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1. Introduction

In recent years, the



relevant in a market as volatile as the cryptocurrency market, especially in periods of

economic crisis such as the period affected by the COVID-19 pandemic. Consequently,






positive and negative changes in Bitcoin returns on most altcoins returns. Thus, the
NARDL approach explains about 50% of the other cryptocurrency returns with changes
in Bitcoin returns. Demir et al. (2021) also use the Nonlinear Autoregressive Distributed
Lag (NARDL) model to study the asymmetric effect of Bitcoin on three altcoins. They
find an asymmetric impact of Bitcoin on altcoins both in the short-run and in the long-
run. Specifically, in the short run, a decrease in Bitcoin price has a greater effect than an

increase on the prices of altcoins.

Within this first branch, we also find works that use different methodologies to study the

connectedness between cryptocurrencies. Omane-



stock markets. Thus, there is evidence of connectedness between several virtual

currencies.

Some empirical papers, such as Chaim and Laurini (2019), apply a multivariate stochastic
volatility model with discontinuous jumps to mean returns and volatility and state that the
returns and volatility dynamics of relevant cryptocurrencies (Bitcoin, Ethereum, Ripple,
Litecoin, Stellar, Dash, Monero, NEM, and Verge) is featured by large fluctuations in
price, and long memory in volatility. More evidence of return and volatility spillovers can
be found in Tu and Xue (2019). They examine potential interdependencies between
Bitcoin and its substitute, Litecoin, by using the Granger causality test and a BEKK-

MGARCH model. They find return and volatility spillovers only from Bitcoin to Litecoin.

Finally, within the connectiveness financial literature, recent papers focus their analysis
on the pandemic crisis period caused by the COVID-19, such as Shahzad et al. (2021)
who study the daily return spillover among 18 cryptocurrencies under low and high
volatility regimes by applying a Markov regime-switching (MS) vector autoregressive
model with exogenous variables (VARX). The empirical results provide evidence of
strong spillovers across the cryptocurrency markets in low and high volatility regimes,
especially during the COVID-19 outbreak. Yousaf and Ali (2020) analyse the return and
volatility spillover between three major cryptocurrencies (Bitcoin, Ethereum, and
Litecoin) during the pre-COVID-19 period and the COVID-19 period by implementing
the VAR-AGARCH model to intra-day data. They find that the constant conditional
correlations between all pairs of cryptocurrencies are observed to be higher during the
COVID-19 period. Moreover, the hedging effectiveness is higher during the COVID-19
period. They highlight that their findings provide useful information regarding portfolio
diversification, hedging, forecasting, and risk management. Corbet et al. (2020) study
potential interdependencies between the largest cryptocurrencies by applying the standard
GARCH model. They find evidence that relevant cryptocurrencies not only provide
diversification benefits for investors but also acted as a safe-haven during this pandemic
COVID-19 crisis period, a period characterised by marked financial market stress. In
contrast, Conlon and McGee (2020), who analyse Bitcoin properties by employing the
two-moment value at risk (VaR) method, suggest that Bitcoin does not act as a safe
alternative asset as Bitcoin decreases in price in lockstep with the S&P 500 as the COVID-
19 crisis develops. So, their empirical findings cast doubt on the ability of Bitcoin to






and Gold prices on the price of Bitcoin. Moreover, they extend the NARDL model to a
quantile framework to test for distributional asymmetry and to account for short- and
long-run asymmetries. They indicate that Bitcoin price movements can be predicted based
on price information from an aggregate commodity index and Gold prices and suggest
the need to apply non-standard cointegration models to uncover the complexity and

hidden relations between Bitcoin and other



returns by including them, especially as we move into a severe financial crisis. This is a
gap that we address in this paper. We expect that the connectiveness between
cryptocurrencies and Gold will increase during the COVID-19 crisis period. In addition,
according to Demir et al. (2020) and Gonzalez et al. (2020a), among others, increases and
decreases in the Bitcoin price may have different effects on altcoins, so in the present
study it would be interesting to look for the presence of an asymmetric effect of Gold
price returns on Bitcoin and other major altcoin returns in the short- and long-run. We
intend to accomplish this by applying the NARDL approach (Jarefio et al., 2020).
Moreover, these previous studies suggest that potential asymmetric interdependencies

between cryptocurrency and G



Figure 1 plots the time evolution of the cryptocurrencies’ daily prices to the end of June
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position over the other virtual currencies, with a share of over 64% in the cryptocurrency

market.

Table 2 collects the descriptive statistics and unit root tests of the twelve cryptocurrency
returns for daily data for the entire sample period. All cryptocurrencies show similar
positive mean log-returns, except for Cardano, EOS, Bitcoin_cash and Tezos that show
low but negative mean values. The highest positive mean return is for CRO. Meanwhile,
XRP and Bitcoin_sv show the highest standard deviations (more than 10%), and Gold
shows the lowest standard deviation. About half of the cryptocurrency returns show
positive skewness, and all the cryptocurrency and Gold price returns exhibit excess
kurtosis. The standard Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) unit
root tests and the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) stationarity test confirm

that all variables are stationary.
[Please, insert Figure 2 about here]

[Please, insert Table 2 about here]

3.2. Methodology

To study the asymmetric interdependencies between the twelve most popular
cryptocurrency and Gold price returns, the nonlinear autoregressive distributed lag
(NARDL) model developed by Shin et al. (2014) is applied to simultaneously capture

both long- and short-run asymmetries between these variables.

