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Abstract: The present study investigated whether the crypto market is a safe haven. The study 
argues that during the first wave of the COVID-19 crisis, gold and oil, as typical global commodities, 
could have been diversifiers. The study developed a unique COVID-19 global composite index that 
measures COVID-19 pandemic time-variant movements on each day. The study used OLS (ordinary 
least squares), quantile, and robust regressions to check whether the COVID-19 crisis has had any 
significant direct influence on the crypto market. The OLS, quantile, and robust regressions 
estimates confirmed that there was no statistically significant direct influence of the COVID-19 crisis 
on the crypto market in the first wave period. However, the study found spillovers from risky assets 
(S&P 500) on the crypto market, with Tether as an exception. Due to this special characteristic, 
Tether might present a safe haven within the crypto market. 
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1. Introduction 
The coronavirus disease of 2019 (COVID-19) was detected in Wuhan, China at the 

beginning of December 2019. However, it was officially reported for the first time to the 
world by the World Health Organization (WHO 2020) on 31 December 2019. Within a 
month, WHO declared the COVID-19 outbreak as a public health emergency of 
international concern at their second meeting of the Emergency Committee (WHO, 
2020). The virus had already spread to all parts of the world, and on 11 March 2020, WHO 
declared it as a global pandemic. Fear and panic did not bypass the world economy. The 
Dow Jones Industrial Average Index downscaled more than 40% from 29.348 on 19 
February to 18.591 on 23 March 2020 (MarketWatch 2020). A similar trend was observed 
for S&P 500 (downscaled from 3.386 to 2.237) and other well-known world indices during 
the same period.  

The global scientific and business community believes that the world economy will 
have one of the biggest crises ever. Financial markets, airline industries, SMEs, tourism 
and hospitality, services, construction, and mortgage sectors all recorded a large drop in 
the first quarter of 2020. According to [1], this crisis is a “Black Swan” event, as originally 
described by [2]. The study by [1] argued that this event was expected to have an extreme 
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impact that lies outside the area of regular expectations. Several studies have focused on 
the existence of this issue during crises [3–5] and epidemic diseases [6,7]. 

The global demand for many goods and services has plummeted due to a large 
portion of the population is in quarantine across the globe. The government imposed strict 
social distancing measures in an attempt to prevent the spread of the disease. The 
recession has hit many sectors and businesses. In the first quarter of 2020, the world oil 
and gas sectors faced a deep recession due to its falling demand caused by the ongoing 
pandemic and policy failures of the OPEC countries. On 20 April 2020, the West Texas 
Intermediate futures (WTI futures) contract had slumped from $17.85 a barrel to -$37.63 
(Bloomberg, 2020). For the first time in history, oil futures became negative and oil prices 
dropped below 1985’s minimum. However, gold shows a different trend. According to 
Bloomberg, after a short fall in gold’s price in early March ($1500 and less per ounce). The 
gold price rose continuously and exceeded $1700 within a month after. The Bank of 
America raised its 18-month gold price target to $3000 (Bloomberg).  

It is important to look at how cryptocurrencies behave in this situation. The greatest 
challenge that lies in the context of the ongoing COVID-19 crisis is to find a “safe 
haven”. A safe haven is supposed to be immune to this crisis and protect the value of 
assets of investors. Several studies have shown that cryptocurrencies (especially Bitcoin) 
have no hedging or safe haven capabilities [8,9]. According to the study of [10], Bitcoin 
has fewer characteristics as a hedge and safe haven compared to gold. Moreover, it is not 
the best instrument to hedge structural crude oil price shocks (compared to gold) [11]. 
Cryptocurrencies showed a higher correlation with riskier assets between the period of 
March and April 2020 (Bloomberg). Bitcoin slumped from $8000 to -$4000 in a few days 
in mid-March 2020. However, within a month, Bitcoin hit strong resistance around $7500, 
as market players reacted positively to the news that COVID-19 outbreaks had started to 
stabilize in some of the worst affected countries. This is in accordance with the authors of 
[12], who stated that Bitcoin is a highly volatile asset with extreme price dynamics and 
price clustering. It shows a positive correlation with downward markets [10]. This unique 
situation will stimulate numerous studies in the future to test the speculative activity of 
investors and their real influence on global market prices [13]. According to preliminary 
data, investors have no strong speculative impact on global market prices during a 
pandemic crisis. 

The present study was inspired by the following two questions: “Is there any safe 
haven for cryptocurrencies during a pandemic crisis?”, and “Which cryptocurrency can 
be used for hedging?” The study investigated the connection of cryptocurrencies to gold 
and oil during the first wave of the pandemic (the first 6 months) along with the response 
of financial markets to these variables. To examine the impact, the study used mean-based 
OLS regression, conditional median-based quantile regression, and robust regression for 
additional robustness checks. Moreover, depending on the regression results, the study 
applied the model that was most suitable for the tested variables (in the case of high tail 
value estimations). The study also examined the co-movement and contagion effect 
between cryptocurrency pairs using wavelet coherence diagrams. Thus, the goal of the 
study was to examine all such interdependencies that arose (in the first wave of the crisis) 
due to the ongoing COVID-19 crisis to support future studies. The COVID-19 crisis seems 
to be ongoing and is about to reach its three highest peaks across the globe. The present 
study developed a composite COVID-19 index to answer the fundamental question “How 
should one measure the effect of COVID-19 globally?” The study findings have both 
scientific and practical significance, bearing in mind the development of financial theory 
in the field of crises and cryptocurrencies (theoretical), on the one hand, and investor 
reactions to the shocks (practical) on the other. The study adds value to the existing 
literature by creating a COVID-19 global composite index and examining the impact of 
the ongoing COVID-19 crisis on the crypto market. More specifically, the present study 
contributes by investigating more specific crypto market issues, such as if the crypto 
market is a hedge or safe haven. 
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2. Theoretical Background 
The influence of the COVID-19 crisis on cryptocurrency has been studied by several 

