoin gold than to an increase. Never-
theless, the S&P500 is more sensitive to the increasing movements of Bitcoin gold. 
This result is opposite to the asymmetric response of all the stock indexes to Bitcoin, 
which confirms the results of the estimated coefficients.

On the other hand, by analyzing Fig. 4 of the multiplier impact of Maker on 
the stock markets, we see that the effect of positive shocks dominates that of neg-
ative ones in all stock prices, except for the S&P500 and DAX30. The asym-
metric response of the different stock markets to Maker shocks is far from zero 
in the long run. We can conclude that the stock markets are more sensitive to an 
increase in the price of Maker than to a decline. Nevertheless, the S&P500 and 
DAX30 are more sensitive to the decreasing movements of Maker. This result is 
very similar to Bitcoin shocks on all the stock indexes.

By analyzing Fig.  5 of the multiplier impact of Dash on the stock market 
prices, we show that the effect of negative shocks dominates that of positive ones 
in the case of the S&P500, DAX30, FTSE, and FTSEMIB. However, in the other 
stock markets, the effect of positive shocks dominates. The asymmetric response 
of the different stock markets to Dash shocks is far from zero in the long-term 
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Fig. 1  Multiplier impact of Bitcoin on stock prices
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relationship, which confirms the results of the estimated coefficients. Figure  5 
proves that the stock prices are more sensitive to a decrease in the value of Dash 
than to an increase. Nevertheless, the S&P500, DAX30, FTSE, and FTSEMIB are 
more sensitive to the increasing movements of Dash.

Figure 6 of the multiplier impact of Ethereum on the stock indexes indicates that 
the effect of negative shocks dominates that of positive ones in all stock markets, 
except for CAC40 and FTSE. The asymmetric response of the different stock prices 
to Ethereum shocks is far from zero in the long run, which confirms the results of 
the estimated coefficients. Figure 6 confirms that the stock indexes are more sensi-
tive to a decrease in the value of Ethereum than to an increase. Nevertheless, CAC40 
and FTSE are more sensitive to the increasing movements of Ethereum.

Fig. 2  Multiplier impact of Litecoin on stock prices
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Fig. 3  Multiplier impact of Bitcoin gold on stock prices
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According to these graphs, we can observe that there is a significant shock trans-
mission between crypto-currencies and the different stock markets. Therefore, we 
can conclude that the majority of the stock prices respond more to the negative 

Fig. 4  Multiplier impact of Maker on stock prices
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shocks of crypto-currencies than to the positive ones. Therefore, this result looks 
aligned with those of Baur and Dimpfl (2018), Umar et al. (2020), Sami and Abdal-
lah (2020), Kurka (2019), and Fakhfekh and Jeribi (2019), among others.

Fig. 5  Multiplier impact of Dash on stock prices
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Fig. 6  Multiplier impact of Ethereum on stock prices
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5  Conclusion

Practitioners and scholars have recently begun to investigate the relationship 
between crypto-currencies and stock markets. However, little has been written 
about the asymmetric effect of crypto-currencies on the G7 stock indexes. Using the 
NARDL model for the period ranging from 01 January 2019 to 23 February 2021 
(including the COVID-19 pandemic period), we uncovered asymmetric correlations 
between the stock indexes and digital assets in both the short and long run.

In the long run, our results revealed that the rising movements of crypto-curren-
cies have an influence on the stock prices greater than the declining ones. Therefore, 
this positive asymmetric relationship between the digital and financial assets sug-
gests a weak safe haven role for crypto-currencies in the long run. As for gold, the 
results indicated that the stock prices, in general, respond to the decreasing move-
ments of gold more than the increasing ones. Therefore, this negative asymmetric 
relationship between the stock indexes and gold prices leads to the conclusion that 
gold can act as a good hedging instrument or a safe haven against the stock markets. 
Moreover, our results suggested a weak safe haven role for the oil index in the long 
run. Whereas, in the short run, the results revealed that only Bitcoin, Litecoin, and 
Maker have an asymmetric effect on the selected stock prices with a positive effect 
in most cases. In fact, this result makes us conclude that these digital assets do not 
act as good hedging and safe-haven instruments for the stock markets. Inversely for 
gold, the negative asymmetric short-term effect of gold dominates the positive one, 
improving the hedging and safe-haven role of the yellow metal. Therefore, these 
findings support the results of the long run presented above.

On the other hand, while examining the dynamic response of the stock indexes to 
the negative and positive shocks of crypto-currencies, we concluded that the major-
ity of the stock prices respond to the negative shocks of crypto-currencies more than 
to the positive ones.

Finally, our study indicated that crypto-currencies and commodities (gold and 
WTI) are significant driving factors for the stock markets. Therefore, these results 
are consistent with the literature stating that safe-haven assets can change over time 
and across countries, for this reason, they can be useful for investors when they 
decide to implement diversification strategies.
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