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Introduction
The COVID-19 outbreak has generated a turbulent financial setting and set off a large-
scale economic block that has driven a global recession (Naeem et al. 2021a). The signifi-
cant sanitary slump caused by the pandemic has presented one of the most significant 
concerns since the Second World War (Khelifa et al. 2021). This unprecedented down-
turn was challenging to predict and is seen as a “black swan” event (Yarovaya et al. 2021). 
Initially, the coronavirus crisis impacted the real sector and provision of goods due to 
the interruption of industry and chain of distribution, extensive quarantines, and travel 
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bans; afterward, the financial sector was sharply affected (Jebabli et al. 2021). Because 
of panic trading (Le et  al. 2021), stock exchanges in the United States hit four circuit 
breakers in two weeks (Ji et al. 2020), and the oil price recorded a dramatic plunge, the 
largest since the Gulf War (Sharif et al. 2020). Due to the quick evolution of economic 
globalization, financial shocks may spread throughout nations and markets, and the 
global slowdown raises the likelihood of financial contagion (Guo et al. 2021). Hence, the 
integration of international financial markets has heightened considerably, and the mar-
ket risk contagion between them has risen substantially (Liu et al. 2021). Furthermore, 
the market risk aversion amplified to levels not seen since the global financial crisis (Bel-
hassine and Karamti 2021).

Destructive occurrences, such as COVID-19, engender fear among investors, which 
can modify their investment conduct, risk predilections, and, thus, asset prices (Papa-
kyriakou et al. 2019). Béjaoui et al. (2021) reported short- and long-term support for the 
link between the Bitcoin price, social media metrics, and the intensity of the pandemic. 
Haroon and Rizvi (2020) found that panic induced by coronavirus news positively relates 
to volatilities in various manufacturing segments’ indices. Ambros et al. (2020) noticed 
that COVID-19 news boosted stock market volatility in European markets. In contrast, 
Sun et al. (2021) claimed that coronavirus-related news and economic-related announce-
ments did not induce unreasonable investment resolutions. Various metrics that seize 
uncertain settings, including financial markets, were also used to predict future returns. 
In this regard, Costola et  al. (2020) suggested that the Italian Google Trends (GT)-
COVID-19 index account for other nations’ market returns. Bouri et al. (2021) observed 
that a daily newspaper-based index of equity market volatility due to infectious diseases 
enhances the prediction verity of gold realized variance at short-, medium, and long-run 
perspectives. Szczygielski et  al. (2022) found that pandemic-related uncertainty, lock-
downs, and media attention primarily impacted financial markets.

Cryptocurrencies are free of government manipulation (Gaies et  al. 2021), but Bit-
coin cannot ensure monetary stability, showing high volatility (Cachanosky, 2019; Ana-
mika et al. 2021) and no fundamental value (Cheah and Fry 2015; Mnif et al. 2022). For 
instance, Easley et  al. (2019) emphasized that the Bitcoin setting is shifting to a more 
market-based structure that can adjust to varying economic situations; however, the lack 
of regulation and transparency contributes to the market’s uncertainty (Wang 2021). 
Hence, like AlNemer et al. (2021), investor sentiment might exert a pivotal role in pre-
dicting Bitcoin price variations (Eom et  al. 2019). Thus, Wołk (2020) emphasized that 
virtual currency price oscillations can rely on social media sentiment and web search 
analytics tools. This current study examines how Bitcoin returns react to COVID-19 
pandemic news, measured by the RavenPack coronavirus-related indices (Panic, Hype, 
Fake News, Sentiment, Infodemic, and Media Coverage). The effects of the whole Rav-
enPack pandemic indices on the cryptocurrency market has been underexplored. For 
instance, Chen et al. (2022) employed Panic Index, Media Hype Index, Fake News Index, 
and Sentiment Index, but the Bitcoin price ratio was considered instead of returns. 
Umar et al. (2021) used only the Media Coverage Index and established that virtual cur-
rencies are net shock transmitters, whereas fiat currency is a net receiver. Vurur (2021) 
employed only the Panic Index and found that digital coins are more vulnerable to 
adverse headlines. Umar and Gubareva (2020) covered only Coronavirus Panic Index but 
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explored Bloomberg Galaxy Crypto Index. Marobhe (2022) covered the corona Panic 
Index and demonstrated the longstanding resistance of cryptocurrencies to COVID-19. 
As such, previous studies used only one indicator to assess media exposure, frequently 
overlooking the different influences of various types of news reports, such as disinfor-
mation and public anger (Zhang et al. 2022). In this regard, Atri et al. (2021) highlighted 
the heterogeneous impacts, documenting that COVID-19 panic has a negative effect 
on crude oil prices; however, COVID-19 media coverage has a positive influence on oil 
prices in the short-term. Furthermore, Shi and Ho (2021) noticed that pessimistic news 
tends to boost the probability of greater volatility states, whereas optimistic news has 
the opposite effect. Buigut and Kapar (2021) found a lowered (greater) exposure of panic 
and media indices (fake news) to the number of cases; however, this fact was not con-
stant across all explored nations. Tan (2021) reinforced that media has varying degrees 
of influence across quantiles, and an asymmetric link exists between Borsa Istanbul 
returns and pandemic news. As such, a literature gap has been identified in document-
ing the effects of different pandemic news on Bitcoin; this gap in the literature motivated 
this study.

Certain events can arouse either a constructive or a pessimistic belief, substantially 
impacting investors’ investment preferences and, as a result, the related prices (Donadelli 
et al. 2017). In this regard, Jeon et al. (2021) supported that the regularity of the head-
line stream significantly impacts stock returns. Such reactions are primarily triggered by 
investors’ insights into news announcements and circumstances (Sun et al. 2021). Raissi 
and Missaoui (2015) suggest that investor sentiment is defined as a bias in which the 
response is based on a signal from noise rather than knowledge; it also refers to stock-
holder optimism or pessimism. Hudson et al. (2020) claimed that reasonable investment 
judgments are less likely to be made when anthropological, mental, and lifestyle factors 
enter the investment decision. Investigating how the cryptocurrency market reacts to 
coronavirus news is critical because it can assist investors and policymakers in making 
informed decisions. Our empirical findings support that positive and negative shocks in 
coronavirus-related indices boost Bitcoin returns. This notion is consistent with Salisu 
and Ogbonna (2021), which found a positive effect of media on the return instability of 
cryptocurrencies. Apart from providing evidence that pandemic news indices are a sub-
stantial driver of Bitcoin, our study also documents several causal associations between 
coronavirus-related indices and the cryptocurrency market.

Our main practical contributions to the existing literature are as follows. First, to the best 
of our knowledge, only Banerjee et al. (2022) approached the whole RavenPack pandemic 
indices on the cryptocurrency market; however, they did not consider any measure regard-
ing new pandemic cases and deaths or the VIX index. Mahdi and Al−Abdulla (2022) used 
the RavenPack coronavirus news-based indices but did not include the Coronavirus Hype 
Index and Coronavirus Fake News Index. Youssef and Waked (2022) employed the Media 
Coverage Index but explored the herding behavior in the cryptocurrency market. Most of 
the previous studies employed Google (Urquhart 2018; Salisu and Ogbonna 2021; Ana-
stasiou et al. 2021; Rajput et al. 2020; Figà−Talamanca and Patacca 2020; Zhu et al. 2021; 
Bashir and Kumar 2022; Vukovic et al. 2021; Benlagha and Hemrit 2022; Dias et al. 2022; 
Kim and Orlova 2021; Bonaparte and Bernile 2022; Raza et al. 2022b; Tong et al. 2022) or 
Twitter (Shen et al. 2019; Kraaijeveld and Smedt, 2020; Choi 2021; Naeem et al. 2020; Wu 
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et al. 2021b; Elsayed et al. 2022; Bashir and Kumar, 2022; Kyriazis et al. 2022; Gök et al. 
2022; Dias et al. 2022; French, 2021; Tong et al. 2022) data and were oriented toward equity 
markets (Haroon and Rizvi 2020; Shi and Ho, 2021; Tan 2021) or commodities (Atri et al. 
2021). Because the effects of various kinds of news fluctuate, this paper employs different 
forms of COVID-19 pandemic news. Second, this study employs an extended period of 
investigation covering the first three destructive waves of the coronavirus pandemic. Third, 
previous research (Akyildirim et al. 2020; Corbet et al. 2020) considered the standard gen-
eralized autoregressive conditional heteroskedasticity (GARCH), which does not seize the 
uneven reactions of Bitcoin to positive and negative news. In contrast, this study employs 
the exponential GARCH (EGARCH) model, which permits the capture of volatility asym-
metry (Tiwari et  al. 2019). Furthermore, prior papers employed the robust least squares 
estimation method (Anamika et al. 2021), difference-in-difference framework (Chen et al. 
2022), quantile regression model (Rahadian and Nurfitriani, 2022), or linear autoregressive 
distributed lag (ARDL) models (Demir et al. 2020; Vurur 2021; Havidz et al. 2022b) which 
do not consider the asymmetric effect. Therefore, we have used the nonlinear autoregres-
sive distributed lag (NARDL) model of Shin et al. (2014) to simultaneously capture both 
asymmetric long and short-run relationships among variables (González et al. 2021; Long 
et al. 2021). The study of the uneven effect is necessary since the asymmetry in public opin-
ion is considerable (Soroka 2006). Finally, different from earlier studies that applied the tra-
ditional Granger causality test (Guégan and Renault 2021; Sabah 2020; Béjaoui et al. 2021; 
Naeem et al. 2020, 2021b; Polat et al. 2022; Bourghelle et al. 2022; Burggraf et al. 2021; Zhu 
et al. 2021; French 2021; Hou et al. 2021), we assess the causal association among variables 
through frequency domain causality test developed by Breitung and Candelon (2006). This 
technique presumes a dynamic approach for causality examination because it is applied 
over several alternative frequencies.

According to theory, any increase in market insecurity generates a capital outflow from 
risky assets to safer ones (Burggraf et al. 2021). In this regard, our study’s theoretical con-
tribution is illustrated by the validation of Demir et al. (2018); Demir et al. (2020). They 
suggest that Bitcoin can be regarded as a hedging instrument in times of extreme unpre-
dictability. Furthermore, in line with Bouri et al. (2017), we show that Bitcoin reacts posi-
tively to uncertainty as measured through RavenPack coronavirus-related indices; however, 
our empirical outcomes oppose Baur and Dimpfl (2018), who claimed that after positive 
shocks, noise trading leads, while informed investors trade more after destructive shocks. 
Contrary to Güler (2021), the fear of missing out (FOMO) conduct of speculative and irra-
tional investors does not prevail; emotions do not lead the Bitcoin market.

The rest of the paper is organized as follows. “Prior literature” section reviews earlier lit-
erature, “Quantitative framework” section describes the data and quantitative methodol-
ogy, “Econometric findings” section presents our econometric outcomes, and “Concluding 
remarks and policy implications” section concludes.

Prior literature
On the diversifier, hedge, and safe heaven properties of cryptocurrencies 

during the COVID‑19 pandemic

The rapid expansion of the pandemic exhibited the negative side of globalization and 
how severe a global overflow may be between nations (Zaremba et al. 2021). Accordingly, 
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this circumstance has triggered a flight-to-quality phenomenon (Disli et  al. 2021) 
wherein many stakeholders shifted from holding risky assets to perceived safe-haven 
assets (Park, 2022) to lessen risks, reduce losses, and shield the value of their portfo-
lios (Diniz-Maganini et al. 2021). Under such conditions, cryptocurrencies are regularly 
mentioned when discussing potential safe-haven investments. A safe-haven asset should 
be unconnected or negatively associated with another asset during market stress or 
instability (Baur and Lucey 2010). Cryptocurrencies are a prevalent nominee for a safe-
haven asset, regarded as the “new gold” (Klein et al. 2018) due to their autonomy from 
monetary policy, role as worth preservation, and poor association with common assets 
(Conlon and McGee 2020). Conlon et al. (2020) argued that safe-haven characteristics 
might differ globally, and Li et al. (2021a) showed that Bitcoin’s predictive power for dif-
ferent country equity indexes changes. Nevertheless, the evidence of Bitcoin’s potential 
to offer a safe-haven from instabilities in conventional markets is debatable. This may be 
due to the absence of a bear market in the historical sample before the pandemic; thus, 
the safe-haven premise was not assessed under critical market circumstances. Shahzad 
et al. (2022) argued that it is challenging to forecast Bitcoin’s future stability because of 
its short existence.