authors in the last few months [6,12]. The study by [6] considered five cryptocurrencies to 
investigate herding biases by quantifying the self-similarity intensity of cryptocurrency 
returns’ during the COVID-19 pandemic. The study found that the COVID-19 crisis has 
had a positive impact on the efficiency of the cryptocurrency market. To test the influence 
of the COVID-19 pandemic on cryptocurrency market efficiency, the study used the 
following methodologies: a multifractal detrended fluctuation approach, the Magnitude 
of Long memory index, and the generalized Hurst exponent. The study also highlighted 
that Bitcoin was more efficient before the COVID-19 crisis. Likewise, Ethereum was more 
efficient during and after the outbreak of the COVID-19 crisis. The study by [14] analyzed 
the impact of the COVID-19 crisis on 15 equity indices, 4 bond benchmark indices, 9 
precious metals, and 3 cryptocurrencies (Bitcoin, Ethereum, and Litecoin) using a quantile 
autoregression model. The study found that the COVID-19 crisis could be a “Black Swan” 
event, especially for cryptocurrencies. Corbet et al. [12] found that there is negative 
sentiment toward COVID-19 and cryptocurrency returns. The study also highlighted that 
investors could have benefitted from the investment diversification, as digital assets 
(social media) acted as a safe haven in comparison to precious metals during previous 
crises (similar to the case of a “Black Swan”). The study used a standard GARCH model 
(generalized autoregressive conditional heteroskedasticity) and the Python package to 
derive the above inference. The study by [15] forecasts the impact of COVID-19 will be 
huge, both economically and socially. However, the study does not entirely support the 
findings of the previous studies that the COVID-19 pandemic can be seen as a “Black 
Swan” event. This is due to the fact that this crisis is totally unexpected, with strong 
impacts not only on the global economy and finance but also a health crisis. In the study 
of [16], wavelet methods were applied to examine the impact of COVID-19 on Bitcoin 
prices. The study used daily data of COVID-19 world deaths and daily Bitcoin prices from 
31 December 2019 to 29 April 2020. The study found that the COVID-19 pandemic affected 
the price growth of Bitcoin. Hereafter, this section additionally discusses the theoretical 
explanations concerning cryptocurrency behavior, methodologies, and studies that 
analyzed precious metals and cryptocurrencies. 

The crypto market is very volatile, especially with its most famous currency, Bitcoin. 
Bitcoin is mostly used for speculative purposes, which causes high volatility and market 
bubbles [17–19]. Given the growing interest in Bitcoin, it is important to choose a reliable 
model to forecast the risk of such an investment. By using specifications that can account 
for structural breaks in GARCH, namely Markov switching GARCH models, the authors 
of [20] analyzed Bitcoin daily log returns exhibiting regime changes in their volatility 
dynamics. Because of such dynamics, it is important to explore ways to reduce the level 
of risk of an investment in Bitcoin and to hedge or discover some factors that can influence 
the price movement of Bitcoin. 

Tether is the only important stable coin on the crypto market with significant market 
capitalization. Tether is purportedly backed by USD (US dollar) reserves, but there is no 
clear evidence of it. The study by [21] tested two hypotheses regarding the role of a Tether 
in the crypto world, especially on Bitcoin. The first hypothesis put forward was that 
demand is driven by the idea that Tether is being used as a medium of exchange for fiat 
currency’s entry into the crypto world. The second hypothesis was that Tether flows cause 
positive Bitcoin returns. The obvious argument behind this is that Tether is being printed, 
without support, in USD, and is pushed out into the market with an inflationary effect on 
asset prices. This is in accordance with the study of [22], which has shown that none of 
the exposures to macroeconomic factors, stocks markets, currencies, or commodities can 
explain cryptocurrency prices. On the other hand, [21] found in their study that Tether 
has a sizable impact on Bitcoin prices. These findings are generally consistent with the 
evidence that sophisticated investors may earn profit from the bubbles [23]. 
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This is interesting due to the fact that [24–26] claim that in some situations, the 
speculative activity of investors will not be the main reason for volatilities on global 
market prices. Similarly, according to [18,27,28], cryptocurrencies are characterized by 
extreme volatilities and bubbles, price jumps [29], co-explosivity [30], and strong 
speculative targets (especially Bitcoin, Ethereum, and similar cryptocurrencies). However, 
cryptocurrencies are not only currencies but also assets [28,31,32] and an investment 
destination for investors [12]. The study by [33] analyzed returns and volatility spillovers 
between Bitcoin and four major global asset classes (stocks, commodities, currencies, and 
bonds). The study used the VAR GARCH-in-mean model (value-at-risk in generalized 
autoregressive conditional heteroskedasticity) and concluded that the Bitcoin market is 
not completely isolated. The sign of spillovers exhibited some differences in the two 
market conditions, with greater evidence that Bitcoin receives more volatility than it 
transmits. 