According to Shin et al. (2014) and Jarefio et al. (2019), this methodology enables us to
measure the separate responses to positive and negative shocks of the regressors from the
asymmetric dynamic multipliers. More specifically, the asymmetric long-run regression
between the top twelve cryptocurrencies and Gold price returns is an approach to
modelling asymmetric cointegration based on partial sum decompositions:

Rjt= 0o + a*-GR" + aGRy + ¢&jt [1]
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form maps the gradual movement of the process from initial equilibrium through the

shock and towards the new equilibrium.
4. Results

This section reports the NARDL model estimates between daily Gold price returns and
the top 12 cryptocurrency returns for the whole sample period from January 2015 to June
2020 in the first sub-section, for the
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Gold price returns for one to four lags on the top twelve cryptocurrencies in columns 7

and 8, respectively and the Adjusted R? of each cryptocurrency in the last column.

[Please, insert Table 3 about here]

The Pearson correlation coefficients reported in column 2 show that the null hypothesis
of no correlation (Ho: PCorr=0) is rejected at the 1% statistical significance level by all
the top twelve cryptocurrencies except for Tether. A positive correlation is observed
between Gold price returns and the remaining eleven cryptocurrency returns with Pearson
correlation coefficients between 14.48% (Bitcoin_SV) and 29.67% (Bitcoin). The
Pearson correlation coefficients show values higher than those obtained in previous

similar studies, such as Jarefio et al. (2020),
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responds more and moves in the same direction to positive and negative changes as Gold

price returns.

The Wald test for studying long-run symmetry provided in column 5 shows that the null
hypothesis of long-run symmetry (
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Table 4 shows the regression results of the NARDL models and the asymmetry and
cointegration tests between Gold price returns and the top twelve cryptocurrency returns
for the heart of the COVID-19 pandemic crisis sub-period from March 1 to June 20, 2020.

This table has the same organization as table 3.
[Please, insert Table 4 about here]

The second column of Table 4 shows the Pearson correlation coefficients between Gold
price returns and the top twelve cryptocurrency returns and states that the null hypothesis
of no correlation is rejected by all cryptocurrencies except, once again, for Tether. Thus,
except for Tether, there is a positive correlation, ranging from 32% to 45.95%, between
Gold price returns and cryptocurrency returns at the 1% significance level. This result
suggests that the largest cryptocurrencies would exhibit a higher level of correlation with
Gold prices during the epicentre of the COVID-19 crisis than the whole sample from
January 2015- June 2020.

The third column of Table 4 reports the Wald’s F test for the presence of cointegration
and this test shows that the null hypothesis of no cointegration is rejected by all
cryptocurrencies except for Tezos. Additionally, the long-run coefficients of changes in
Gold price returns are positive and statistically significant at 1% level for ten out of the

eleven significant cryptocurrencies for this pandemic crisis sub-period.

The fourth column of Table 4 reports the cointegration equation between Gold price
returns and the top twelve cryptocurrency returns and shows that all cryptocurrency
returns respond in the same direction as Gold to positive and negative changes in Gold
price returns. Additionally, most cryptocurrency returns respond more to negative
changes in Gold price returns because all of them have a larger negative response
coefficient. For instance, a 10% increase in Gold price returns is related to a 1.5% increase
in Cardano returns but a 10% decrease in Gold price returns leads to a 15.7% decrease in
Cardano returns. Moreover, the long-run elasticities for the cumulative sum of positive
and negative changes in Gold price returns are statistically significant for most
cryptocurrencies. Most coefficients are positive, except for Tether which has negative
coefficients. Bitcoin_sv shows the largest coefficients (58% and 72%) meaning that
Bitcoin_sv responds the most and moves in the same direction to positive and negative

changes in Gold price returns
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The fifth column of Table 4 exhibits the Wald test for long-run symmetry and shows that
the null hypothesis of long-run symmetry is rejected by ten out of twelve
cryptocurrencies. The significant coefficients are positive and are significant at either the
1% or 5% levels. Therefore, there is strong evidence of the asymmetric long-run impact
of Gold price returns on these ten cryptocurrency returns during the epicentre of the
COVID-19 crisis.

The sixth column of Table 4 reports the Wald test for short-run symmetry and shows that
the null hypothesis of short-run symmetry is rejected by Tm 605.r 0 0Qq0.000008871 0 eQqG14r e0 (
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4.3. Results of the NARDL models: expanded COVID-19 pandemic crisis subperiod
(January 1-June 30, 2020)

Table 5 shows the regression results of the NARDL models and the asymmetry and
cointegration tests between Gold price returns and the top twelve cryptocurrency returns
for the expanded COVID-19 pandemic crisis sub-period from January 1 to June 30, 2020.
This COVID-19 sub-period includes not only the most virulent moment of the first wave
of the COVID-19 disease, but also some previous months, when we knew about the
existence of the coronavirus, but only gradually realised its significance. Therefore, this

subperiod includes a period of pre-crisis and the period of true pandemic crisis.