Therefore, the first area of study emphasizes Bitcoin’s hedging potential, safe-haven, 
and diverse investment qualities in the face of uncertainty. Table 1 summarizes the lit-
erature in this area. For instance, Trichilli and Abbes (2022) claimed that Bitcoin is a 
safe-haven asset that should be integrated with commodities and equities for stronger 
asset allocation and hedging efficiency before and during pandemic cycles. Compared 
to the S&P 500 Index, gold, and the US Dollar Index, Wang and Wang (2021) found that 
Bitcoin market efficiency is more resistant throughout the plague, supporting its safe-
haven asset quality. Melki and Nefzi (2022) reported that Ethereum is the strongest safe-
haven for commodities, while Ripple has performed as a hedge asset to the Forex market 
throughout the contagion. Jiang et al. (2021) additionally showed that Stellar and Bitcoin 
are outstanding alternatives to hedging assets for individual and institutional stockhold-
ers. Guzmán et al. (2021) found that declines in movement worldwide lifted the traded 
volume of Bitcoin throughout the pandemic. Baur et al. (2018) reported that Bitcoin is 
uncorrelated with conventional assets, such as stocks, bonds, and commodities, in regu-
lar periods and across financial meltdowns. Bouri et  al. (2018) reinforced that Bitcoin 
can behave as a safe-haven against global financial stress from a medium-term stand-
point, while Corbet et  al. (2021) noticed an increased liquidity of the cryptocurrency 
market after the official declaration of the pandemic.

Nonetheless, several studies questioned the hedge and safe-haven properties of Bit-
coin. In this regard, Smales (2019) advised that Bitcoin is more unpredictable, less liquid, 
and more expensive to trade than gold, which should exclude it as a safe-haven asset. 
Furthermore, Choi and Shin (2022) found that Bitcoin prices diminish considerably due 
to financial uncertainty shocks. Raheem (2021) noticed that before the pandemic, Bit-
coin held its broadly agreed qualities, but the post-COVID-19 proclamation revealed 
that the safe-haven assumption has faded. Cocco et  al. (2022) reinforced this finding, 
advising that the pandemic has affected Bitcoin’s prestige as a safe-haven. Regarding 
the instability of returns, Yarovaya et  al. (2022) claimed that virtual currencies depict 
the riskiest asset class in the long-term; hence, their safe-haven feature is questionable. 
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Karaömer (2022) confirmed that throughout the prominent incidents, cryptocurrency 
policy uncertainty (UCRY Policy) has a detrimental effect on digital currency returns, 
suggesting that they are ineffective as a hedge or safe-haven asset. By investigating the 
initial equities bear market related to the pandemic, Conlon et al. (2020) reported that 
Bitcoin and Ethereum are not a safe-haven for most of the explored global equity mar-
kets because their integration increased portfolio downside risk. López−Cabarcos et al. 
(2021) suggested that Bitcoin can be considered a safe-haven during turbulent periods 
but is desirable for speculative investors during stable terms. Furthermore, Arouxet et al. 
(2022) also questioned the viability of cryptocurrencies as a safe-haven during the dis-
ease outbreak because they were vulnerable to speculative moves, and significant shifts 
in volatility could indicate the uncertainty surrounding the real price. Hence, the phases 
of obvious bubble behavior (Corbet et  al. 2018) and the doubting dealing operation 
(Gandal et al. 2018) may cast skepticism on Bitcoin’s capability to serve as a safe-haven.

According to Huang et  al. (2021), the COVID-19 outbreak changed the role of Bit-
coin globally, except for the United States, which may account for the conflicting results 
regarding the hedge and safe-haven status of cryptocurrencies in the pandemic era. Fur-
thermore, Wang et  al. (2019) proved that the safe-haven feature is more noticeable in 
developed markets and subgroups with greater market capitalization and liquidity. In 
this regard, Wüstenfeld and Geldner (2022) argued that Bitcoin acts differently based on 
the nation being investigated, highlighting the significance of country-level studies.

The effect of the COVID‑19 pandemic on cryptocurrency returns 

Due to low fundamental value, Mnif et al. (2022) proved that the major cryptocurrency 
markets experienced several short-lived bubbles during the coronavirus pandemic. 
Market stress increased belief dispersion, decreasing Bitcoin futures returns but sig-
nificantly elevating volatility and trading volume in the pandemic phase compared to 
the pre-pandemic period (Park 2022). In contrast to the S&P 500 Index and gold, which 
usually alternated between 3 and 5%, Foley et  al. (2022) found that the expected risk 
premium for Bitcoin is considerably higher than other markets, averaging around 80% 
yearly. Foroutan and Lahmiri (2022) reinforced that cryptocurrencies are more erratic 
and unstable than global stock markets during the COVID-19 pandemic. Furthermore, 
Benlagha and Hemrit (2022) suggested that high stock market risk aversion and fear 
increase the value of Bitcoin; however, Haffar and Fur (2022) asserted that, except for a 
bear market, no asset could impact Bitcoin because it is a solitary market.

Furthermore, another branch of studies explored the relationship between coronavirus 
figures and digital asset returns, finding contradictory outcomes. Table 2 provides a sum-
mary of prior literature in this regard. Although the COVID-19 pandemic harmed the 
economy, Lee et al. (2022) showed that it had no discernible impact on Bitcoin; hence, 
some earlier research supported the conclusion that there is no connection between 
COVID-19 and the cryptocurrency market. In this regard, apart from USDT, Minutolo 
et al. (2022) noticed that the spread variation of the entire world has no impact on the 
price return of the major cryptocurrencies. Kim and Orlova (2021) estimated multivari-
ate regressions, finding that the pandemic occurrence barely affected the performance 
of Bitcoin futures. Havidz et al. (2022a) uncovered that the COVID-19 cumulative posi-
tive cases had positive but insignificant effects on Bitcoin returns. Additionally, Vukovic 



Page 10 of 58Gherghina and Simionescu  Financial Innovation            (2023) 9:21 

Ta
bl

e 
2 

Br
ie

f r
ev

ie
w

 o
f e

ar
lie

r s
tu

di
es

 o
n 

th
e 

ne
xu

s 
be

tw
ee

n 
CO

VI
D

-1
9 

ou
tb

re
ak

 a
nd

 c
ry

pt
oc

ur
re

nc
y 

m
ar

ke
t

A
ut

ho
r(

s)
Pe

ri
od

Va
ri

ab
le

s
Q

ua
nt

ita
tiv

e 
m

et
ho

ds
Em

pi
ri

ca
l o

ut
co

m
es

A
pe

rg
is

 (2
02

1)
Fe

br
ua

ry
 1

, 2
02

0–
O

ct
ob

er
 3

1,
 2

02
1

Bi
tc

oi
n,

 D
as

h,
 E

th
er

eu
m

,
Li

te
co

in
, X

RP
, N

EM
, D

ig
iB

yt
e,

 D
og

ec
oi

n,
 

gl
ob

al
 e

st
ab

lis
he

d 
ca

se
s, 

gl
ob

al
 fa

ta
lit

y 
ca

se
s

TG
A

RC
H

, G
JR

-G
A

RC
H

Th
e 

pa
nd

em
ic

 h
as

 a
 b

en
efi

ci
al

 im
pa

ct
 

on
 th

e 
vo

la
til

ity
 o

f r
et

ur
ns

Ca
fe

rr
a 

an
d 

Vi
da

l-T
om

ás
 (2

02
1)

N
ov

em
be

r 1
, 2

01
9–

Ju
ne

 1
, 2

02
0

S&
P 

50
0,

 E
ur

o 
St

ox
x 

50
, B

itc
oi

n,
 

Et
he

re
um

W
av

el
et

 c
oh

er
en

ce
 a

pp
ro

ac
h,

 M
ar

ko
v 

sw
itc

hi
ng

 a
ut

or
eg

re
ss

iv
e 

m
od

el
CO

VI
D

-1
9 

ca
us

ed
 a

 te
m

po
ra

ry
 e

ffe
ct

 o
n 

cr
yp

to
cu

rr
en

cy
 d

yn
am

ic
s

D
u 

(2
02

2)
Ja

nu
ar

y
11

, 2
01

9,
 to

 M
ay

 1
, 2

0,
20

1,
Bi

tc
oi

n 
pr

ic
e,

 d
ai

ly
 n

um
be

r o
f n

ew
ly

 
co

nfi
rm

ed
 C

O
VI

D
-1

9 
ca

se
s 

in
 C

hi
na

 
an

d 
in

 th
e 

U
ni

te
d 

St
at

es

A
RM

A
X,

 G
A

RC
H

U
nd

er
 th

e 
A

RM
A

X 
m

od
el

, t
he

re
 is

 n
o 

si
gn

ifi
ca

nt
 li

nk
 b

et
w

ee
n 

Bi
tc

oi
n 

pr
ic

e 
an

d 
CO

VI
D

-1
9,

 b
ut

 th
e 

G
A

RC
H

 m
od

el
 

ex
hi

bi
t a

 s
ig

ni
fic

an
t a

ss
oc

ia
tio

n

Iq
ba

l e
t a

l. 
(2

02
1)

Ja
nu

ar
y 

1,
 2

02
0–

Ju
ne

 1
5,

 2
02

0
To

p 
te

n 
cr

yp
to

cu
rr

en
ci

es
 a

c-
co

rd
in

g 
to

 m
ar

ke
t c

ap
ita

liz
at

io
n,

 re
gu

-
la

r a
dd

iti
on

s 
in

 th
e

ac
tiv

e 
ca

se
s, 

ev
er

yd
ay

 a
dd

iti
on

 in
 

nu
m

be
r o

f d
ea

th
s

Q
Q

R 
(Q

ua
nt

ile
-o

n-
Q

ua
nt

ile
 R

eg
re

s-
si

on
)

A
sy

m
m

et
ric

 e
ffe

ct
 o

f c
on

ta
gi

on
 s

ev
er

ity
 

on
 th

e 
do

w
nw

ar
d 

an
d 

Bu
lli

sh
 p

ro
gn

os
es

 
in

 c
ry

pt
oc

ur
re

nc
ie

s

Ja
la

n 
et

 a
l. 

(2
02

1)
M

ar
ch

 2
02

0–
A

ug
us

t 2
02

1
D

ig
ix

 G
ol

d 
To

ke
n,

 P
er

th
 M

in
t G

ol
d 

To
ke

n,
 T

et
he

r G
ol

d,
 P

A
X 

G
ol

d,
 M

id
as

 
To

uc
h 

G
ol

d

Ta
il 

co
pu

la
, d

yn
am

ic
 s

pi
llo

ve
rs

D
ur

in
g 

th
e 

CO
VI

D
-1

9 
pa

nd
em

ic
, t

he
 

vo
la

til
ity

 o
f g

ol
d-

ba
ck

ed
 c

ry
pt

oc
ur

re
n-

ci
es

 w
as

 s
im

ila
r t

o 
th

at
 o

f B
itc

oi
n

Ke
ra

m
iy

an
 a

nd
 G

ok
m

en
og

lu
 (2

02
2)

Se
pt

em
be

r 2
01

0–
Ju

ne
 2

02
0

Bi
tc

oi
n 

pr
ic

es
, M

ac
ro

ec
on

om
ic

 
U

nc
er

ta
in

ty
 In

de
x 

(M
U

I),
 E

co
no

m
ic

 
U

nc
er

ta
in

ty
Re

la
te

d 
Q

ue
rie

s 
(E

U
RQ

)

Co
nv

en
tio

na
l

G
ra

ng
er

 c
au

sa
lit

y,
 G

ra
ng

er
 c

au
sa

lit
y

te
st

 in
 q

ua
nt

ile
s

Bi
tc

oi
n 

ca
n 

ac
t a

s 
a 

he
dg

e 
ag

ai
ns

t 
m

ac
ro

ec
on

om
ic

 u
nc

er
ta

in
ty

 d
ur

in
g 

pr
ol

on
ge

d 
fin

an
ci

al
 d

is
tr

es
s

M
ar

ia
na

 e
t a

l. 
(2

02
1)

Ju
ly

 1
, 2

01
9–

A
pr

il 
6,

 2
02

0
Bi

tc
oi

n,
 E

th
er

eu
m

, g
ol

d,
 S

&P
 5

00
 d

ai
ly

 
re

tu
rn

s
D

yn
am

ic
 c

on
di

tio
na

l c
or

re
la

tio
n 

an
al

y-
si

s, 
re

gr
es

si
on

 a
na

ly
si

s
Bi

tc
oi

n 
an

d 
Et

he
re

um
 e

xh
ib

it 
la

rg
e 

da
ily

 
re

tu
rn

 v
ol

at
ili

tie
s 

th
ro

ug
ho

ut
 p

an
de

m
ic

M
ga

dm
i e

t a
l. 