As Bitcoin and gold are often looked at as safe havens, the relationship between these 
assets is important for discovering if there is any hedge option between them. There is 
always a question of the hedging capabilities of Bitcoin regarding some stock exchange 
indices. Baek and Elbeck [32] explored the financial asset capabilities of Bitcoin using 
GARCH models. The initial model showed several similarities to gold and the USD, 
indicating hedging capabilities and advantages as a medium of exchange. By applying the 
asymmetric GARCH methodology [34], Bitcoin can be used to hedge its position against 
FTSE 100, and in the short term, against the USD. In another study, [35] based their 
findings on this original sample and an extended sample period. The study showed that 
Bitcoin exhibits distinctively different return, volatility, and correlation characteristics 
compared to other assets, including gold and the USD. The study by [9] proposed new 
definitions of weak and strong safe havens within a bivariate cross-quantilogram 
approach to explore whether Bitcoin can improve hedging strategies for stock market 
investments during extreme market conditions, and to examine whether this function is 
similar to gold hedging strategies. The study results show that Bitcoin and gold play the 
role of a weak safe haven asset in a few cases. Besides gold, oil has always played a 
significant role in the global commodity market in investors’ hedging strategies against 
stock exchange indices. The study by [36] used the GARCH model based on 5 years of 
sample data to explore Bitcoin’s volatility effect on crude oil and gold. The study found 
that Bitcoin volatility had a negative impact on gold and crude oil volatility. The study’s 
estimates clearly indicate that Bitcoin and gold can be used as hedging instruments. 

Gold has always played an important role in the global commodity market. The 
explanation behind the global economy today is that gold is an inflation hedge. It is 
commonly believed that in a time of crisis, gold is a typical example of a safe haven. 
However, it can always be put into question from a dynamic point of view; is there only 
one safe haven for all time? The study by [37] analyzed the dynamic role of gold as a safe 
haven and found that investors’ behavior can destroy this role in practice. The analysis by 
[38] seems to support this finding by applying a VAR-ADCC-BVGARCH (vector 
autoregressive asymmetric dynamic conditional correlation bivariate generalized 
autoregressive conditional heteroskedasticity) to the US financial market during the 
period of 2007–2017, although there is consensus in the literature that gold could be a risk-
diminishing instrument against stocks. The findings of the previous studies suggest that 
the hedging characteristic of gold tends to mitigate against US stocks as market 
capitalization increases, implying there is a large proportion of funds invested in gold, 
against stocks. The study by [39] examined the hedge or safe haven role of the gold relative 
to the Dow Jones stock industry indices by using quantile GARCH analysis. However, the 
study findings are dubious depending on the time frame, whether it is the whole sample 
period (1980–2017) or each sub-period separately (1980–1995 and 1996–2017). 
Furthermore, it differs across different sectors. The study by [40] applied different 
methodologies in their robust analysis, indicating the weak hedge and safe haven role of 
gold for stocks. The study by [41] applied a wavelet decomposition with a copula 
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approach to analyze the dependence between returns of gold and other assets (bonds, 
stocks, and exchange rates). The study found that everything changed after the 2008 crisis. 
Before the crisis, gold was able to shield investors. However, in the aftermath, gold is 
unable to serve as a hedge or safe haven in the classical sense. 

According to the existing literature, most of the studies measure volatility and 
connectedness using the GARCH models. Some of the very recent studies found that 
GARCH models are not appropriate for tail values of skewed distribution. Similarly, 
many studies [42–45] argue that tail risk modeling is very important to consider in 
cryptocurrency value regressions. For example, the authors of [45] suggest a bivariate 
copula approach for tail risk modeling, the authors of [30] propose a linear bivariate 
quantile regression (bivariate CoVaR) as the most appropriate model, and [43] (based on 
the work of [46,47]), used a tail-event driven network to analyze the tail-risk 
interdependence among 23 cryptocurrencies. One of the biggest advantages of such 
models in tail value measures is in the description of the complexity of the crypto market, 
especially for the conditional tail-risk and tail-event driven networks used by [43,44]. Most 
importantly, it turns the distributional effect of the independent variables on the 
dependent variable into different quantile ranges. According to [48], the most significant 
characteristic of quantile regression is to make a classification of the heterogeneous effects 
of heterogeneous cross-sectional ranges. The median is a more appropriate measure than 
the mean in the case of conditional quantile estimations [49,50]. This technique is the most 
effective in tail value estimations (extremes of a dataset). 

In estimations of the mean value of the dependent variable for particular levels of the 
independent variables, generally, the OLS (ordinary least square) [51,52] is used. The OLS 
is an appropriate model for the conditional mean function to describe how the mean of 
the response variable changes with the covariates [53]. The main limitations of the OLS 
are (1) that it is often confronted with the heteroscedasticity, focusing on the means as 
measured facts for tails values are lost, (2) it fails to recognize the source and nature of 
heterogeneity, and (3) it is inappropriate for extreme observations. Studies by [49,50] 
argue that quantile regression provides essential information about the relationship 
between the response variable and covariates on the entire conditional distribution. 
According to [53,54], such a model visualizes heteroscedasticity in the dataset. Similarly, 
the model determines the influence of covariates on the shape and scale of the entire 
response distribution [53]. Quantile regression models are mostly used in portfolio studies 
and different financial analyses. This technique was popularized by [55], who found that 
it is possible to model the relationship between returns and beta for companies that 
overperform and underperform relative to the mean. In the study of [56], it was shown 
that quantile regression is the most appropriate model in the study of the sensitivity of 
cryptocurrency returns to changes in gold price returns. A similar technique was 
previously used by [44] to study hedging strategies against global uncertainty based on 
cryptocurrency. Great attention has been paid to the tail behavior of values in their 
studies. 

