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The Covid 19 pandemic is the first major crisis facing cryptocurrencies. Therefore, the
reaction of the cryptocurrency markets is important. News about epidemics affects
investors’ decisions. Panic index (PIndex) is an index created from news about the Covid
19 outbreak. In the study, it is used to measure the impact of decisions on the crypto
money market. As cryptocurrencies, Bitcoin (BTC), Etherium (ETH), and Ripple (XRP),
which have the highest transaction volume in the crypto money market, are included in
the analysis. The relationship between Panic Index and the three major cryptocurrencies
with the largest share in the cryptocurrency market was investigated by Ardl and Hatemi-J
asymmetric causality test. Traditional causality tests acknowledge that the effects of
positive and negative changes are the same. However, there may be asymmetric
information and different investor behaviors in financial markets. In the study, Hatemi-J
[1] Asymmetric Causality Test was conducted to examine the asymmetric relationship
and symmetric relationship between Pindex and cryptocurrencies by separating them
into positive and negative shocks. According to the results of the Hatemi-J causality
analysis, positive shocks in the panic index are the cause of negative shocks for all
cryptocurrencies. In other words, increases in the panic index are caused to fall the
value of Bitcoin, Ethereum, and Ripple cryptocurrencies decrease. The results show that
cryptocurrencies were not a safe haven for the investor during the Covid 19 period, as
they acted similarly to other financial assets.

Keywords: Covid 19, Panic Index, Bitcoin, Ethereum, Ripple, Asymetric Causality

INTRODUCTION

The Covid 19 pandemic emerged in China in late 2019. On March 11, 2020, the World Health
Organization (WHO) declared a global pandemic due to the number of cases approaching 500,000
and its spread to more than 170 countries. It is known that the Covid 19 outbreak affected
all financial markets. This rapid progress in the pandemic caused the risk to rapidly become
unpredictable in the financial markets and the loss of investors. In the world markets, 30% decreases
were seen in the first quarter of 2020.

The loss of confidence in financial institutions and the financial structures of governments
after the global crisis in 2008 caused the popularity of crypto money systems to increase.
Cryptocurrencies have been viewed as an alternative to avoiding political interference, war risks,
and the damage caused by Central Bank policies.
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Cryptocurrencies, which attracted the attention of investors
in money exchanges, were also affected by the pandemic [2].
The crypto money market, which has grown considerably in
recent years, is frequently addressed by financial and government
institutions globally. Among thousands of cryptocurrencies,
Bitcoin is the best known due to the size of its capitalization.
Bitcoin, which has the highest market value since 2020, is
followed by Ethereum and Ripple, respectively [3]. Bitcoin has
attracted great attention in recent years as the first and best-
known cryptocurrency.

The news in the media about epidemics affect the feelings and
decisions of the investors. Investors have difficulty in assessing
the impact and importance of this news. Studies in the literature
show that, statistically, the financial markets overreact to the
news, despite the low weight that investors place on news in their
decisions [4-6]. The panic index was created by the Ravenpack
big data analysis company as a measure of the news about the
Covid 19 pandemic. The Ravenpack panic index measures the
panic with worldwide news about the Coronavirus. The index has
been calculated since 08 January 2020. Values range from 0 to 100.
The panic index taking a value of 12 indicates that 12 percent of
all news globally is about panic and epidemic. It is thought that
when the index value increases, panic increases too.

The aim of the study is to reveal the effect of investors’
concerns on cryptocurrencies during the pandemic period. It
is aimed to contribute to the currently inadequate literature by
examining the response of cryptocurrencies to the pandemic. In
the study, the panic index was used as the sensitivity criterion of
investors against Covid 19. According to CoinMarketCap data,
Bitcoin ranks in the top three in the cryptocurrency market
with 61%, Etherium with 13.70% and Ripple with 2.19% (Access
30.10.2020). Bitcoin, Ethereum, and Ripple, which have the
highest trading volume as cryptocurrencies, were included in
the analysis. As cryptocurrencies, Bitcoin, Etherium, and Ripple,
which have the highest transaction volume, were included in
the analysis. Since the panic index was started to be created on
08.01.2020, daily data for the period 08.01.2020-31.12.2020 were
used in the study.