(2
02

2)
Ja

nu
ar

y 
2,

 2
01

9–
Ju

ly
 2

7,
 2

02
1

Bi
tc

oi
n,

 E
th

er
eu

m
, S

te
lla

r, 
Ri

pp
le

, 
Ca

rd
an

o,
 c

as
es

, d
ea

th
s 

an
d 

va
cc

in
at

io
n 

du
rin

g 
th

e 
pa

nd
em

ic

A
RM

A
(p

,q
), 

A
RC

H
, G

A
RC

H
, E

G
A

RC
H

, 
TG

A
RC

H
, O

rd
in

ar
y 

Le
as

t s
qu

ar
es

 
m

et
ho

d

Ex
ce

pt
 fo

r C
ar

da
no

, t
he

 o
ve

ra
ll 

de
at

h 
to

ll 
ha

s 
a 

ne
ga

tiv
e 

eff
ec

t o
n 

cr
yp

to
cu

rr
en

-
ci

es
’ p

ric
e

Th
e 

ov
er

al
l p

op
ul

at
io

n 
w

ith
 th

e 
di

se
as

e 
an

d 
th

e 
to

ta
l p

op
ul

at
io

n 
w

ho
 h

av
e 

re
ce

iv
ed

 v
ac

ci
na

tio
ns

 h
av

e 
a 

po
si

tiv
e 

im
pa

ct
 o

n 
th

e 
cr

yp
to

cu
rr

en
cy

 m
ar

ke
t



Page 11 of 58Gherghina and Simionescu  Financial Innovation            (2023) 9:21  

Ta
bl

e 
2 

(c
on

tin
ue

d)

A
ut

ho
r(

s)
Pe

ri
od

Va
ri

ab
le

s
Q

ua
nt

ita
tiv

e 
m

et
ho

ds
Em

pi
ri

ca
l o

ut
co

m
es

M
ni

f e
t a

l. 
(2

02
0)

A
pr

il 
29

, 2
01

3–
M

ay
 1

9,
 2

02
0

Bi
tc

oi
n,

 E
th

er
eu

m
, R

ip
pl

e,
 L

ite
co

in
, 

Bi
na

nc
e

M
ul

tif
ra

ct
al

 a
na

ly
si

s
CO

VI
D

-1
9 

im
pr

ov
ed

 th
e 

effi
ci

en
cy

 o
f t

he
 

di
gi

ta
l c

ur
re

nc
ie

s

Ra
za

 e
t a

l. 
(2

02
2a

)
Ja

nu
ar

y 
19

, 2
02

0–
A

pr
il 

26
, 2

02
1

Et
he

re
um

, S
te

lla
r, 

Bi
tc

oi
n,

 R
ip

pl
e,

 
Bi

na
nc

e 
Co

in
, L

ite
co

in
, C

ar
da

no
, C

ha
in

 
Li

nk

Ti
m

e-
va

ry
in

g 
pa

ra
m

et
er

 v
ec

to
r 

au
to

re
gr

es
si

on
s 

(T
VP

-V
A

R)
, c

au
sa

lit
y-

in
-q

ua
nt

ile
s

Th
e 

sp
ill

ov
er

 c
on

ne
ct

ed
ne

ss
 a

cr
os

s 
th

e 
vi

rt
ua

l c
ur

re
nc

ie
s 

is
 s

ig
ni

fic
an

tly
 

im
pa

ct
ed

 b
y 

CO
VI

D
-1

9

Sa
ho

o 
(2

02
1)

M
ar

ch
 1

0,
 2

02
0–

Ju
ne

 3
0,

 2
02

0
Bi

tc
oi

n,
 E

th
er

eu
m

, B
itc

oi
n 

Ca
sh

, R
ip

pl
e,

 
Li

te
co

in
, C

O
VI

D
-1

9 
es

ta
bl

is
he

d 
an

d 
de

at
h 

ca
se

s

Li
ne

ar
 a

nd
 n

on
lin

ea
r G

ra
ng

er
 c

au
sa

lit
y

U
ni

di
re

ct
io

na
l c

au
sa

l r
el

at
io

n 
fro

m
 

CO
VI

D
-1

9 
fig

ur
es

 to
 c

ry
pt

oc
ur

re
nc

y 
pr

ic
e 

re
tu

rn
s

Sa
ho

o 
an

d 
Ra

th
 (2

02
2)

M
ar

ch
 1

5,
 2

02
0–

D
ec

em
be

r 1
5,

 2
02

1
Bi

tc
oi

n,
 to

ta
l n

um
be

r o
f c

on
fir

m
ed

 
ca

se
s 

an
d 

to
ta

l n
um

be
r o

f d
ea

th
s 

ca
us

ed
 b

y 
th

e 
CO

VI
D

-1
9

Fr
eq

ue
nc

y-
do

m
ai

n 
gr

an
ge

r c
au

sa
lit

y
Th

e 
as

so
ci

at
io

n 
be

tw
ee

n 
th

e 
ov

er
al

l 
nu

m
be

r o
f r

ep
or

te
d 

CO
VI

D
-1

9 
ca

se
s 

an
d 

Bi
tc

oi
n 

re
tu

rn
s 

w
as

 o
nl

y 
as

ce
rt

ai
ne

d 
at

 
sh

or
t a

nd
 m

ed
iu

m
 fr

eq
ue

nc
y 

ba
nd

s

Vi
da

l-T
om

ás
 (2

02
1)

A
ug

us
t 1

, 2
01

9–
A

ug
us

t 1
, 2

02
0

69
 c

ry
pt

oc
ur

re
nc

ie
s

N
et

w
or

k 
an

al
ys

is
Th

e 
vi

rt
ua

l c
ur

re
nc

y 
m

ar
ke

t w
as

 
im

pa
ct

ed
 b

y 
CO

VI
D

-1
9 

on
 M

ar
ch

 1
2,

 
20

20
, b

ut
 th

e 
m

ar
ke

t h
as

 g
ra

du
al

ly
 

re
bo

un
de

d 
to

 it
s 

or
ig

in
al

 c
on

di
tio

ns
 

si
nc

e 
A

pr
il 

20
20

W
as

iu
zz

am
an

 a
nd

 R
ah

m
an

 (2
02

1)
O

ct
ob

er
 2

, 2
01

9–
Se

pt
em

be
r 2

8,
 2

02
0

G
ol

d-
ba

ck
ed

 c
ry

pt
oc

ur
re

nc
ie

s
A

RM
A

-G
A

RC
H

 m
od

el
Th

e 
av

er
ag

e 
yi

el
ds

 a
nd

 v
ol

at
ili

ty
 fo

r b
ot

h 
PA

X 
G

ol
d 

an
d 

G
ol

d 
ar

e 
la

rg
er

 d
ur

in
g 

th
e 

pa
nd

em
ic

 a
nd

 b
ea

r m
ar

ke
t s

ta
ge

s, 
bu

t 
th

e 
eff

ec
t i

s 
no

n-
si

gn
ifi

ca
nt

Ya
n 

et
 a

l. 
(2

02
2)

Se
pt

em
be

r 8
, 2

01
7–

Fe
br

ua
ry

 1
4,

 2
02

2
Te

n 
cr

yp
to

cu
rr

en
ci

es
G

en
er

al
iz

ed
 a

ut
o-

re
gr

es
si

ve
 c

on
di

-
tio

na
l h

et
er

os
ce

da
st

ic
ity

 (G
A

RC
H

) 
m

od
el

, d
yn

am
ic

 c
on

di
tio

na
l c

or
re

la
-

tio
n 

(D
CC

)

CO
VI

D
-1

9 
ha

d 
a 

be
ne

fic
ia

l i
m

pa
ct

 o
n 

cr
yp

to
 re

tu
rn

s

So
ur

ce
 A

ut
ho

rs
’ o

w
n 

w
or

k



Page 12 of 58Gherghina and Simionescu  Financial Innovation            (2023) 9:21 

et al. (2021) discovered that the COVID-19 crisis had no statistically significant direct 
impact on the cryptocurrency market during the initial wave, and Fernandes et al. (2022) 
demonstrated that cryptocurrencies displayed significantly stable price dynamics both 
before and during the pandemic. Furthermore, Fareed et al. (2022), among other stud-
ies, reported a nonlinear relationship between COVID-19 and Bitcoin. Hou et al. (2021) 
also found a short-term negative effect of COVID-19 on Bitcoin prices but a long-term 
beneficial effect due to its features, such as digital payments, unbanked assets, and safer 
virus propagation. Marobhe (2022) proved that Bitcoin, Ethereum, and Litecoin all expe-
rienced sizable negative return shocks during the first wave of COVID-19; however, 
they bounced back in April 2020 and remained resilient to subsequent COVID-19 panic 
shocks.

By examining the closing prices of Bitcoin, Ripple, Litecoin, and Dash, Nitithumbundit 
and Chan (2022) reported greater return persistence, volatility, and cross-dependency 
during the disease outbreak, proving increased risk. Furthermore, Usman and Nduka 
(2022) observed a rise in persistence levels compared to before COVID-19 was declared 
a pandemic. Sui et al. (2022) confirmed that the cryptocurrency market was impacted by 
COVID-19, which substantially increased its total risk spillover effect. Similarly, Nguyen 
(2022) confirmed a volatility spillover effect from the stock market to Bitcoin through-
out the pandemic phase and other times of extreme uncertainty. Abraham (2021) used 
an event study approach and noticed that around COVID-19 dates, both Bitcoin and 
Altcoins experienced negative abnormal returns, with Altcoins being more adversely 
impacted. According to Bashir and Kumar (2022), a 1% rise in the Google search volume 
index, Twitter economic uncertainty, and tweets leads to a reduction in Bitcoin returns 
of 0.44, 0.33, and 1.35%, respectively. Demir et al. (2020) identified a negative connection 
among Bitcoin value and the number of reported cases and deaths; however, the rela-
tionship turns into positive throughout the subsequent period. In this regard, Di and Xu 
(2022) argued that despite the increasing number of new COVID-19 cases brought on 
by Omicron, the vaccine boosted confidence and sped up the financial market recovery, 
significantly positively impacting the ability of the financial market to recover from the 
pandemic.

Other research suggested that the pandemic had a beneficial impact on cryptocurrency 
returns. According to Mzoughi et al. (2022), the performance of the digital gold-contain-
ing portfolio improved during the COVID-19 crisis, particularly in cumulative returns. 
Temkeng and Fofack (2021) noticed that new COVID-19 deaths strongly impacted the 
price of cryptocurrencies, but not by new confirmed cases, total cases, or total deaths. 
Goodell and Goutte (2021) confirmed that levels of COVID-19 instigated an increase in 
Bitcoin prices. Karamti and Belhassine (2021) found that the more US-COVID-19 fear 
increases, the more investors run to Bitcoin. Furthermore, Sarkodie et al. (2022) docu-
mented a mean daily surge in the market price of Ethereum, Bitcoin, Litecoin, and Bit-
coin Cash by 0.58%, 0.44%, 0.36%, and 0.15%, respectively, when COVID-19 confirmed 
cases and deaths rose by 3.77%, and 3.65% daily. Similarly, Corbet et al. (2020) reported 
a significant increase in both returns and trading volumes, implying that sizable virtual 
currencies functioned as a store of wealth throughout this period of intense financial 
market tension.
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The nexus between pandemic news and the cryptocurrency market

The increasing prevalence of the COVID-19 pandemic heightened pessimism in the 
world’s leading markets (Dash and Maitra 2022). An economic individual does not 
constantly act reasonably because their judgments are altered by beliefs (Huynh et al. 
2021). Poor tempers and distress may influence investor choices, such as tense indi-
viduals losing hope concerning upcoming returns, inclining them to take less risk 
(Kaplanski and Levy 2010). Positive feedback trading or trend chasing implies that 
investors buy securities when prices increase and sell when prices go down (Long 
et al. 1990), while negative feedback or contrarian trading implies buying after price 
decline (Cutler et al. 1990). King and Koutmos (2021) identified a discrepancy in trad-
ing design, namely trend chasing for Bitcoin, Ethereum, XRP, and Cardano, but con-
trarian trading for EOS and Stellar; hence, Agosto et al. (2022) proved that sentiment 
is crucial in early warning bubble signals.