3. Data and Methodology 
3.1. Data 

The study dataset consisted of the following variables for studying the impact of the 
first wave of COVID-19 between 22 January 2020 and 11 April 2020: daily returns of five 
cryptocurrencies (Bitcoin, Ethereum, XRP, Tether, and Bitcoin Cash) (data source: 
https://coinmarketcap.com/) (accessed on 15 April 2020), google trends of searches (data 
source: Google); gold daily returns (data source: Yahoo); crude oil daily returns (Data 
Source: Yahoo); VIX index daily returns (Data Source: Yahoo); S&P 500 index daily returns 
(Data Source: Yahoo), and COVID-19 global index (data source: 
https://data.humdata.org/dataset/novel-coronavirus-2019-ncov-cases) (accessed on 15 
April 2020). All daily returns were calculated using the HPR (Holding Period Returns) 
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formula. To capture the time-varying effect of COVID-19, the study created the COVID-
19 global index (explained in detail in Section 3.2). The study variables were as follows: 
(a) the dependent variable is the cryptocurrency daily average returns; (b) the 
independent variable was COVID-19 global index (COVID-19), developed to measure the 
effect of COVID-19 and daily movements of COVID-19; GOLD: important global 
commodity; GT: Google trend on how much a particular cryptocurrency was searched 
during the study period; OIL: another important global commodity, the S&P 500 index is 
a good indicator of how financial markets are doing; VIX is intended to provide an 
instantaneous volatility measure regarding how much the market believes that the market 
index will fluctuate in the short term. 

3.2. Methodology 
3.2.1. COVID-19 Global Index Construction 

For the present study, we constructed a composite COVID-19 index following [57–
59] to answer the fundamental question of how one should measure the effect of COVID-
19 globally. The construction of the composite COVID-19 global index requires three 
stages. The first stage of the composite COVID-19 global index development started with 
the normalization of the data points, followed by a weighting of the data points and 
weighted aggregates of three variables: confirmed cases of COVID-19; deaths due to 
COVID-19, and recovered cases of COVID-19. We used z-scores and rescaling methods 
for normalization with the following expression: 

s
xxz
−

−=
 

Then, the rescaling method was deployed on all the normalized data for a linear 
transformation of the data into a scale of 1–100. The 1–100 scale was determined by the 
following equation: 

)min()max(
)min(
xx

xxy
−

−=
 

 

We used these steps due to the fact that the effects of COVID-19 cannot be measured 
by a single indicator and requires the composite index used by the World Bank and the 
UN. Likewise, we normalized and standardized the data by creating a COVID-19 global 
index. The COVID-19 global index was constructed from three weighted components—
confirmed cases of COVID-19; deaths due to COVID-19 and recovered cases of COVID-
19—which were collected from the humanitarian data exchange 
(https://data.humdata.org/dataset/novel-coronavirus-2019-ncov-cases) (accessed on 15 
April 2020). The dataset consisted of 81 daily observations from 22/01/2020 to 11/04/2020. 

There is a high probability that a high level of multicollinearity exists among these 
three variables that are important measures of the impact of COVID-19. It is also true that 
the weights of these three variables are not uniform across all countries. Such issues could 
result in a distortion of the overall calculation of these variables. To avoid such errors in 
this estimation study, we normalized and standardized the data by constructing a 
COVID-19 global index. All these three variables were converted to a scale of 1–100 points, 
where 100 denotes the best score and 1 denotes the worst. Equal weights were assigned 
to all three variables in preparation for the aggregate COVID-19 global index. Figure 1a 
shows the daily movements of the independent variables. The primary axis represents the 
COVID and VIX daily movements, and the secondary axis represents the GOLD, OIL, and 
S&P 500 daily movements. Figure 1b shows the daily movements of the dependent 
variables. The Tether daily movements are represented on the secondary axis and the rest 
are on the primary axis. 
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Figure 1. (a) and (b): Variables’ daily movements. 

3.2.2. Wavelet Coherence 
To study the co-movement between the cryptocurrencies’ daily returns, a wavelet 

coherence diagram was plotted using the “biwavelet” R package, similar to the studies of 
[60,61]. We analyzed the continuous co-movement between the pairs at different times 
and frequency domains using a wavelet coherence diagram. The wavelet coherence could 
be perceived as a measure of a local correlation of the two time series, both in time and 
scale. This procedure is analogous to coherence in Fourier analysis. It is defined as the 
squared absolute value of the smoothed cross wavelet spectra normalized by the product 
of the smoothed individual wavelet power spectra of each series: 

R (u, s) = S(s W (u, s))S(s |W (u, s)| )S(s W (u, s) ) (1)

3.2.3. Regressions 
We deployed two versions of regressions: (1) mean-based OLS regression, and (2) 

conditional median-based quantile regression.  
OLS regression 
The OLS regression is expressed as the following: 
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Rit = a + b COVID-19 + s GOLDt + g GTit + p OILt + d S&P 500t + f VIXt + εit   (2)

where i represents five cryptocurrencies (i = 1 to 5); t represents the period from 22/01/2020 
to 11/04/2020; Rit represents daily cryptocurrency returns; a is the intercept; εit is the error 
term; b, s, g, p, d, and f are the sensitivity coefficients for the independent variables of the 
regression. 