There are few studies in the literature regarding the effect
of Covid-19 on the crypto market. Studies have investigated
the effectiveness of cryptocurrencies in the Covid 19 period
with Largest Lyapunov Exponent (LLE), multifractal analysis,
and quantitative methods. Unlike other studies, our study will
use the asymmetric Hatemi-] causality test, taking into account
that the effect of positive and negative shocks in the Covid-
19 pandemic may not be the same on cryptocurrencies. In the
study, the asymmetric relationship between cryptocurrencies and
the panic index was investigated with the Hatemi-] asymmetric
causality test.

The remainder of the study is organized as follows: Existing
literature investigating cryptocurrencies, the relationship
between cryptocurrencies and panic index are summarized in
the second section. Data is introduced in the third section. In
the fourth section, the relationship between the cryptocurrencies
and the panic index is analyzed econometrically. The study is
completed with the conclusion section where empirical analysis
results are evaluated.

LITERATURE REVIEW

Recently, the literature on the financial aspects of the
cryptocurrency market has been rapidly developing. Studies
in the literature are mostly about determining the factors that
affect the changes in the price of Bitcoin, the supply and demand
factor, investor interest, and the main determinants of the price
of bitcoin [7-11]. The Covid 19 pandemic is the first major
crisis facing cryptocurrencies. Therefore, the reaction of the
cryptocurrency markets is important. In the literature, the
hedging capabilities of cryptocurrencies have been investigated
as to whether they are an alternative to gold in times of crisis in
the stock market [2, 12-16].

There are a limited number of studies on crypto money
markets during the Covid 19 period. Some of the studies
conducted indicate that the cryptocurrency market in the
pandemic periods showed a safe haven feature in short-
term shocks [17-20]. Umar and Guberava [21] examined the
interaction between the Ravenpack panic index and Euro,
British Pound and Renminbi currencies, Galaxy Crypto Index
in the Covid 19 period with wavelet analysis. They stated
that cross-currency hedging strategies used in the normal
period are likely to fail in a crisis like the Covid 19. In
the Covid 19 period, cryptocurrencies and stock exchanges
were examined comparatively [22]. Lahmiri and Bekiros [22]
investigated information efficiency in 45 cryptocurrency markets
and 16 international exchanges during and before the Covid
19. His measurements applied the largest Lyapunov base (LLE)
methods, based on price time series and approximate Entropy
(ApEn), to estimate the degrees of stability and irregularity in
cryptocurrency and the International Stock Exchange. According
to Lahmiri and Bekiros [22], cryptocurrencies show more
disorder than stock exchanges, and investing in digital assets is
riskier in periods of a major crisis. It is also claimed that its
efficiency has increased among cryptocurrencies in the Covid
19 process [23]. The main purpose of the studies of Mnif et al.
[23] is to examine the efficiency of the cryptocurrency through
multifractal analysis before and after the coronavirus pandemic.
According to the empirical results of the study, Covid 19 has
had a positive effect on cryptocurrency market efficiency. While
the efficiency of Bitcoin was high in the pre-Covid 19 periods,
it was observed that Ethereum was more effective in the Covid
19 process [23]. Yarayova et al. [24] the herding behavior in
the four major cryptocurrency markets (USD, EURO, JPY, and
KRW) was examined during the Covid 19 period. In the study, it
was concluded that Covid 19 did not increase herding in crypto
money markets, with the exception of Euro [24].

When the literature is examined, no study has been
found that investigates the causality relationship between
panic regarding coronavirus and cryptocurrencies. Studies have
generally investigated the relationship of cryptocurrencies with
other currencies and exchanges. The effect of the increase and
decrease in concern caused by the pandemic on the value of
cryptocurrencies has not been investigated. Unlike other studies,
showing the effect of increases and decreases in panic levels on
cryptocurrencies during the pandemic period is the motivation
of the study. Our study aims to contribute to the literature by

Frontiers in Applied Mathematics and Statistics | www.frontiersin.org

April 2021 | Volume 7 | Article 661388


https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org
https://www.frontiersin.org/journals/applied-mathematics-and-statistics#articles

Vurur

Effect of Pl on Cryptocurrencies

revealing the asymmetric causality relationship between panic
index, which is an indicator of panic regarding coronavirus,
and cryptocurrencies.