Cryptocurrencies are renowned for their extreme volatility and long-term fluctua-
tions brought on by investors’ emotions; they are not traded on regulated markets 
and are not subject to the same regulations as traditional financial instruments (Assaf 
et al. 2022). Sentiment analysis is a widely researched field in the era of social media 
and has been employed to boost trading cryptocurrency estimations (Fang et  al. 
2022). Thus, the cryptocurrency market heavily mirrors media platforms, with high 
aspirations, quick swings in sentiment, definite opinions, and intense debates (Aste, 
2019). Specifically, the use of emotion statistics obtained via social media and based 
on a glossary of words allows for evaluating opinions depending on the severity of 
the pandemic and the interconnections between such feelings and cryptocurrencies 
(Corbet et al. 2020). Bowden and Gemayel (2022) evidenced that emotion influences 
investors’ decisions because bullish sentiment generates positive returns for crypto-
currency traders. Umar and Gubareva (2020) claimed that cryptocurrency markets 
are highly responsive to overall sentiment and vulnerable to mainline anticipations, 
particularly throughout crises such as the COVID-19 pandemic. The third strand of 
literature is oriented on how investor sentiments extracted from news, social net-
works such as Twitter, or investor attention from Google influence Bitcoin. Urquhart 
(2018) found that Google Trends, as a measure of investor attention, is affected by 
Bitcoin’s previous day high realized volatility and volume. Shen et  al. (2019) proved 
that the number of tweets on Twitter significantly drives Bitcoin’s future realized vol-
atility and trading volume. Kraaijeveld and Smedt (2020) confirmed that Twitter sen-
timent can be used to forecast the price returns of Bitcoin, Bitcoin Cash, and Litecoin, 
while Naeem et al. (2020) showed that Twitter Happiness Index is a significant pre-
dictor of Bitcoin, Ethereum, Ripple, Litecoin, and Monero, contingent on the market 
status. Huynh (2021) noticed that more pessimistic Trump sentiments led to higher 
Bitcoin returns. Choi (2021) exhibited that the number of tweets positively influences 
Bitcoin liquidity. Contrariwise, Anastasiou et al. (2021) exhibited that investors’ crisis 
sentiment proxied by the Financial and Economic Attitudes Revealed by Search index 
positively influences cryptocurrencies’ market price crash risk. Besides, Sifat (2021) 
supported the detachment of cryptocurrencies’ price, volatility, and trading opera-
tions from global sentiments over 2015−2021. Table 3 presents a brief review of the 
literature in this direction.
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National uncertainty is essential in Bitcoin investors’ decision-making since most 
of its related trading volume and holders are condensed in a few nations (Wu et al. 
2021a). Elsayed et al. (2022) noticed that the volatility spillover of Bitcoin is driven 
by Economic Policy Uncertainty (EPU), but Twitter-based Economic Uncertainty 
does influence Bitcoin’s volatility. Shaikh (2020) also confirmed a negative relation-
ship between uncertainty in the equity market and Bitcoin returns, whereas EPU 
influences Bitcoin returns. Yen and Cheng (2021) documented that a variation in 
the China EPU is negatively connected with the future volatility of Bitcoin and Lite-
coin. Conversely, Cheng and Yen (2020) claimed that China’s EPU index predicts Bit-
coin returns, but the US, Japanese, and Korean EPU indexes do not. Mokni (2021) 
noticed that EPU could forecast volatility merely when the Bitcoin market is bullish.

Behavioral finance has exposed a range of preconceptions that affect invest-
ment judgments (Shrotryia and Kalra, 2021). Banerjee (1992) argued that individ-
uals would follow others instead of utilizing their knowledge. Youssef and Waked 
(2022) proved that media could influence investors’ behavior regarding the corona-
virus, causing them to ignore their personal information and replicate other peo-
ple’s investment choices. As such, Jia et  al. (2022) asserted that investor sentiment 
and herding behaviors are connected. According to Sapkota (2022), emotions have a 
medium-term effect on Bitcoin fluctuation, while financial viewpoints have a long-
term influence. For instance, Wang et al. (2022) found that throughout the COVID-
19 pandemic, market insecurity triggered by contagious illnesses contributes to a 
positive feedback trading mentality. Hence, the fourth stream of literature focuses 
on investors’ different biases. Gurdgiev and O’Loughlin (2020) noticed a surge in 
cryptocurrency prices when there prevails positivity among investors, thus suggest-
ing the occurrence of herding biases. Mandaci and Cagli (2021) detected intensified 
herding conduct during the coronavirus outbreak, whereas Rubbaniy et  al. (2021) 
confirmed herd investing after the relaxation of the isolation measures. According 
to Ferreruela and Mallor (2021), during the COVID-19 disease outbreak, herding 
is evidenced on days with high volatility. Furthermore, Kyriazis (2020) highlighted 
that bull markets can cause more severe herding than bear markets, contributing 
to biases. Anamika and Subramaniam (2022) supported that the cryptocurrency 
market exhibits herding conduct when the sentiment of investors is upbeat or bull-
ish, which increases prices. Kakinaka and Umeno (2021a) claimed that COVID-19 
enhanced herding in the short-term, but not in the long-term; however, Mnif and 
Jarboui (2021) claimed that the pandemic has lessened the herd bias. Moreover, 
Güler (2021) highlighted the FOMO behavior illustrated by the fear a Bitcoin inves-
tor encounters when overlooking a potentially profitable investment or trading 
opportunity.

Several features emerge from the preceding literature. First, there has been a 
heated debate about cryptocurrencies’ diversifier, hedge, and safe heaven qualities. 
Second, the literature regarding the impact of severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) on cryptocurrency returns reported conflicting results. 
Third, various proxies for investor sentiment proved to be significant drivers of Bit-
coin price. Finally, most research findings reported an expansion of herding behav-
ior throughout the pandemic period.
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Quantitative framework
Data and variables

Our dataset consists of daily Bitcoin returns, COVID-19-related news measures, coro-
navirus figures, and the VIX index from January 2020 to September 2021. Table 4 shows 
the definitions of the whole covered variables. We selected Bitcoin as a proxy for the 
cryptocurrency market since it is the primary, largest-capped (Raza et  al. 2022b), and 
most prominent virtual currency (Anamika et al. 2021; Tiwari et al. 2019), recognized 
as a substitute payment method by many traders (Feng et al. 2018; Burggraf et al. 2021; 
Diaconaşu et  al. 2022; Karaömer, 2022). According to Sebastião and Godinho (2021), 
Bitcoin’s “ecosystem” possesses many characteristics, including immateriality, decen-
tralization, accessibility, and consensualness. It is also integer-based, transparent, world-
wide, quick, affordable, irreversible, immutable, divisible, resilient, and pseudonymous. 
Bitcoin’s underlying technology, blockchain, also has several benefits, including distrib-
uted ledger, decentralization, information transparency, tamper-proof design, and open-
ness (Xu et al. 2019). In line with Chen et al. (2022), Mahdi and Al–Abdulla (2022), and 
Banerjee et  al. (2022), we obtained coronavirus indices from RavenPack. RavenPack 
Coronavirus Media Monitor synthesizes the feelings (mood) expressed in news reports 
and public posts, which are then converted into convenient metrics (Rahadian and 
Nurfitriani 2022). The Coronavirus Panic Index is calculated by dividing the daily count 
of unique stories concerning panic key phrases and coronavirus by the daily number of 

Table 4 Variables’ description

Source: Authors’ own work

Variable Definition Source

BTC Daily changes of Bitcoin price (BTC/USD – Bitcoin US Dollar) Investing.com

PI The Coronavirus Panic Index – measures the level of news chatter that makes 
reference to panic or hysteria alongside the Coronavirus. Values range between 0 
and 100 where a value of 7.00 indicates that 7 percent of all news globally is talk-
ing about panic related terms and COVID-19

RavenPack

HI The Coronavirus Hype Index measures the percentage of news talking about 
the novel Coronavirus. Values range between 0 and 100 where a value of 75.00 
indicates that 75 percent of all news globally is talking about COVID-19

RavenPack

FNI The Coronavirus Fake News Index measures the level of media chatter about the 
novel virus that makes reference to misinformation or fake news alongside COVID-
19. Values range between 0 and 100 where a value of 2.00 indicates that 2 percent 
of all news globally is talking about fake news and COVID-19

RavenPack

SI The Coronavirus Sentiment Index measures the level of sentiment across all enti-
ties mentioned in the news alongside the Coronavirus. The index ranges between 
-100 and 100 where a value of 100 is the most positive sentiment, −100 is the 
most negative, and 0 is neutral

RavenPack

II The Coronavirus Infodemic Index calculates the percentage of all entities that 
are reported in the media alongside COVID-19. Values range between 0 and 100 
where a value of 60.00 means that 60 percent of all entities covered by the media 
are being co-mentioned with COVID-19

RavenPack

MCI The Coronavirus Media Coverage Index calculates the percentage of all news 
sources covering the topic of the novel Coronavirus. Values range between 0 and 
100 where a value of 60.00 means that 60 percent of all sampled news providers 
are currently covering stories about COVID-19

RavenPack

CNC Daily number of new reported COVID-19 cases worldwide (logarithmic values) Our World in Data

CND Daily number of new reported COVID-19 deaths worldwide (logarithmic values) Our World in Data

VIX Daily change of Chicago Board Options Exchange (CBOE) volatility index Investing.com
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distinct stories referencing panic search terms and coronavirus. The Coronavirus Hype 
Index is estimated by dividing the regular count of distinct stories citing the coronavirus 
by the total daily count of unique stories. The justification is that the more individu-
als are subjected to intensified media hysteria about COVID-19, the more depressed 
they may feel about the economy and the more they favor digital currencies (Chen et al. 
2022). The Coronavirus Fake News Index is calculated by dividing the daily count of dif-
ferent stories that cite false information and the coronavirus by the total daily count of 
unique articles. The Coronavirus Sentiment Index is the ratio between the daily median 
of the RavenPack’s Event Sentiment Score (ESS) for all identified headlines concerning 
the coronavirus and the everyday median of the ESS for all occurrences that do not cite 
the coronavirus. This disparity is then averaged over the previous seven calendar days. 
The Coronavirus Infodemic Index is obtained by dividing the regular number of distinct 
entities referenced with the coronavirus by the total daily count of unique entities. The 
Coronavirus Media Coverage Index is figured by dividing the total daily count of distinct 
media sources that notice the coronavirus by the everyday total number of distinct news 
outlets that cite the coronavirus.

The quotidian number of novel pandemic cases and fatalities globally was covered in 
line with Atri et  al. (2021), Buigut and Kapar (2021), Béjaoui et  al. (2021), Iqbal et  al. 
(2021), Apergis (2021); Sahoo (2021), Chen et al. (2022), Hou et al. (2021), Sahoo and 
Rath (2022), Havidz et  al. (2022a), and Temkeng and Fofack (2021). According to 
Trichilli and Abbes (2022), COVID-19 data serve as a valuable device permitting fore-
casting of returns of cryptocurrencies, commodities, and stock markets. Following the 
extant literature, the VIX index was included to measure US market uncertainty (Sabah 
2020; López–Cabarcos et al. 2021; Gaies et al. 2021; Chen et al. 2020; Smales, 2022; Ana-
mika et al. 2021; Akyildirim et al. 2020; Gök et al. 2022; Dias et al. 2022; Minutolo et al. 
2022). Su et al. (2022) considered that Bitcoin oscillations might be influenced by market 
concern, as assessed by the VIX, while Elsayed et al. (2022) found that Bitcoin usually 
received returns spillover from the VIX. Bouri et al. (2017) argued that greater values of 
the VIX imply more market insecurity and vice-versa. According to Smales (2022), vola-
tility in US markets is critical to worldwide stock market insecurity, even if fluctuations 
in international market uncertainty do not explain shifts in US market turmoil. Further-
more, because the VIX information is a valuable resource for stockholders, it is essential 
to incorporate the VIX in any study of Bitcoin’s power to hedge or its connection with 
other assets (Bouri et al. 2017).

Empirical methods

Asymmetric GARCH framework toward cryptocurrency market volatility

Cryptocurrency market volatility is foremost for investors who intend to incorporate 
digital currencies in their portfolios (Gkillas et al. 2022). To seize the uneven influence 
triggered by adverse and optimistic news on the variance of Bitcoin, we consider the 
exponential generalized autoregressive conditional heteroscedasticity (EGARCH) model 
suggested by Nelson (1991). The selection of the EGARCH (1,1) model is based on the 
findings of Naimy and Hayek (2018), who showed the superiority of this specification 
over the symmetric GARCH (1,1) and exponentially weighted moving average. Accord-
ing to Haroon and Rizvi (2020), the EGARCH model outperforms other specifications 
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due to its ability to permit more stable routine optimization and the lack of parameter 
restrictions. Furthermore, Güler (2021) found that the EGARCH (1,1) model is the most 
suitable. The volatility dynamics of the EGARCH (1,1) model are depicted below:

where β signifies the persistence parameter, and α and γ describe the size and the sign 
(leverage) effect, respectively. If γ = 0, the model is entirely symmetric. If γ < 0, adverse 
shocks boost the instability more than positive shocks. For instance, Chen and Hafner 
(2019) confirmed that the volatility of Cryptocurrency IndeX (CRIX) soars as the Stock-
Twits sentiment falls. According to Bashir and Kumar (2022), the volatility of the 
selected cryptocurrencies soars with increased investor focus and unease brought on by 
pandemic panic. If γ > 0, positive shocks raise the unpredictability more than adverse 
shocks (Güler 2021; Tiwari et al. 2019). Equation (1) presumes that error terms are nor-

mally distributed with a mean equal to 
√

2
π

 (Naimy and Hayek 2018).