Quantile Regression 
Following [49], we deployed quantile regressions for conditional median-based 

estimation. The loss function in statistics or mathematics is presented below. Ʈu    if u>0 ƍT={ 
 (Ʈ-1)u if u≤0 
    =  u (Ʈ- I(u<0)) 

(3) 

The Ʈth quartile minimizes ξ, as shown in the equation below (univariate): 

R (ξ)= ƍT(Yi −  𝜉) (4)

The special feature of the above function is that it has a bidirectional derivative but 
is not differentiable, as shown below: 

Right derivative 
R’(ξ+) = Lim(h0+) (R(ξ + h)-R(ξ))/h  

 = Lim(h0+) ƍ ( ) ƍ ( ) 
 = ∑ (𝐼(𝑦𝑖 ≤ 𝜉) −  Ʈ) 

(5)

Left derivative 
R’(ξ-) = Lim(h0+) (R(ξ–- h)- R(ξ))/h  

 = Lim(h0+) ƍ ( ) ƍ ( ) = Ʈ −  𝐼(𝑦𝑖 < 𝜉)   

(6)

Point ξ minimizes the objective function if R’(ξ+) ≥ 0 and R’(ξ-) ≥ 0. Hence, the 
optimized problem defined the unconditional quantile above. In a similar way, the 
conditional quantile can be defined analogously by OLS, as explained below. If [Y1, Y2, 
…, Yn] is a set of random variables from it, we get 

R (µ)= ƍT(Yi −  𝜇)  (7)

The unconditional population mean is estimated from the above Equation (7). Then, 
the parametric function µ (x, β) replaces the scalar µ in the above equation to get Equation 
(8). 

R (µ) = ƍT(Yi −  𝜇 (x, β))  (8)

Similarly, the conditional median function can be obtained by replacing the scalar 
variable ξ with the parametric function ξ (xt, β) and by setting the Ʈth quantile as½2. Other 
conditional function values can be obtained by replacing absolute values with ƍT(*), as 
follows: 

R (ξ) = ƍT(Yi −  𝜉 (x, β))  (9)

Further, using linear programming, the minimizing problem can easily be solved by 
formulating ξ (x, β) as linear parameters. The authors of [62–65] and others extensibly 
used this method recently to derive the study estimates. 
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4. Results and Discussion 

4.1. Preliminary Analysis 
Tables 1 and 2 show descriptive statistics and correlation estimates for the 

independent variables. Most of the data series have higher levels of Kurtosis and 
correlation coefficients within the acceptable range. Looking at the independent variables’ 
descriptive statistics separately and their standard deviations as a measure of the absolute 
risk level of the assets, it is obvious that gold, as a typical global commodity, has the lowest 
risk compared to all other assets. The correlation analysis, with negative coefficients 
between gold and oil and S&P 500 is a sign that these two global commodities could serve 
well in this COVID-19 crisis as hedge instruments against risky assets represented by the 
most famous stock exchange index. The ADF test confirms that there is no unit root in the 
series. 

Table 1. Descriptive statistics. 

 COVID-19 GOLD GT * OIL S&P 500 VIX 
 Mean 0.279 0.002 38.531 −0.002 −0.003 0.025 

 Std. Dev. 1.105 0.019 11.943 0.093 0.038 0.141 
 Skewness 2.911 0.451 2.526 0.242 0.328 1.098 
 Kurtosis 11.559 6.118 11.271 5.510 4.708 4.640 

* Note: Google trend for Bitcoin. 

Table 2. Correlation analysis. 

 COVID-19 GOLD  GT *  OIL  S&P 500  VIX  
COVID-19 1.000      

GOLD  −0.011 1.000     
GT  0.029 −0.233 1.000    
OIL  −0.057 0.107 0.083 1.000   

S&P 500  0.096 −0.095 0.110 −0.191 1.000  
VIX  0.058 0.091 −0.147 0.009 −0.692 1.000 

* Note: Google trend for Bitcoin. 