METHODOLOGY

Autoregressive-Distributed Lag

Cointegration Test

ARDL approach allows the investigation of the cointegration
relationship if the level of stationarity is different between
variables. ARDL cointegration test also has several advantages
such as being able to be applied to small samples, using optimal
lag lengths, and not needing pre-tests [25-28].

In the ARDL approach, after determining the stationarity
levels as 1 (0) and I (1), the appropriate ARDL model is
established by determining the lag lengths of the data of the
variables. The existence of a cointegration relationship is decided
by performing an F-test on the established model. After the
cointegration decision is made, long and short-term relationships
between variables are analyzed. The equation used in long-
term relationship estimation according to the ARDL approach is
as follows:

P
z,:u—l—yt—i-zp:ld) z—it+e&  t=1,2,3... (1)

Zi = [Y,,X/], Y: : DependentvariableX; : Independent variable

i = [1y, uy] w:Constant Term
y = [)/y, yx] "y and ¢ : Matrix of delayed values of i
&t = [

Eyts axt] & Error term t: Linear trend

The error correction model according to the ARDL approach is
as follows:

m
AY = ap+ay (errort—1) + E ) 1a2iAYt—i
i=

m
+ Zi _ @AKo (2)

a; is the error correction coeflicient of the variable. The
coeflicient a; shows how much of the short-term deviation will
be balanced in the long run, and it is expected to have a negative
sign [25].

CUSUM and CUSUMQ tests are used to examine the
stability of the long- and short-term coefficients of the model.
The CUSUM test gives a graph of the long- and short-term
coeflicients of the cumulative error terms of the number of
observations at a confidence interval of 5%. The CUSUMQ
test evaluates the coefficients according to the squares of the
cumulative error terms. When the error terms are within the
confidence interval showing the 5% significance level, it is
concluded that the estimated coefficients are stable.

Hatemi-J Asymmetric Causality Test

In tests developed for causality analysis, it is based on the
assumption that positive and negative shocks have the same effect
while measuring the relationship between two time series [29-
31]. Hatemi-J asymmetric causality test takes into account the

presence of asymmetric information in the financial markets in
the causality analysis by separating the negative and positive
shocks in the variables.

The asymmetric causality test examines the causality between
positive and negative cumulative shocks and can be applied
to both stationary and non-stationary series. The asymmetric
causality test developed by Hatemi-J [1] aims to examine the
up and down causality relationship between variables. Two
integrated variables y,, and y,; that we want to determine the
asymmetric causality relationship is defined as [1]:

t
Vit = Yo T 1=y + Zi _ G (3)
t

Yor =Yy_1 + €2 =y2+ Z £2i (4)
i—1

When the constants t = 1,2,... t, y19, and yy¢ are initial values,

and the variables £1; ve &;; indicate white noise terms. Positive

and negative shocks are defined as:
afri = max(ey;, 0)52 = max(&,;,0)

&,; = min(ey;, 0)e;; = min(ey;,0)

It is expressed as €1; = 8; +e;and & = 8; + &5;. From here,

the following equations are created.

t t
yu =y ten=yio+ Y e+ > ey ©)

i=1 i=1

t t
Y =Yyt =)0+ Z e + Z £5; (6)

i=1 i=1

Hatemi-]J [1] treats positive and negative shocks cumulatively and
arranges them for causality testing as follows:

t t
=2 =2 e
= e = €
Y1t o Ju PEROT:
t t
+ — o = —
J’zt—E:izlgzz th_E:izl‘th

The next step in the asymmetric causality test is testing the causal
relationship between variables as a positive and negative shock.
The test method is defined only for the data vector generated
for positive cumulative shocks, but the test method is the same
for negative shocks. Assuming y;" = ( yTt’ y3,), the causality test
can be applied using the following vector autoregressive p, VAR
(p) model:

yi=vH Ay AT ™)

The optimal lead-lag is determined by considering the model
selection criteria proposed by Hatemi-]J [1]. After determining the
optimal lead-lag, the null hypothesis, which states that there is no
causality between variables, is tested. If the value of the Wald test
statistic is greater than the critical value, the null hypothesis is
rejected at the o significance level. Bootstrap critical values are for
three different severity levels. Boots simulations are performed
using statistical software components written in GAUSS [1].
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FIGURE 1 | Panic Index, Bitcoin, Ethereum, and Ripple Values Distribution Graphs.
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DATA AND EMPIRICAL RESULTS
Data