The nonlinear ARDL bounds testing approach for cointegration

Because market participants obtain information at different moments or interpret situa-
tions and facts diversely (Ante 2020), the asymmetric effect must be investigated to gain 
a better understanding of Bitcoin throughout the pandemic; this approach follows Iqbal 
et  al. (2021), Apergis (2021), and Gaies et  al. (2021). As such, Bourghelle et  al. (2022) 
asserted that Bitcoin variability and sentiments may interfere with some asymmetry, 
complexity, and irregularity. Cheikh et  al. (2020) also claimed that substantial price 
shifts, such as the December 2013 market crash and the late 2017 price levels, highlight 
the need to investigate whether asymmetric behavior occurs. For instance, Tiwari et al. 
(2019) demonstrated that digital currencies’ volatilities react more to adverse shocks 
than positive ones. Fasanya et al. (2022) claimed that nonlinearity is essential for evaluat-
ing how investor sentiment influences the interplay between the markets for precious 
metals and cryptocurrencies. Long et al. (2021) found that when uncertainty lowers, the 
increase in Bitcoin price outweighs the decline when uncertainty increases. Yarovaya 
et al. (2021) found asymmetry in herding on bullish and bearish market days, implying 
panic-forced herding on days when the cryptocurrency market’s value plummeted dra-
matically. Dias et al. (2022) reported that the consistency of investor sentiment fluctuates 
across market quantiles, indicating a nonlinear association. Consequently, in line with 
Iqbal et al. (2021), the variations in the regular number of recently reported COVID-19 
instances and fatalities worldwide may influence the returns of Bitcoin differently. Choi 
and Shin (2022) argued that a shock mainly justifies the increase in Bitcoin prices to its 
price; however, other shocks, such as the VIX and projected inflation, generally support 
the drop.

When exploring Bitcoin, a model that captures the potential nonlinearity should be con-
sidered (Gajardo et al. 2018). Earlier literature used various techniques, such as regression 
analysis (Guégan and Renault 2021; Naeem et  al. 2020, 2021b; Lyócsa et  al. 2020; Sabah 
2020; Béjaoui et al. 2021), causality investigation (Guégan and Renault 2021; Güler 2021; 
Naeem et al. 2020, 2021b; Wu et al. 2021b; Sabah 2020; Béjaoui et al. 2021; Aharon et al. 

(1)ln(σ 2
t ) = ω + βln(σ 2

t−1)+ γ
εt−1

σ 2
t−1

+ α
|εt−1|

σ 2
t−1

−
2

π
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2020), and VAR/VECM (Güler 2021; Chen et al. 2020; Figà-Talamanca and Patacca 2020; 
Rognone et al. 2020; Mai et al. 2018; Ciaian et al. 2016; Béjaoui et al. 2021; Zhu et al. 2021). 
Even if some previous studies estimated the long- and short-run relations (Béjaoui et  al. 
2021; Ciaian et al. 2016), the asymmetric associations were not assumed. To this end, we 
apply the NARDL model as in prior studies (Gaies et al. 2021; Rajput et al. 2020; González 
et al. 2021; Benlagha and Hemrit, 2022). The NARDL model is an asymmetric extension 
of the ARDL approach. The conventional unrestricted error correction model in the linear 
ARDL model proposed by Pesaran et al. (2001) is presented as follows:

where Δ is the first difference operator, yt is the dependent variable, μ signifies the inter-
cept, and xt is a k × 1 vector of regressors. ρ and θ correspond to the long-run coeffi-
cients, αj and πj denote the short-run coefficients, p and q depict the lag orders for the 
dependent and explanatory variables, and εt is the error term.

Following Shin et al. (2014), the nonlinear cointegration regression is described below:

where ut is a stationary zero-mean error process that indicates deviations from the long-
run equilibrium, and β+ and β− denote the asymmetric long-run parameters. xt is the 
vector of regressors decomposed as follows:

where x0 is a random preliminary value. x+t  and x−t  depict partial sums of positive and 
negative changes in xt as follows:

By associating Eq. (3) with the linear ARDL(p,q) model in Eq. (2), the asymmetric error 
correction model can be specified as:

where θ+ = −ρβ+ and θ− = −ρβ− , while π+
j  and π−

j  seize the positive and negative short-
run adjustments in the explanatory variable xt.

(2)�yt = µ + ρyt−1 + θxt−1 +

p−1∑

j=1

αj�yt−j +

q−1∑

j=0

πj�xt−j + εt

(3)yt = β+x+t + β−x−t + ut

(4)xt = x0 + x+t + x−t

(5)x+t =

t∑

j=1

�x+j =

t∑

j=1

max(�xj , 0)

(6)x−t =

t∑

j=1

�x−j =

t∑

j=1

min(�xj , 0)

(7)

�yt = µ + ρyt−1 + θ+x+t−1 + θ−x−t−1 +

p−1∑

j=1

αj�yt−j

+

q−1∑

j=0

(π+
j �x+t−j + π−

j �x−t−j)+ εt
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Furthermore, several phases should be completed before estimating the NARDL 
model in Eq. (7). The first step is to ascertain through unit root tests that the included 
variables are not I (2). Second, the error correction model in Eq. (7) is estimated by tra-
ditional ordinary least squares. Third, the bounds test is performed to explore the asym-
metric long-run connection among the levels of the seriesyt , x+t  andx−t  , by applying the 
F statistic suggested by Pesaran et al. (2001). The null hypothesis of no cointegration (ρ
= θ+ = θ−  = 0) is assessed versus the alternative of cointegration (ρ≠ θ+ ≠ θ− ≠ 0). The 
fourth step consists of exploring the long-run (θ+ = θ−) and short-run (π+ = π−) asym-
metries by means of the Wald test. Fifth, the asymmetric cumulative dynamic multiplier 
effect of a unit change in x+t  and x−t  on yt can be obtained as follows:

For Eq.  (8), as h → ∞, then m+
h  → β+ and m−

h  → β− , where the asymmetric long-run 
coefficients β+ = − θ+

ρ
 and β− = − θ−

ρ
.

The NARDL general model to be estimated in the context of our research takes the fol-
lowing form:

where BTCt denotes the daily changes of Bitcoin price in period t. COVID_NEWSt 
depict each RavenPack coronavirus-related indices (Panic, Hype, Fake News, Senti-
ment, Infodemic, and Media Coverage) in period t, and COVID_CASESt signifies the 
daily number of newly reported COVID-19 cases and deaths worldwide in period t. VIXt 
indicates the daily change of the Chicago Board Options Exchange volatility index in 
period t, and εt refers to the error term. Additionally, COVID_NEWS+ , COVID_NEWS− , 
COVID_CASES+ , COVID_CASES− , VIX+ , and VIX− denote the partial sums of positive 
and negative fluctuations in the explanatory variables.

Causality analysis in the frequency domain

The magnitude and direction of causality vary among frequency bands (Granger 
and Lin 1995), but most conventional approaches to Granger causality disregard the 
probability that the association’s intensity and path differ over various frequencies 
(Lemmens et  al. 2008). We employ the frequency domain causality test developed 
by Breitung and Candelon (2006) to examine the causal connection between Bitcoin 

(8)m+
h =

h∑

j=0

∂yt+j

∂x+t
and m−

h =

h∑

j=0

∂yt+j

∂x−t
, h = 0, 1, 2, . . .

(9)

�BTCt = µ + ρBTCt−1 + θ+1 COVID_NEWS+t−1 + θ−1 COVID_NEWS−t−1

+θ+2 COVID_CASES+t−1 + θ−2 COVID_CASES−t−1 + θ+3 VIX+
t−1 + θ−3 VIX−

t−1

+

p−1∑

i=1

αi�BTCt−i +

q∑

i=0
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1,i�COVID_NEWS+t−1 +

q∑

i=0

π−
1,i�COVID_NEWS−t−1

+

q∑

i=0

π+
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q∑

i=0

π−
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q∑

i=0

π+
3,i�VIX+

t−1 +

q∑

i=0
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returns and RavenPack coronavirus-related indices. The effectiveness of using this 
method ensues from its usage across all periodicities.

Following Geweke (1982), a bivariate vector of time series is considered, zt = [xt , yt ]
′

 , 
observed at time t = 1, …., T, with a finite-order vector autoregression representation, 
such as:

where �(L) = I–�1L—…- �pL
p is a 2 × 2 lag polynomial with Lkzt = zt−k . The residual 

εt is white noise with E(εt) = 0 and E(εtε
′

t) = Σ. Since Σ is positive definite and symmet-
ric, the Cholesky decomposition G′

G = �−1 occurs, where G is the inferior triangular 
matrix and G′ is the upper triangular matrix, such that E(ηtη

′

t) = I and ηt = G εt . If the 
system (9) should be stationary, its moving average (MA) description is as follows:

where �(L) = Θ (L)−1 and �(L) = �(L)G−1 . Using this representation, the spectral den-
sity of xt can be expressed as below:

Furthermore, Geweke (1982) and Hosoya (1991) suggested the following measure of 
causality:

If 
∣∣�12

(
e−iω

)∣∣2 = 0, then My→x(ω) = 0, implying that y does not Granger cause x at 
periodicity ω; hence, the formulation of 

∣∣�12

(
e−iω

)∣∣2 = 0, can be rendered a state for 
the absence of Granger causality at frequency ω.

If the elements of zt are I(1) and cointegrated, then, in the frequency domain, the 
measure of causality can be specified by using the orthogonalized MA description as 
follows:

where ψ̃(L) = �̃(L)G−1, ηt = G εt , and G is a lower triangular matrix, such that E(ηtη
′

t) = I. 
According to Engle and Granger (1987), in a bivariate cointegrated system, β ′

ψ̃(1) = 0, β 
is a cointegration vector, while β ′

zt is stationary. As in the stationary situation, the sub-
sequent causality measure is exhibited as follows:

(10)�(L)zt = εt

(11)zt = φ(L)εt =

[
�11(L) �12(L)
�21(L) �22(L)

][
ε1t
ε2t

]
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]
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(15)�zt = (L)εt = ψ̃(L)ηt
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The null hypothesis of y does not Granger cause x is formulated as follows:

Breitung and Candelon (2006) exhibited this test by reshaping the association between 
x and y in a VAR equation as follows:

The null hypothesis by Geweke (1982), My→x(ω) = 0 , equates to the following null 
hypothesis:

where β is the vector of the coefficients of y and

This null hypothesis ∀ω ∈ (0,π) is tested by an ordinary F statistic distributed as F(2, 
T–2p), where 2 is the number of restrictions, p is the lag length of the VAR model, and T 
is the number of observations.

Econometric findings
Summary statistics and correlations

Table  5 presents the basic statistics for all the time series. During the sample period, 
results show that the highest mean value is registered by Coronavirus Media Cover-
age Index, whereas Coronavirus Sentiment Index observes the lowest. The mean and 
median Bitcoin returns are positive, respectively, at 0.5396 and 0.3400%. In line with Wu 
et al. (2021a), the standard deviation of Bitcoin returns is 4.6169%, suggesting notably 
high volatility. Furthermore, Aste (2019) documented that prices and sentiment statis-
tics are noisy with substantial volatility. The largest price decline is − 38.18%, and the 
greatest price rise is 19.56%. The skewness and kurtosis further display the asymmetric 
and highly leptokurtic distribution of returns. The Jarque−Bera test rejects the normal-
ity for all data series following Karaömer (2022). The non-normality of crypto market 
returns distributions exhibits the rejection of the efficient market assumption, even in its 
weak form, consistent with Nair (2021).

Figure 1 shows the daily evolution of the selected variables. The largest drop of 38.18% 
in Bitcoin returns was registered on March 12, 2020, while the VIX’s largest decline of 
23.37% occurred on March 13, 2020. In the same vein, Akhtaruzzaman et  al. (2022) 
reported that systemic risk soared significantly during the same period but fell to its low-
est the subsequent day, suggesting that the advancement of systemic risk-sharing among 
virtual currencies adjusted rapidly. Mzoughi et  al. (2022) ascertained that all markets 
displayed a substantial persistence in their volatility process, denoting the effects of the 

(16)My→x(ω) = log
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(17)H0 : My→x(ω) = 0

(18)xt = α1xt−1 + . . .+ αpxt−p + β1yt−1 + . . . βpyt−p + ε1t

(19)H0 : R(ω)β = 0
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crisis. Furthermore, the dynamics of daily Bitcoin returns illustrate evidence of volatility 
clustering (Bouri et al. 2016; Wang, 2021; Yan et al. 2022; Karaömer 2022); the highest 
value of Panic Index (PI) (9.21) was registered on March 30, 2021.