4.2. Wavelet Coherence 
Figure 2 shows the wavelet coherence diagram for different cryptocurrency pairs. 

The horizontal axis represents a daily timeline for one year, starting in May 2019. Our 
study considers the COVID-19 period to be from 22 January 2020 and onwards in the 
horizontal period axis (labeled 250 and onwards). The vertical axis represents scales at 2, 
8, 16, 32, 64, and onwards. The right-hand side vertical axis is the color axis: the brighter 
the color (red), the more the coherence, and the lesser bright the color (blue), the lesser the 
coherence. The Bitcoin–Ethereum, Bitcoin–XRP, Bitcoin–Bitcoin Cash, Ethereum–XRP, 
Ethereum–Bitcoin Cash, and XRP–Bitcoin Cash pairs show very high levels of persistent 
coherence at all scales during the COVID-19 period as compared to the pre-COVID-19 
period. The wavelet coherence diagrams of Tether with the other cryptocurrencies show 
interesting results, especially during the COVID-19 period. During the COVID-19 period, 
especially on the scale at around 16, Tether shows low levels of coherence with the other 
cryptocurrencies, with no contagion effect. The direction of the phase arrows is not 
consistent across the scales and periods. 
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Figure 2. Wavelet coherence diagram among the cryptocurrency pairs. 
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During the COVID-19 period, all pairs show a strong level of coherence with a short 
contagion effect that starts around mid-February 2020 and lasts until April 2020 (Figure 2). 
Such behavior supports the findings of [21], which show that Tether had a sizable impact 
on Bitcoin prices. However, their findings were from before the COVID-19 period (we 
found low levels of coherence for all cryptocurrencies before the COVID-19 pandemic), 
therefore, our results have similar characteristics only during the pandemic. During the 
COVID-19 period, at a scale of 64 and above, Tether shows lower coherence with the other 
cryptocurrencies as compared to before the COVID-19 period. In addition, the contagion 
effects that existed before the COVID-19 period at a higher scale of 64 and above 
disappeared during the COVID-19 period. The above estimates highlight two important 
things. First, during the COVID-19 period, the estimates are different, and secondly, they 
are not uniform. The wavelet coherence diagrams for different cryptocurrency pairs have 
clearly presented that all pairs, without the presence of Tether, show a very high level of 
persistent coherence at all scales during the COVID-19 period. The behavior of Tether 
regarding all the other cryptocurrencies in the crypto pairs is very specific, as these are 
the only pairs with a low level of coherence with no contagion effect. Going further, 
during the COVID-19 period, Tether shows lower coherence with the other 
cryptocurrencies as compared to before the COVID-19 period. Therefore, it is obvious that 
Tether is a typical stable coin and could present a safe haven for the entire crypto market 
because all other cryptocurrencies used in the analysis present more than 80% of the total 
crypto market capitalization. According to this, Tether is the only stable currency, while 
Bitcoin, Ethereum, Bitcoin Cash, and XRP were affected by COVID-19’s influence. In the 
case of Bitcoin, this study shows a similar behavior of this cryptocurrency as previously 
analyzed by [16]. Moreover, our results support more findings of [10,44], in which there 
is no evidence that Bitcoin serves as a safe haven for global assets. 

4.3. OLS Estimates 
Table 3 shows the results obtained from the OLS estimates.  

Table 3. OLS regression estimates. 

 C COVID-19 GOLD GT OIL S&P 500 VIX R2 
Bitcoin 0.029 0.005 0.017 −0.001 0.116 ** 0.570 * −0.068 0.260 

Ethereum 0.005 0.006 0.174 0.000 0.190 * 0.822 * −0.057 0.274 
XRP −0.009 0.008 −0.033 0.000 0.112 ** 0.673 * −0.034 0.274 

Tether −0.004 −0.002 * 0.036 0.000 −0.027 * −0.076 * 0.005 0.218 
Bitcoin Cash 0.004 0.003 −0.178 0.000 0.156 ** 0.790 * −0.044 0.210 

Note: * Significant @ 5% & ** Significant @ 10%. 

The OLS estimates show that for all five cryptocurrencies, oil, and the S&P 500 index, 
the variables are statistically significant at the 5% and 10% levels in explaining average 
returns, as shown in Table 3. The COVID-19 variable is statistically significant only for 
Tether at the 5% level in explaining average returns. Looking at the OLS estimates, it 
seems that risky assets measured by S&P 500 have statistically significant influence at the 
5% level in explaining average returns of all five cryptocurrencies used in the analysis. As 
one could expect, there is a positive change to S&P 500 on average returns for all other 
cryptocurrencies except Tether (in the range of 0.57 for Bitcoin to 0.822 for Ethereum), 
which is a clear sign that all these assets are typical examples of risky assets. The only 
reaction of Tether to the change of S&P 500 is opposite to the other cryptocurrencies. This 
coefficient is slightly negative (−0.076), which is one more piece of evidence for a typical 
stable coin that is not directly influenced by the strong reaction of risky assets. The OLS 
estimates show that apart from S&P 500, only oil, as a typical global commodity, has 
statistically significant influence at the 5% and 10% levels on the average returns of all five 
cryptocurrencies. The explanation for this is very similar to the previous one; the only 
reaction of the price of Tether was negative but close to zero (-0.002). The only difference 
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is that this influence is much lower than for the case of S&P 500, with the other four 
cryptocurrencies in the range of 0.112 for XRM to 0.19 for Bitcoin, which shows that oil 
still can be a diversifier. The COVID-19 crisis seems to be statistically significant only for 
Tether, once again with a negative reaction very close to zero (-0.002). 

4.4. Quantile Regression Estimates 
Table 4 shows the quantile regression coefficients of the right-hand side variables for 

different quantiles, along with their associated p-values. 

Table 4. Quantile regression estimates. 