This study examines how the Panic index (PIndex) affects
cryptocurrencies. Bitcoin (BTC), Ethereum (ETH), and Ripple
(XRP) are included in the study as cryptocurrencies. Since
the panic index started to be arranged on 08.01.2020, daily
data for the period 08.01.2020 — 31.12.2020 were used in the
study. Panic index data were taken from the ravenpack.com
database, data belonging to BTC, ETH, and Rupple were taken
from the investing.com database. The asymmetric relationship
between the panic index and BTC, ETH, XRP has been
analyzed with EViews 9 and Gauss 10 package programs. A
graphical representation of the variables used in the study is
given in Figure 1.

When the graphs are examined, it is seen that the panic index
reached its highest point with the World Health Organization
declaring a pandemic. When it comes to the summer months, it
is seen that the panic index has moved within a certain range, but
by the end of 2020, the index tends to rise again. During the initial
periods when the Panic index peaked, it is seen that the value of
BTC, ETH, and XRP cryptocurrencies has decreased. However,
by the end of 2020, with the rise in the panic index, the value of
cryptocurrencies is observed to peak remarkably.

Descriptive statistics of PIndex, BTC, ETH, and XRP are
shown in Table 1. The Jarque-Bera coeflicient is a statistical value
that indicates whether a series is normally distributed. According
to Table 1, it was determined that the Jarque-Bera coefhicients
of the series are statistically significant and the series are not
normally distributed.
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Unit root tests are performed first in order to make a causality
analysis in time series. In the study, ADF (Extended Dickey-
Fuller) unit root test developed by Dickey and Fuller [32] and PP
(Phillips-Perron) unit root tests developed by Phillips Perron [33]
were preferred. Unit root test results are presented in Table 2.

In ADF (Augmented Dickey-Fuller) and PP (Philips-Perron)
tests, Ho (basic hypothesis) is established as the series has a
unit root, that is, it is not stationary. According to ADF test
results, t statistics calculated for the Panic index series are
lower than their critical values at 1, 5, and 10% significance
levels. Accordingly, the null hypothesis was rejected and it
was determined that this variable did not have a unit-root.
Therefore, the panic index series is stable in level values. The
t statistics calculated for the cryptocurrency series are greater
than their respective critical values at the 1% significance
level. Accordingly, the null hypothesis was accepted and it
was determined that these series have unit-roots. Therefore,
Bitcoin, Ethereum, and Ripple series are not stable in their
level values. Phillips Perron test statistics also provide results
that support the ADF test statistics. The first difference of
the unstable Bitcoin, Ethereum, and Ripple series was taken

TABLE 1 | Descriptive statistics.

PINDEX BTC ETH XRP
Mean 3.118329 11182.75 310.6445 0.259325
Median 2.950000 9772.000 246.9600 0.237220
Maximum 9.210000 28949.00 751.8000 0.692240
Minimum 0.000000 4826.000 107.9000 0.136040
Std. Dev. 1.526394 4321.069 143.6742 0.105613
Skewness 0.876137 1.782970 0.889880 2.349141
Kurtosis 5.050287 6.276302 3.091912 8.064279
Jarque-Bera 108.8090 350.7740 47.50760 713.8232
Probability 0.000000 0.000000 0.000000 0.000000
Observation 359 359 359 359

and the first difference of the series was determined to
be stationary.

Empirical Results

In this section, the long-run relationship between (PIndex,
BTC, ETH, XRP) is examined using the ARDL bounds testing
procedure. In the first step, the lag order of the variables in
the equations was obtained from unconstrained models using
Hannan Quinn Information Criteria. The Schwartz Bayesian

TABLE 3 | Bounds F-test for cointegration.

Dependent variables(k) F statistic 1(0) 1(1)

3 2.286 3.38 4.23*

*Denote statistical significance at the 5% level, respectively. Asymptotic critical value
bounds are obtained from Narayan, [34], p. 1987.
Source: Prepared by the author.

TABLE 4 | Results of Hatemi-J asymmetric causality test.