Appendix 1 presents the correlations among the selected measures. We notice positive 
correlations among Bitcoin and all the coronavirus-associated indices except the Senti-
ment Index. This finding is in line with the assumption of Naeem et al. (2021b) that posi-
tive sentiment (optimism) is linked with high returns, although negative sentiment or 
pessimism drives diminished cryptocurrency returns. Nevertheless, Appendix 2 exhibits 
the rolling correlations among RavenPack coronavirus-related indices and COVID-19 
figures. Like Buigut and Kapar (2021), the correlation coefficients fluctuate extensively, 
varying from positive to negative. It can be argued that as pandemic cases changed 
over time, investors gained more knowledge about the disease, identified strategies to 
accommodate, and the mainstream press became insensitive. This finding is also in line 
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Fig. 1 Variable trends from the sample period.  Source Authors’ own work. Notes: Variables’ description is 
provided in Table 4
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with Bourghelle et al. (2022), who claimed that the market response to the strength of 
emotion changes over time. Additionally, Akyildirim et  al. (2020) reinforced that the 
conditional correlations of digital currencies and financial market anxiety exhibit time-
changing positive interlinkages.

Asymmetric volatility examination

Consistent with Güler (2021), Figà–Talamanca and Patacca (2020), López–Cabar-
cos et  al. (2021), Bouri et  al. (2016), Wang (2021), Kakinaka and Umeno (2021b), and 
Cheikh et  al. (2020), we estimate an EGARCH (1,1) model. Appendices 3 and  4 pre-
sent the estimation outcomes for Bitcoin and VIX. Accordingly, since C(4) in Appen-
dix  3 indicates that the leverage parameter is not statistically significant, we conclude 
that no asymmetric effect occurs for Bitcoin; hence, volatility does not rise more in reac-
tion to positive shocks than in response to adverse shocks. The outcomes are in line with 
Wang (2021) and Nair (2021) but contrary to Apergis (2021), Iqbal et  al. (2021), Baur 
and Dimpfl (2018), Güler (2021), and Bashir and Kumar (2022). Furthermore, Kakinaka 
and Umeno (2021b) and Cheikh et al. (2020) concluded that the asymmetric effect could 
not be statistically confirmed. According to Nair (2021), the profit (deficit) registered 
in the preceding period is quite significant in generating shortfalls (rewards) to dealers 
through the following day in both high- and low-price extreme shifts of crypto markets. 
Overall, the FOMO behavior identified in prior studies (Güler 2021; Baur and Dimpfl 
2018) is not supported, suggesting that prudence rather than feelings drive the Bitcoin 
market; however, the empirical outcomes from Appendix 4 support that in the case of 
VIX the leverage effect is positive and statistically significant. This finding suggests that 
positive shocks can significantly impact volatility more than adverse ones. Cheikh et al. 
(2020) argued that investors seeking a hedge against a depressed stock market would 
transfer volatility and uncertainty to cryptocurrency markets throughout market tumult. 
Additionally, Fig. 2 exhibits that the conditional variance of VIX is greater than that of 
Bitcoin.

Stationarity investigation

Appendix 5 reveals the outcomes of stationarity tests performed with the traditional 
methods. The NARDL model is estimated regardless of whether the variables are inte-
grated of order 0 or 1 (I(0) or I(1)). Nevertheless, the NARDL framework cannot be 
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Fig. 2 Conditional variance for EGARCH(1,1).  Source Authors’ own work. Notes: Variables’ description is 
provided in Table 4
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considered if one of the variables is I(2) since the value of the F-test related to the bounds 
testing cointegration approach is invalid.

We examine the order of integration between the variables through the ADF test 
proposed by Dickey and Fuller (1979) and the PP test suggested by Phillips and Perron 
(1988), following the extant literature (Polat et al. 2022; Mokni et al. 2022; Burggraf et al. 
2021; Ghosh 2020; Sahoo 2021; Sahoo and Rath 2022). Furthermore, because the ADF 
and PP tests are supposed to be biased toward I(1) inferences, we employ the KPSS test 
of Kwiatkowski et al. (1992), in line with Kakinaka and Umeno (2021b), Sahoo (2021), 
and Karaömer (2022). Both ADF and PP tests rely on the null hypothesis that the var-
iables comprise a unit root (follows a random walk) and therefore are not stationary, 
against the alternative hypothesis that a stationary process generated the data series; 
however, the KPSS test sets out as a null hypothesis that the variables are stationary. The 
results reveal that the variables are either I(0) or I(1), but none of the measures is station-
ary at the second difference, thus supporting the appropriateness of the NARDL model.

Furthermore, the traditional stationarity tests may misleadingly establish that the 
variables are I(1) or I(2) when breaks occur in the series; therefore, we employ the test 
recommended by Zivot and Andrews (1992) to prove the rejection of I(2) measures. 
Appendix 6 provides the results of the ZA test. The outcomes reinforce that none of the 
variables is I(2), highlighting time breaks in the data, in line with Burggraf et al. (2021), 
Ghosh (2020), and Iqbal et al. (2021). Essentially, the identified breaks associate with the 
COVID-19 waves.

Checking for nonlinear dependence

To explore the likelihood of nonlinear dependence among Bitcoin returns and Raven-
Pack coronavirus-related indices, we performed the Brock–Dechert–Scheinkman (BDS) 
test suggested by Broock et al. (1996). The BDS test is a nonparametric check robust to 
the structure of nonlinearity in the data. Table 6 shows the outcomes of the BDS test.

The BDS test rejects the null hypothesis of linearity consistent with Mokni et  al. 
(2022), Raza et al. (2022a, b), namely independent and identically distributed residuals 
across various embedding dimensions. Therefore, all incorporated variables are nonlin-
ear, proving the chaotic behavior in the time series data. Likewise, the nonlinear mod-
eling approach is appropriate for this study’s objectives.

Testing for cointegration

Next, we examine the cointegration link among the variables; Table 7 reports the results 
of the asymmetric cointegration test. The F-statistics are greater than the upper bound 
values involving the rejection of the null hypothesis of no cointegration; hence, the 
results show evidence for long-run relationships (cointegration) in all cases.

NARDL outcomes

Table 8 presents the estimates of NARDL models 1–6, covering the daily number of 
newly reported COVID-19 cases worldwide. Error correction term (ECT) is negative 
and statistically significant at 1%, thus confirming the ability of the short-run dis-
equilibrium to adjust at long-run equilibrium. The long-term impact coefficients of 
the increase in the Coronavirus PI, Coronavirus Hype Index (HI), Coronavirus Fake 
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News Index (FNI), and Coronavirus Infodemic Index (II) on daily changes in Bitcoin 
price are 0.008191 (L+PI ), 0.000818 (L+HI ), 0.035054 (L+FNI ), and 0.001512 (L+II ), being sta-
tistically significant. This result shows that the rise in PI, HI, FNI, and II has a sig-
nificant augmenting effect on Bitcoin returns; that is, when the PI, HI, FNI, and II 
rise by 1%, Bitcoin returns rise by 0.008191%, 0.000818%, 0.035054%, and 0.001512%, 
respectively. Additionally, the long-term impact coefficients of the decline in PI, HI, 
FNI, and II on Bitcoin returns are 0.007009 (L−PI ), 0.0007 (L−HI) , 0.03341 (L−FNI) , and 
0.001215 (L+II ) , respectively, indicating that the decrease of PI, HI, FNI, and II sig-
nificantly promotes Bitcoin’s daily changes. The outcomes are in line with Rognone 
et al. (2020), suggesting investor fervor for Bitcoin regardless of the sentiment of the 
news. Furthermore, the positive impact of the pandemic sentiment on Bitcoin returns 

Table 6 Nonlinearity Brock-Dechert-Scheinkman (BDS) test

Source Authors’ own computations. Notes: Superscripts *, **, ***represent the significance at 10%, 5%, and 1% levels, 
respectively. Variables’ description is provided in Table 4

Variables Embedding Dimension = m

m = 2 m = 3 m = 4 m = 5 m = 6

BTC 0.007296 0.014082* 0.017278** 0.023407*** 0.027509***

PI 0.108314*** 0.178543*** 0.220047*** 0.240719*** 0.257101***

HI 0.174347*** 0.295623*** 0.376935*** 0.432012*** 0.472148***

FNI 0.07069*** 0.11507*** 0.136611*** 0.144885*** 0.143907***

SI 0.168912*** 0.280105*** 0.349911*** 0.393345*** 0.417379***

II 0.163368*** 0.281909*** 0.360839*** 0.415235*** 0.45656***

MCI 0.164117*** 0.27832*** 0.355746*** 0.411665*** 0.451416***

CNC 0.163014*** 0.283858*** 0.370032*** 0.429234*** 0.472059***

CND 0.131594*** 0.238702*** 0.311789*** 0.359086*** 0.393218***

VIX 0.024614*** 0.052417*** 0.069922*** 0.075609*** 0.075304***

Table 7 Bounds test for nonlinear cointegration

Source Authors’ own computations. Notes: Superscripts *, **, *** represent the significance at 10%, 5%, and 1% levels, 
respectively. Model selection method: Akaike info criterion (AIC). Variables’ description is provided in Table 4

Model no Model specification NARDL specification F‑statistic Critical Value

1 F  (BTCt/PI+,  PI−,  CNC+,  CNC−,  VIX+,  VIX−) NARDL (1, 0, 0, 3, 3, 0, 0) 82.29521*** 1% I (0) 2.88

2 F  (BTCt/HI+,  HI−,  CNC+,  CNC−,  VIX+,  VIX−) NARDL (1, 0, 0, 3, 3, 0, 0) 80.86306*** I (1) 3.99

3 F  (BTCt/FNI+,  FNI−,  CNC+,  CNC−,  VIX+, 
 VIX−)

NARDL (1, 2, 1, 2, 4, 0, 0) 87.20392*** 5% I (0) 2.27

4 F  (BTCt/SI+,  SI−,  CNC+,  CNC−,  VIX+,  VIX−) NARDL (1, 1, 0, 0, 0, 0, 0) 85.21631*** I (1) 3.28

5 F  (BTCt/II+,  II−,  CNC+,  CNC−,  VIX+,  VIX−) NARDL (1, 0, 1, 3, 3, 0, 0) 80.22583*** 10% I (0) 1.99

6 F  (BTCt/MCI+,  MCI−,  CNC+,  CNC−,  VIX+, 
 VIX−)

NARDL (1, 0, 0, 3, 3, 0, 0) 80.21185*** I (1) 2.94

7 F  (BTCt/PI+,  PI−,  CND+,  CND−,  VIX+,  VIX−) NARDL (1, 0, 0, 0, 0, 0, 0) 87.11501***

8 F  (BTCt/HI+,  HI−,  CND+,  CND−,  VIX+,  VIX−) NARDL (1, 0, 0, 0, 0, 0, 0) 84.97346***

9 F  (BTCt/FNI+,  FNI−,  CND+,  CND−,  VIX+, 
 VIX−)

NARDL (1, 2, 1, 0, 0, 0, 0) 89.54702***

10 F  (BTCt/SI+,  SI−,  CND+,  CND−,  VIX+,  VIX−) NARDL (1, 1, 0, 0, 0, 0, 0) 84.24209***

11 F  (BTCt/II+,  II−,  CND+,  CND−,  VIX+,  VIX−) NARDL (1, 0, 0, 0, 0, 1, 0) 77.60079***

12 F  (BTCt/MCI+,  MCI−,  CND+,  CND−,  VIX+, 
 VIX−)

NARDL (1, 0, 0, 0, 0, 0, 0) 83.92854***
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is consistent with Goodell and Goutte (2021). Additionally, Mahdi and Al–Abdulla 
(2022) showed that Bitcoin returns increase as the frequency of fear-related headlines 
increases. Following Shrotryia and Kalra (2021) and Marobhe (2022), the empirical 
findings reject any uneven behavioral shape throughout the pandemic disorder. The 
outcomes confirm Akhtaruzzaman et al. (2022), indicating that Bitcoin is systemically 
reliable and has a reduced potential to trigger structural disturbances. The quantita-
tive outcomes also support Sifat (2021), who advocated dissociating digital currencies 
from global sentiments; however, the long-term impact coefficient of the decrease 
in Coronavirus Sentiment Index (SI) shows a negative influence on Bitcoin returns, 
whereas the long-run impact coefficient of the rise in SI is not statistically significant. 
With reference to the Coronavirus Media Coverage Index (MCI), the long-run impact 
coefficient of the increase in MCI is statistically significant, revealing a positive influ-
ence on daily changes of Bitcoin price. Additionally, the results of the Wald test show 
that the long-term asymmetric impact on Bitcoin returns is statistically significant 
only in the cases of PI and II.

As for the daily number of newly reported COVID-19 cases worldwide, contrary to 
Sarkodie et al. (2022), the positive shock (L+CNC) and negative shock (L−CNC) , as shown 
in Table 8, are almost negative but not statistically significant. Furthermore, like Gaies 
et al. (2021), in the long-run, positive (L+VIX) and negative (L−VIX) shocks to VIX negatively 
impact Bitcoin returns at the 1% significance level. The outcomes are contrary to Ana-
mika et al. (2021) but consistent with Bouri et al. (2016), who found that Bitcoin volatil-
ity inversely associates with US uncertainty, as well as Su et al. (2022).