[Please, insert Table 5 about here]

The Pearson correlation test reported in the second column of Table 5 finds a positive and
statistically significant relation between Gold price returns and all the cryptocurrency

returns. Most of the correlations are statistically
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shows negative coefficients. Finally, Bitcoin_sv exhibits the largest coefficients (5.03 and
5.81) and it responds more and in the same direction to positive and negative variations
in Gold price returns.

The results of the Wald test for testing the long-run symmetry, reported in the fifth column

of Table 5, show that the null hypothesis of long-run symmetry is rejected by
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cryptocurrency returns is
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cryptocurrencies returns. Finally, the NARDL model explains an increasing amount of
the response of cryptocurrency returns to Gold returns as we move into the epicentre of
the COVID 19 crisis. In particular, the NARDL model explains more than 12%, 38% and
49% of the cryptocurrency returns with changes in Gold price returns for the whole
sample period, the expanded COVID-19 crisis sub-period and the epicentre of the first
wave of the COVID-19 crisis respectively.

These results confirm our initial hypothesis that connectedness between Gold price
returns and cryptocurrency returns is enhanced during economic turmoil, such as the
COVID 19 crisis. These results have important implications for implementing investment

strategies using cryptocurrencies with hedging, diversification, and/or safe haven roles.

According to these results, virtually all cryptocurrencies 0 59sh1l 226.49 841.927ent
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of cryptocurrencies for investments in assets highly connected with cryptocurrencies
especially if the study incorporates information concerning the stability and the
asymmetric response of the connectives between the cryptocurrency and the asset to be
hedged. A final extension would explore the diversification or even safe haven properties
of cryptocurrencies that are less connected to other financial assets where we note Tether

could be a candidate for this study.
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Table 2. Descriptive statistics of cryptocurrency and Gold price returns

Mean Median Max. Min. Std. Dev. Skewness Kurtosis JB stat. ADF stat. PP stat. KPSS stat.

Bitcoin returns 0.0026 0.0021 0.2276 -0.4973 0.0462 -0.9721 16.0815 9889 -38.212™* -38.211™ 0.1579
Ethereum returns 0.0028 -0.0004 0.3925 -0.5896 0.0714 -0.111015






Table 4. Regression results of non-
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Table 5. Regression results of non-linear ARDL models: asymmetry and cointegration tests between 12 different cryptocurrency returns and gold returns:
expanded COVID-19 sub-period (from January 1 to June 30, 2020)

Cryptocurrencies PCorr Coint Eq LAsym SAsym Lags* Lags- Adj. R?
- - - et: 21441 - - . -
Bitcoin 0.3922 43173 o 2 6389 ™ 3.7226 7.1339 - (3): -1.8804 0.3825
Fkk Kk e+: 2-0619 * Kkk *kk
Ethereum 0.3977 3.4323 o 2 4635 * 1.7476 6.7805 - (3): -2.5446 0.3855
Fkk Kk e+: 2.5739 - Kkk
XRP 0.3353 2.7701 o 30487 1.9330 5.8109 -
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Figure 1. Time evolution of the cryptocurrency and gold price returns



Figure 3. Analysis of the Quantile Dependence in the study of the asymmetric interconnection between cryptocurrency returns and changes in Gold prices
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Notes: The horizontal axis shows the quantiles of the conditional distribution of cryptocurrency returns and the vertical axis the magnitude of the estimated sensitivities to
fluctuations in statistically significant explanatory variables related to gold price returns extracted from the NARDL estimates by considering cumulative sum of positive and
negative changes in Gold prices (DGOLD_P and DGOLD_N), positive and negative changes (GOLD_P and GOLD_N) and potentially relevant lags () of them.
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Figure 4. Asymmetric Dynamic Multipliers for the whole sample period: impact of positive and negative Gold price changes on Cryptocurrency returns
Bitcoin-Gold Ethereum-Gold XRP-Gold
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price, interest rate, USD strength, and
S&P500
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Adebola et al.

(2019)

and agricultural commodities-and
leading cryptocurrencies (Bitcoin,

Ethereum, Ripple, Stellar and
Litecoin)

To analyse the relationship between
twelve cryptocurrencies and gold
prices

Ethereum, Ripple, Stellar and Litecoin.

Energy, metals (include Gold) and

agricultural

Commodities.

Daily data from August 15, 2015 to

September 27,

2018

Daily dataset: Bitcoin, Bitshare, Bytecoin,
Dash, Ether, Litecoin, Monero, Nem,
Ripple, Siacoin, Stellar, Tether and Gold.

Sample period from April 28, 2013 to

March 29, 2018
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Fractional integration and
cointegration techniques.

whereas metals react the least to information flow in the
system.

Cryptocurrencies are integrated within broadly-defined
commodity markets.

Evidence of mean reversion in gold prices and also in
some of the cryptocurrencies; however, cointegration is
only found in a few cases with a very small degree of
cointegration in the long run relationship