Direction of causality Test statistics P-value Bootstrap critical values

1% 5% 10%
PINDEXT — BTC* 6.781 0.237 16.660 11.682 9.492
PINDEXT — BTC™ 11.231 0.047 15.018 11.878 9.541
PINDEX~ — BTC~ 6.174 0.290 17.770 12.536 10.644
PINDEX™ — BTC* 6.040 0.302 16.752 11.496 9.468
PINDEX" — ETH* 2.232 0.816 18.397 11.742 10.212
PINDEXT — ETH™ 15.555 0.030 19.221 14.402 12.358
PINDEX™ — ETH™ 8.872 0.262 18.384 13.959 12.307
PINDEX™ — ETH* 8.393 0.299 20.815 15.058 12.986
PINDEXT — XRP* 7.868 0.547 24.682 19.548 16.653
PINDEXT — XRP~ 24.655 0.003 24.505 18.775 15.116
PINDEX~ — XRP~ 8.294 0.505 24.825 18.862 15.885
PINDEX~ — XRP* 10.028 0.348 23.682 18.334 16.411

Source: Prepared by the author.

Source: Prepared by the author. Variables with significant results are shown in bold.

TABLE 2 | Results of unit root tests.

Series Augmented Dickey-Fuller Philips-Perron
(ADF) test (PP) testi
Intercept Intercept and trend Intercept Intercept and trend

PINDEX Level —3.188112** —3.195330" —5.437977*** —5.431903**
BTC Level 3.651811 1.814847 4.068705 2.071909

1 st Diff. —19.43811** —19.98510"** —19.49993*** —19.95505"**
ETH Level 0.761009 —1.181376 1.288898 —0.784403

1 st Diff. —19.73992*** —19.83994*** —19.93715"* —20.14285"*
XRP Level —2.036602 —2.178270 —2.186571 —2.393536

1 st Diff. —18.63870"* —18.62031*** —18.64873"* —18.63061**
Values of *, **, *** show the stationarities of the series at 10, 5, 1% significance levels.
Source: Prepared by the author.
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Criterion shows that the optimal lag for the model is 1. (Results
are not reported here).

After determining the optimum lag for the equations, in the
next step, the F boundary test was applied to examine a long-
term relationship between the studied variables. The results of the
bound test are reported in Table 3.

When Table 3 is examined, it is seen that the calculated F
statistic is less than the lower critical value. Therefore, the basic
hypothesis showing that there is no cointegration relationship
between variables could not be rejected. According to these
results, it is determined that there is no long-term cointegration
relationship between the PIndex and BTC, ETH, and XRP. It
can be said that the data period is short as the reason for the
lack of a cointegration relationship between the panic index
and cryptocurrencies.

In order to see in which way, the increases and decreases
in the panic index affect the cryptocurrencies, the asymmetric
relationship has been discussed separately. The results of
the Hatemi-] asymmetric causality test, which examines the
asymmetric causality relationship between Panic Index, Bitcoin,
Ethereum, and Ripple are shown in Table 4.

When the asymmetric relationship between the panic index
and Bitcoin is examined; one unit of positive shock in the
panic index appears to cause a negative shock on the Bitcoin
cryptocurrency. In other words, the null hypothesis that the
positive shocks in the panic index are not the cause of the negative
shocks on Bitcoin could not be rejected. However, it has been
determined that negative shocks in the panic index do not have
any causal effect on Bitcoin.

When the asymmetric relationship between the panic index
and Ethereum is examined; one unit of positive shock in the
panic index appears to cause a negative shock on Ethereum
cryptocurrency. In other words, the positive increase in the panic
index causes the Ethereum value to fall.

When the asymmetric relationship between the panic index
and Ripple is examined; one unit of positive shock in the
panic index appears to cause a negative shock on Ripple
cryptocurrency. In other words, the positive increase in the panic
index causes the Ripple value to fall. These results show that
the increases in the panic index cause negative shock (decrease)
on cryptocurrencies.

CONCLUSION

In this study, the relationship between the Coronavirus Panic
Index (PINDEX) and a selected group of cryptocurrencies (BTC,
ETH, XRP) was investigated in the first period of the Covid-19
pandemic. First of all, the cointegration relationship between
variables was examined by the ARDL cointegration test. Then,
the causality relationship between variables was investigated with
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