Regarding the results of diagnostic tests of Table  8, Breusch–Godfrey serial cor-
relation LM test ( χ2

SC) and ARCH heteroskedasticity test (χ2
HET) indicate that the null 

hypothesis (with no serial autocorrelation and heteroskedasticity in the residuals) can-
not be rejected. Furthermore, in line with Gaies et  al. (2021) and Rajput et  al. (2020), 
the stability of the NARDL models 1–6 is checked and confirmed through the cumula-
tive sum (CUSUM) and the CUSUM of squares (CUSUMQ) tests proposed by Brown 
et al. (1975); Fig. 3 presents the results. The CUSUM test provides a plot of the long- and 
short-term coefficients of the cumulative error terms of the number of observations with 
a 5% confidence interval, while the CUSUMQ test assesses the coefficients by squaring 
the cumulative error terms (Vurur 2021). The recursive and squared recursive residuals 
are drawn against breakpoints for CUSUM and CUSUMQ, respectively. If any point out-
strips the 5% level of significance symbolized by the straight (red) lines, the null assump-
tion that the parameters are stable is rejected (Gaies et al. 2021).

Generally, the blue lines do not outstrip the two red lines, suggesting that structural 
stability is supported for both short- and long-term estimates; hence, no significant 
structural variations compromise the stability of the estimates of the NARDL models.

Figure  4 presents the NARDL multipliers for models 1–6 that exhibit the impact of 
positive and negative changes of VIX, the daily number of newly reported COVID-19 
cases worldwide, and each RavenPack coronavirus-related indices on daily changes of 
Bitcoin price, following González et  al. (2021) and Gaies et  al. (2021). The horizontal 
axis depicts the period in days, and the vertical axis reveals the multiplier for positive 
(continuous black line) and negative (dashed black line) changes in VIX, CNC, each 
RavenPack coronavirus-related indices, and the asymmetry (dashed red line) with 95% 
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bootstrap confidence interval based on 1000 replications. If the 0 line is situated among 
the lower and upper bands, the asymmetric effects of the pandemic indices on Bitcoin 
are not significant at the 5% level.

The plots exhibit a specific asymmetric adjustment of RavenPack measures to the 
equilibrium due to positive and negative shocks in the long-run. Except for Coronavirus 
SI, the plots reveal the dominance of positive coronavirus indices shocks. In the fourth 
model, positive change in the SI initially dominates negative change, but afterward, neg-
ative shocks dominate positive change.

Robustness check

To check the robustness of the quantitative outcomes, we re-estimate the NARDL mod-
els 1–6 by incorporating the daily number of newly reported COVID-19 deaths world-
wide, following Iqbal et  al. (2021) and Chen et  al. (2022). Spiegel and Tookes (2021) 
argued the considerable differences in testing potential throughout time and territories, 
recommending centering on pandemic casualties rather than COVID-19 instances. 
Table  9 shows Bitcoin’s related short- and long-run asymmetric dynamic interactions 
with RavenPack coronavirus-related indices. The coefficient of the ECT indicates that 
disequilibrium in the Bitcoin returns from the short- to long-run is adjusted by 111% and 
113% annually. Concerning pandemic indices, only the coefficients related to Coronavi-
rus PI, Coronavirus HI, and Coronavirus FNI are statistically significant. The estimated 

Fig. 3 NARDL plots of cumulative sum of recursive residuals—CUSUM (a1–a6) and cumulative sum square of 
recursive residuals—CUSUMSQ (b1–b6) for Models 1–6.  Source Authors’ own work. Notes: The blue line is the 
solid line while the red lines that bounded the blue line are the critical bounds at 0.5. Variables’ description is 
provided in Table 4
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Fig. 4 Asymmetric dynamic multipliers—Models 1–6: impact of positive and negative changes in VIX (a1–
a6), daily number of new reported COVID-19 cases worldwide (b1–b6), each RavenPack coronavirus related 
indices (c1–c6) on daily changes of Bitcoin price.  Source Authors’ own work. Notes: The horizontal axis shows 
the period (days) and the vertical axis the multiplier for positive (continuous black line) and negative (dashed 
black line) changes in VIX, daily number of new reported COVID-19 cases worldwide, each RavenPack 
coronavirus related indices and the asymmetry plot (dashed red line) with 95% bootstrap confidence interval 
based on 1000 replications. Variables’ description is provided in Table 4



Page 38 of 58Gherghina and Simionescu  Financial Innovation            (2023) 9:21 

values of the long-run coefficients β+ equal 0.008382 (L+PI) , 0.00099 (L+HI) , and 0.03054 
(L+FNI) , while the coefficient β− equals 0.006814 (L−PI) , 0.00072 (L−HI) , and 0.028211 (L−FNI) . 
Unlike Vurur (2021), a 1% increase or decrease in PI, HI, and FNI increases Bitcoin 
returns by 0.008382% (0.006814%), 0.00099% (0.00072%), and 0.03054% (0.028211%), 
respectively. The outcomes support Béjaoui et al. (2021), who claimed that the pandemic 
fosters investing in Bitcoin. Panic in the equity market appears to be driving investors 
to invest in Bitcoin as one of the alternative assets (Anamika et al. 2021). Like Guégan 
and Renault (2021), the significant association between investor sentiment and Bitcoin 
returns is supported; hence, the empirical findings reinforce Chen et al. (2022), indicat-
ing that Bitcoin is recognized as a valuable alternative investment under uncertainty. 
Contrary to Burggraf et  al. (2021), an increase in market volatility does not lead to a 
flight-to-safety phenomenon. Contrary to Choi and Shin (2022), Bitcoin is largely unal-
tered by COVID-19 panic shocks. Thus, including Bitcoin in the portfolio can mitigate 
the risk of a sudden decline in the value of investments triggered by exogenous shocks 
such as COVID-19 (Marobhe, 2022). Like Diaconaşu et al. (2022), we may notice that the 
Bitcoin market tends to mature. Besides, the Wald test results reveal that long-run asym-
metry effects are confirmed merely in the case of PI. Concerning the long-term positive 
(L+CND) and negative (L−CND) shocks of the daily number of newly reported COVID-19 
deaths worldwide, the influence on daily changes of Bitcoin price is negative in most 
cases, but the statistical significance is weak. Furthermore, similar to the outcomes from 
Table 8, both positive and negative shocks of VIX significantly negatively impact Bitcoin 
returns in the long-run.

The diagnostic tests show that the estimated NARDL models 7–12 have no heteroske-
dasticity, serial correlation, or misspecification issues. Figure 5 illustrates that CUSUM 
and CUSUMSQ plots are within the 95% confidence level, denoting the stability of the 
estimated models.

After the positive and negative variations influencing Bitcoin, the adjustment of 
asymmetries from initial long-term equilibrium to new long-term equilibrium can be 
regarded via the dynamic multipliers reported in Fig. 6 for models 7–12. The coronavi-
rus indices reveal asymmetric adjustment patterns toward negative and positive shocks 
in the short and long-run. Similar to adjustment patterns reported in Fig. 4, among the 
RavenPack pandemic indices, Coronavirus SI exhibits an inverse relationship with Bit-
coin returns. In contrast, direct relationships between all other coronavirus measures 
and Bitcoin occur in both the short- and long-run.

Fig. 4 continued
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Spectral causality analysis

The frequency domain causality analysis outcomes from pandemic indices to Bitcoin 
are reported in Table 10, whereas Fig. 7 shows the associated plots. The horizontal red 
lines in Fig. 7 signify the relationship between the variables at a 5% significance level 
for all frequencies (ω) in the interval (0,π) . Frequency (ω) on the horizontal axis can 
be interpreted as a cycle or periodicity by S = 2π/ω , where S is the period. Hence, 
high frequencies match short periods, and short frequencies relate to long periods. 
Unlike prior studies that used Twitter Happiness sentiment and found no Granger 
causality (Naeem et al. 2020, 2021b), the results support a long-term causal relation-
ship running from Coronavirus FNI to Bitcoin, as well as a medium-term causal rela-
tionship from Coronavirus SI to Bitcoin. The outcomes support Mokni et al. (2022), 
who found an asymmetric causality only throughout the pandemic phase, and Polat 
et al. (2022), who reported that fear caused Bitcoin’s return in the post-COVID era. 
Likewise, the findings align with Guégan and Renault (2021), who noticed that inves-
tor sentiment Granger causes Bitcoin returns. Furthermore, the outcomes are con-
sistent with Zhu et al. (2021), suggesting that investor attention is a significant factor 
in the Bitcoin market. Additionally, Banerjee et  al. (2022) proved a unidirectional 
causal relationship between COVID-19 news sentiment and cryptocurrency returns. 
However, the rest of RavenPack’s coronavirus-related indices do not cause Bitcoin at 
any frequency range.

Fig. 5 NARDL plots of cumulative sum of recursive residuals—CUSUM (a7–a12) and cumulative sum square 
of recursive residuals—CUSUMSQ (b7–b12) for Models 7–12.  Source Authors’ own work. Notes: The blue 
line is the solid line while the red lines that bounded the blue line are the critical bounds at 0.5. Variables’ 
description is provided in Table 4
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Fig. 6 Asymmetric dynamic multipliers—Models 7- 12: impact of positive and negative changes in VIX 
(a7–a12), daily number of new reported COVID-19 deaths worldwide (b7–b12), each RavenPack coronavirus 
related indices (c7–c12) on daily changes of Bitcoin price.  Source Authors’ own work. Notes: The horizontal 
axis shows the period (days) and the vertical axis the multiplier for positive (continuous black line) and 
negative (dashed black line) changes in VIX, daily number of new reported COVID-19 deaths worldwide, 
each RavenPack coronavirus related indices and the asymmetry plot (dashed red line) with 95% bootstrap 
confidence interval based on 1000 replications. Variables’ description is provided in Table 4
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Fig. 6 continued

Table 10 Results of frequency domain causality test from RavenPack coronavirus-related indices to 
Bitcoin

Source: Authors’ own computations. Notes: Superscripts *, **, *** represent the significance at 10%, 5%, and 1% levels, 
respectively. Variables’ description is provided in Table 4

Long term Medium term Short term

ωi 0.01 0.05 1 1.5 2 2.5

PI → BTC 4.3928 4.3879 1.0100 0.7792 1.0201 1.1636

HI → BTC 4.4489 4.4461 0.0962 0.0008 0.0147 0.0272

FNI → BTC 9.0938** 9.0839** 3.2947 1.5765 3.2324 4.3087

SI → BTC 0.6145 0.6374 5.0260* 4.6845* 4.5306 4.4632

II → BTC 2.7229 2.7147 0.2455 0.3452 0.4133 0.4456

MCI → BTC 2.8498 2.8828 2.0840 1.5089 1.3221 1.2481

Fig. 7 Plots of frequency domain Granger causality test from RavenPack coronavirus related indices to 
Bitcoin.  Source Authors’ own work. Notes: The incidence of the connection between each RavenPack 
coronavirus related indices and daily changes of Bitcoin price is investigated at frequencies 2–3, 1–2, and 
0–1. These frequencies show a short, medium, and long-term relationship. 0–1 is established as permanent 
causality, while 2–3 is recognized as temporary causality. The (red) upper line and the (brown) lower line 
represent statistically significant levels of 5 and 10%, respectively. The (blue) curves are used for statistical 
tests of various interval frequencies (0, π). Variables’ description is provided in Table 4
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Table  11 shows the Breitung–Candelon spectral Granger causality test results 
from Bitcoin to pandemic indices, and Fig. 8 exhibits the related plots. The outcomes 
support that Bitcoin Granger causes Coronavirus PI for all frequencies. Significant 
Granger causality is also found from Bitcoin to Coronavirus HI in the medium and 
long-run.