Coefficient Values 
 C COVID-19 GOLD GT OIL S&P 500 VIX  
0.05 0.145 −0.001 −0.581 −0.006 0.295 1.696 0.166 Bitcoin 
0.25 0.015 0.001 −0.151 −0.001 0.180 0.652 0.008  
0.5 0.016 −0.002 0.008 0.000 0.123 0.620 0.022  
0.75 −0.019 0.001 0.067 0.001 0.085 0.517 0.019  
0.95 −0.076 −0.008 0.358 0.004 −0.145 0.487 -0.003  
0.05 −0.092 0.024 1.630 −0.001 0.224 −0.221 -0.533 Ethereum 
0.25 0.007 0.000 -0.024 −0.001 0.194 0.718 0.021  
0.5 0.001 −0.001 −0.188 0.000 0.184 0.862 0.052  
0.75 0.013 −0.007 0.321 0.001 0.114 1.207 0.062  
0.95 0.045 0.002 0.680 0.001 −0.072 0.444 −0.158  
0.05 −0.022 0.016 1.325 −0.002 0.162 0.192 −0.214 XRP 
0.25 0.002 0.004 −0.350 −0.001 0.204 0.826 0.062  
0.5 −0.028 0.003 −0.170 0.001 0.130 0.572 −0.008  
0.75 0.004 0.003 −0.361 0.001 0.090 0.760 0.064  
0.95 0.032 0.006 0.118 0.001 −0.012 0.432 −0.041  
0.05 0.015 0.000 0.183 0.000 −0.035 −0.143 −0.007 Tether 
0.25 0.002 0.000 0.036 0.000 −0.010 0.007 0.002  
0.5 0.000 0.000 0.011 0.000 −0.003 0.005 0.000  
0.75 −0.002 0.000 0.012 0.000 −0.009 −0.018 0.000  
0.95 −0.002 −0.003 −0.193 0.000 −0.019 0.009 0.058  

0.05 −0.164 0.022 0.934 0.001 0.306 −0.040 −0.460 
Bitcoin 
Cash 

0.25 −0.011 0.004 −0.235 0.000 0.238 0.750 −0.050  
0.5 0.012 −0.001 -0.405 0.000 0.177 0.755 0.028  
0.75 0.034 −0.006 0.118 0.000 0.135 0.734 0.012  
0.95 0.153 −0.019 −0.722 -0.001 −0.210 0.810 −0.166  

p values 
 C COVID-19 GOLD GT OIL S&P 500 VIX  
0.05 0.000 0.802 0.247 0.000 0.026 0.000 0.044 Bitcoin 
0.25 0.745 0.763 0.641 0.568 0.034 0.000 0.851  
0.5 0.495 0.392 0.963 0.536 0.002 0.000 0.507  
0.75 0.354 0.854 0.840 0.091 0.354 0.075 0.730  
0.95 0.316 0.065 0.595 0.076 0.293 0.375 0.966  
0.05 0.013 0.007 0.016 0.300 0.057 0.679 0.061 Ethereum 
0.25 0.655 0.970 0.932 0.120 0.021 0.003 0.749  
0.5 0.947 0.775 0.726 0.818 0.054 0.051 0.439  
0.75 0.502 0.101 0.707 0.125 0.254 0.003 0.298  
0.95 0.088 0.842 0.340 0.077 0.622 0.489 0.085  
0.05 0.761 0.111 0.026 0.319 0.058 0.626 0.254 XRP 
0.25 0.972 0.499 0.207 0.733 0.038 0.004 0.461  
0.5 0.071 0.502 0.509 0.047 0.044 0.006 0.893  
0.75 0.828 0.651 0.568 0.198 0.106 0.001 0.202  
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0.95 0.323 0.703 0.866 0.339 0.903 0.128 0.458  
0.05 0.008 0.763 0.005 0.000 0.014 0.016 0.540 Tether 
0.25 0.635 0.826 0.466 0.517 0.463 0.844 0.647  
0.5 0.979 0.881 0.718 0.965 0.544 0.846 0.922  
0.75 0.563 0.226 0.763 0.411 0.428 0.658 0.990  
0.95 0.888 0.001 0.113 0.157 0.362 0.934 0.154  

0.05 0.000 0.003 0.283 0.052 0.019 0.944 0.114 
Bitcoin 
Cash 

0.25 0.523 0.399 0.494 0.562 0.003 0.009 0.490  
0.5 0.347 0.818 0.295 0.531 0.019 0.003 0.748  
0.75 0.003 0.153 0.841 0.430 0.149 0.006 0.864  
0.95 0.000 0.002 0.385 0.074 0.116 0.068 0.043  

Next, we plotted the quantile coefficient variations for all variables for each 
cryptocurrency, as shown in Figure 3. 

 

 

 