Table 11 Results of frequency domain causality test from Bitcoin to RavenPack coronavirus-related 
indices

Source Authors’ own computations. Notes: Superscripts *, **, *** represent the significance at 10%, 5%, and 1% levels, 
respectively. Variables’ description is provided in Table 4

ωi Long term Medium term Short term

0.01 0.05 1 1.5 2 2.5

BTC → PI 13.9038*** 13.9034*** 13.3386*** 11.0315*** 8.3672** 8.6330**

BTC → HI 14.4251*** 14.4240*** 13.1558*** 8.2573** 2.6569 3.3568

BTC → FNI 2.2370 2.2368 2.1579 2.1994 2.5456 2.7131

BTC → SI 0.1473 0.1474 0.2717 0.8303 1.5014 1.4583

BTC → II 0.2886 0.2886 0.2674 0.2351 0.2425 0.2716

BTC → MCI 1.0456 1.0447 0.6717 0.6640 1.8917 2.5952

Fig. 8 Plots of frequency domain Granger causality test from Bitcoin to RavenPack coronavirus-related 
indices.  Source Authors’ own work. Notes: The incidence of the connection between daily changes of Bitcoin 
price and each RavenPack coronavirus-related indices is investigated at frequencies 2–3, 1–2, and 0–1. These 
frequencies show a short, medium, and long-term relationship. 0–1 is established as permanent causality, 
while 2–3 is recognized as temporary causality. The (red) upper line and the (brown) lower line represent 
statistically significant levels of 5% and 10%, respectively. The (blue) curves are used for statistical tests of 
various interval frequencies (0, π). Variables’ description is provided in Table 4
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Concluding remarks and policy implications
This paper examined whether daily changes in Bitcoin price react to COVID-19 pan-
demic news. The asymmetric volatility examination through EGARCH (1,1) model 
exhibited that adverse and optimistic news have the same effect, hence the FOMO 
behavior not being supported. By employing the NARDL framework, we reinforced 
prior literature (Rognone et  al. 2020) and found positive and negative shocks in Rav-
enPack coronavirus-related indices (Panic, Hype, Fake News, and Infodemic) stimulate 
Bitcoin returns; hence, during market instability, Bitcoin can withstand foreign shocks 
and act as a hedge. Additionally, we could argue that the cryptocurrency market seems 
resilient to the endless frictions brought on by the COVID-19 pandemic. Furthermore, 
we conclude that cryptocurrencies could be a crucial component of portfolio diversifica-
tion. Moreover, in line with prior studies that used Twitter-based uncertainty measures 
(Wu et  al. 2021b; Aharon et  al. 2020), the outcomes of the Breitung–Candelon spec-
tral Granger causality test reveals a one-way causality running from Coronavirus FNI 
and SI to Bitcoin returns, whereas Bitcoin price Granger cause Coronavirus PI and HI. 
Accordingly, Bitcoin might influence future investor behavior in the markets for virtual 
currencies.

Since the risk portfolios of worldwide investors and portfolio managers may be 
severely affected by the pandemic, acknowledging the conduct of digital currencies 
throughout times of intense tension, such as a COVID-19 pandemic and informed trad-
ing, is necessary. Therefore, investors can rely on RavenPack coronavirus-related indi-
ces as a significant driver of Bitcoin return and shape trading approaches accordingly. 
Understanding the connection between Bitcoin and panic can provide investors with 
insights for portfolio optimization or risk mitigation to deal with digital assets’ price 
volatility. Therefore, investors should consider incorporating cryptocurrencies for their 
portfolios’ optimization and diversification and use crypto assets for expenditures and 
fund transfers. Likewise, this research may be helpful to regulators and governments in 
developing policies to alleviate this market, lessen its significant instability, and boost 
investor trust. Authorities can assess the emotion-driven cryptocurrency crisis and take 
appropriate measures. As such, the government should enact appropriate legislation to 
guide the marketplace. Furthermore, authorities should supervise unethical strategies of 
cryptocurrency trading to assist economies in achieving economic security and invest-
ment gains.

The results of this study have several limitations. First, it is imperative to emphasize 
that our data set covers only Bitcoin returns. Future research could implement a broader 
range of cryptocurrencies, such as Litecoin, Ethereum, Tether, and Ripple, to investigate 
the effects of COVID-19 pandemic news on their returns. Our study is also limited to 
indices provided by a data and analytics vendor, such as RavenPack. Therefore, future 
research should construct investor sentiment indices based on Google search terms or 
Twitter feeds. Another future study could divide the period to investigate the impact 
of pandemic news on the cryptocurrency market during each COVID-19 wave. Finally, 
more regions where Bitcoin is used in transactions could be covered.
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Appendix  2: Rolling correlations among  RavenPack coronavirus related indi-
ces, daily number of novel pandemic cases and fatalities worldwide

Source Authors’ own work. Notes: The window width for the rolling correlation is speci-
fied at 14 days. Variables’ description is provided in Table 4.

Appendix 3 EGARCH (1,1) estimation results for BTC. 

Dependent Variable: BTC

Method: ML ARCH—Student’s t distribution (BFGS / Marquardt steps)

Sample: 1/23/2020 9/01/2021

Included observations: 409

Convergence achieved after 56 iterations

Coefficient covariance computed using outer product of gradients

Presample variance: backcast (parameter = 0.7)

LOG(GARCH) = C(2) + C(3)*ABS(RESID(-1)/@SQRT(GARCH(-1))) + C(4)

*RESID(-1)/@SQRT(GARCH(-1)) + C(5)*LOG(GARCH(-1))

Variable Coefficient Std. Error z‑Statistic Prob

C 0.003805 0.001630 2.334675 0.0196
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Variable Coefficient Std. Error z‑Statistic Prob

Variance Equation

C(2) −0.275439 0.131835 -2.089274 0.0367

C(3) 0.178966 0.056358 3.175516 0.0015

C(4) 0.007022 0.037809 0.185708 0.8527

C(5) 0.975685 0.018051 54.05028 0.0000

T-DIST. DOF 3.665338 0.596147 6.148382 0.0000

R-squared −0.001190 Mean dependent var 0.005396

Adjusted R-squared −0.001190 S.D. dependent var 0.046169

S.E. of regression 0.046197 Akaike info criterion -3.599932

Sum squared resid 0.870722 Schwarz criterion -3.541051

Log likelihood 742.1861 Hannan−Quinn criter -3.576635

Durbin-Watson stat 2.284140

Source Authors’ own computations. Notes: Variables’ description is provided in Table 4

Appendix 4: EGARCH (1,1) estimation results for VIX

Dependent Variable: VIX

Method: ML ARCH—Student’s t distribution (BFGS / Marquardt steps)

Sample: 1/23/2020 9/01/2021

Included observations: 409

Convergence achieved after 58 iterations

Coefficient covariance computed using outer product of gradients

Presample variance: backcast (parameter = 0.7)

LOG(GARCH) = C(2) + C(3)*ABS(RESID(-1)/@SQRT(GARCH(-1))) + C(4)

*RESID(-1)/@SQRT(GARCH(-1)) + C(5)*LOG(GARCH(-1))

Variable Coefficient Std. Error z‑Statistic Prob

C −0.004652 0.003136 -1.483295 0.1380

Variance Equation

C(2) −0.103987 0.030672 -3.390260 0.0007

C(3) −0.054849 0.034820 -1.575195 0.1152

C(4) 0.248480 0.058882 4.219943 0.0000

C(5) 0.978304 0.006471 151.1869 0.0000

T-DIST. DOF 3.289368 0.503823 6.528820 0.0000

R-squared −0.009460 Mean dependent var 0.004694

Adjusted R-squared −0.009460 S.D. dependent var 0.096205

S.E. of regression 0.096659 Akaike info criterion -2.294186

Sum squared resid 3.811906 Schwarz criterion -2.235305

Log likelihood 475.1610 Hannan-Quinn criter -2.270889

Durbin-Watson stat 2.250316

Source Authors’ own computations. Notes: Variables’ description is provided in Table 4
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Appendix 5: Unit root tests without structural break

Variables Level First difference

Intercept Trend & Intercept Without 
Trend & 
Intercept

Intercept Trend & Intercept Without 
Trend & 
Intercept

Augmented Dickey-Fuller (ADF) unit root test

BTC −23.3183*** −23.3046*** −22.9733*** −12.3983*** −12.3828*** −12.4142***

PI −2.4313 −3.5029** −0.8805 −10.9065*** −10.9349*** −10.92***

HI −2.2718 −3.4114* −0.6307 −6.59*** −6.7135*** −6.5991***

FNI −5.4963*** −5.919*** −1.4313 −15.8406*** −15.8421*** −15.8598***

SI −2.5676 −2.4272 −2.1437** −15.0561*** −15.0784*** −15.0709***

II −3.334** −4.2269*** −0.103 −5.9017*** −6.1673*** −5.9009***

MCI −4.463*** −4.805*** 0.1025 −5.9614*** −6.1128*** −5.9656***

CNC −1.7964 −3.5092** −0.2738 −4.524*** −4.5251*** −4.4493***

CND −1.9367 −2.5732 0.3844 −13.8935*** −13.9742*** −13.8083***

VIX −23.1004*** −23.1667*** −23.0652*** −13.0221*** −13.0047*** −13.0389***

Phillips-Perron (PP) unit root test

BTC −23.2346*** −23.2229*** −22.8089*** −333.8464*** −332.7252*** −333.1452***

PI −7.6604*** −9.2185*** −1.8205* −40.9492*** −41.2412*** −41.0032***

HI −2.8282* −3.7526** −0.5925 −26.9138*** −27.2029*** −26.9304***

FNI −12.6538*** −12.9709*** −3.3545*** −52.6608*** −52.9635*** −52.7215***

SI −3.4058** −3.6036** −2.5101** −29.3143*** −56.469*** −27.5883***

II −3.7799*** −4.0972*** −0.0226 −32.0588*** −33.8911*** −31.9084***

MCI −5.2236*** −5.2389*** 0.4232 −25.7852*** −26.3721*** −25.7087***

CNC −2.2708 −5.6518*** −0.3036 −31.9399*** −31.9068*** −31.485***

CND −4.6461*** −9.0937*** −0.8469 −50.3275*** −50.9265*** −49.5784***

VIX −23.0469*** −23.1582*** −22.9739*** −371.2423*** −394.2407*** −355.8698***

Kwiatkowski-Phillips-Schmidt-Shin (KPSS) unit root test

BTC 0.0946 0.0717 0.1361 0.1358*

PI 0.897*** 0.0606 0.0995 0.0567

HI 0.7604*** 0.1408* 0.2696 0.1067

FNI 0.4478* 0.0791 0.0705 0.0379

SI 0.8363*** 0.3795*** 0.2488 0.1262*

II 0.3709* 0.2537*** 0.4983** 0.1696**

MCI 0.2715 0.2762*** 0.6052** 0.1915**

CNC 1.962*** 0.247*** 0.0396 0.0357

CND 1.7298*** 0.2842*** 0.0673 0.0354

VIX 0.1803 0.0837 0.0417 0.0413

Source Authors’ own computations. Notes: Values are reported for Dickey-Fuller (ADF), Phillips-Perron 
(PP), and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) unit root test methods. Null hypothesis is non-sta-
tionary for ADF&PP, and stationary for KPSS. Lag Length based on SIC. Superscripts *, **, *** repre-
sent the significance at 10%, 5%, and 1% levels, respectively. Variables’ description is provided in Table 4
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Appendix 6: Unit root test with structural breaks

Variables Zivot‑Andrews (ZA) unit root test

Level

Intercept Break point Trend Break point Trend & Intercept Break point

BTC −23.59259*** 2/22/2021 −23.33515 1/07/2021 −23.7118*** 5/10/2021

PI −3.360543* 5/12/2020 −3.129722 6/07/2021 −3.145402 5/25/2021

HI −3.629078 8/04/2020 −3.52505 6/07/2021 −3.457124 6/02/2021

FNI −4.852416** 5/05/2020 −4.741216 6/03/2021 − −
SI −6.091661*** 5/18/2020 −5.546161*** 7/06/2020 −6.102909* 5/18/2020

II −5.846642 8/13/2020 −5.496813 6/07/2021 −5.425831 6/07/2021

MCI −5.389047* 9/09/2020 −4.996208 6/07/2021 −4.988391*** 5/17/2021

CNC −3.355426*** 5/10/2021 −1.72165 10/29/2020 −3.140505*** 5/13/2021

CND −2.616653*** 6/02/2021 −2.092303*** 12/30/2020 −3.195966*** 11/03/2020

VIX −23.38269 4/22/2020 − − −23.59767 5/12/2020

First difference

BTC −15.04517 2/09/2021 −14.3471 5/13/2021 −15.04401 5/20/2021

PI −11.04359 4/28/2020 − − −11.28913 6/12/2020

HI −7.136702 4/28/2020 −7.226811 5/13/2020 −7.38726*** 6/05/2020

FNI −15.91408* 4/28/2020 −15.91691 5/01/2020 −15.95095 6/11/2020

SI −15.24377** 12/28/2020 −15.09312 4/30/2020 −15.24878 6/30/2020

II −9.658423** 5/04/2020 −9.496702** 6/02/2020 −9.696578* 5/12/2020

MCI −6.537531 4/30/2020 −7.888586 5/12/2020 −8.052636*** 6/09/2020

CNC −10.10256*** 1/11/2021 −9.733051 6/04/2021 −10.64056*** 5/03/2021

CND −14.4765*** 1/25/2021 −14.00867 6/04/2021 −14.51875*** 1/25/2021

VIX −15.16655 1/28/2021 −15.12925 6/02/2021 −15.14689** 6/12/2020

Source Authors’ own computations. Notes: Superscripts *, **, *** represent the significance at 10%, 5%, 
and 1% levels, respectively. Variables’ description is provided in Table 4.
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COVID-19   Coronavirus disease 2019
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NARDL   Nonlinear autoregressive distributed lag
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