 
Figure 3. Quantile coefficient variations. 
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Figure 3 shows that Google trend searches have minimal loading among all factors, 
followed by the global COVID-19 index changes. For the Bitcoin, Ethereum, and XRP 
cryptocurrencies, Google trend searches were negatively related to the average returns at 
the lower quartiles, whereas it became more positive at the higher quartile. Only Bitcoin 
Cash shows a negative coefficient for Google trend searches at the highest quartile (0.95) 
and it is statistically significant at the 10% level. Interestingly, in the case of Tether, Google 
Trends search coefficients are statistically insignificant for all quantiles. The COVID-19 
coefficient is statistically significant (10%) at the lower tail for Ethereum and at the higher 
tail in the case of Bitcoin. In the case of Bitcoin Cash, the COVID-19 coefficient is 
statistically significant (5%) at both tails. Gold coefficients vary both in magnitude and 
direction significantly across the quantiles for all five cryptocurrencies. Oil coefficients are 
negative in all quartiles for Tether, with the negative value only in the highest (95th) 
quartile for all other cryptocurrencies. S&P 500 coefficients are positive and statistically 
significant in most of the cases. In the cases of Ethereum and XRP, the S&P 500 coefficients 
are statistically insignificant at the two extreme ends of the tail. Conversely, in the case of 
Bitcoin and Tether, the S&P 500 coefficients are statistically insignificant at the higher end 
of the tail. In the case of Bitcoin Cash, S&P 500 coefficients are statistically significant at 
the higher quartile, except for the extreme lower end of the tail (5th quartile). VIX 
coefficients are statistically insignificant in all quartiles for two cryptocurrencies, namely 
XRP and Tether. The VIX coefficient is statistically significant at the 5% level at the extreme 
lower end (5th quartile) of Bitcoin and the highest (95th quartile) end of Bitcoin Cash, 
whereas, in the case of Ethereum, the VIX coefficient is statistically significant at the 5% 
level at both the extreme ends (5th and 95th quartiles). 

The quantile regression appears to be a confirmation of the key findings of the 
previous OLS estimates, with some improvements. It is evident by looking at the influence 
of S&P 500 on the crypto market that the situation only slightly differs across the quartiles. 
For example, at the lower quartile, this influence is highly strong on Bitcoin and it remains 
strong at the higher quartile. It is evident that Google trends and the COVID-19 crisis 
(represented by the global COVID-19 index) have minimal loading effects on the crypto 
market, with slight changes in the magnitude and direction of coefficients across the 
quantile. Oil coefficients are negative in all quartiles for Tether, whereas oil coefficients 
are negative only in the highest (95th) quartile for all other cryptocurrencies. It is clearly 
confirmed, once again, that Tether’s behavior is very specific in the crypto market, as it 
shows some characteristics of a safe haven within a market. Additionally, our findings 
differ from those of [7]. We cannot find any safe haven characteristics (only Tether is near) 
in comparison to their work and findings of diversification benefits and digital assets 
(social media) acting as safe havens. 

Additionally, the present study deployed robust regression with M-estimations. The 
M-estimation addresses dependent variable outliers, where the value of the dependent 
variable differs markedly from the regression model norm (large residuals). The obtained 
estimates of the robust regression are presented in Table 5. The obtained robust regression 
estimates confirm the robustness of the OLS estimates except for the Tether. The effect on 
the coefficient estimates of moving from least squares to robust M-estimation (see Tables 
3 and 5) does not produce many distinct coefficient values (that are statistically significant 
at the 5% level) than the OLS estimates, except for Tether. 

Table 5. Robust regression estimates. 

 C COVID-19 GOLD GT OIL S&P 500 VIX R2 
Bitcoin 0.059 −0.002 −0.055 −0.016 0.142 * 0.656 * 0.045 0.229 

Ethereum 0.016 −0.001 0.160 −0.003 0.231 * 0.869 * 0.049 0.138 
XRP −0.117 0.002 −0.175 0.033 0.148 * 0.730 * 0.027 0.225 

Tether 0.000 0.000 0.007 0.000 0.001 0.018 * 0.002 0.031 
Bitcoin Cash −0.091 −0.001 −0.521 0.024 0.216 * 1.097 * 0.060 0.194 

* Note: Google trend for Bitcoin. 
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5. Conclusions 
Risk and returns are inseparable from each other in the financial markets [66–69]. In 

terms of the impact of the first wave, gold and oil, as typical global commodities, could 
have been diversifiers, with some characteristics of gold as a hedging instrument against 
risky assets represented by S&P 500. The OLS, quantile, and robust regressions estimates 
show that there was no significant direct influence of the COVID-19 crisis on the crypto 
market. However, it seems there were spillovers from risky assets on the crypto market. 
Looking at S&P 500 as the typical representative of risky assets on the global market and 
its influence on the crypto market, there was a strong direct influence on all the 
cryptocurrencies except Tether. In this way, it is largely clear that the crypto market 
cannot be either a safe haven or hedge in this ongoing COVID-19 crisis. On the other hand, 
all analyses that have been used (OLS, quantile regression, and robust regression 
estimates) have confirmed the very specific behavior of Tether. The wavelet coherence 
analysis shows that only in crypto pairs (which include Tether), there is a low level of 
coherence, with no contagion effect. It appears that Tether is the only important stable 
coin in the crypto market and because of this characteristic, it can present a safe haven 
within a crypto market. Its role in the crypto market seems to be very similar to the role 
of gold as a typical global commodity on the global market. 

Even though the results of our study differ from those of [7], in that only Tether has 
near safe haven characteristics (while the other cryptocurrencies cannot be recognized), 
such studies have academic importance in analyzing assets in terms of major crises, and 
providing methodological, theoretical, and applicative experience in investment finance 
issues. Moreover, policymakers and investors cannot accept cryptocurrencies (especially 
Bitcoin) as safe havens, but only as highly volatile and speculative assets (which is in line 
with the work of [10,16,44]). Finally, the study does not come to an ultimate consensus on 
whether the ongoing COVID-19 crisis is a “Black Swan” event [1–5,14] or not [15]. Since it 
is too early to comment on it, it is left for future studies to further examine the issue.  
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