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Abstract

The purpose of this paper is to reinvestigategtaperties of cryptocurren-
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GARCH Dynamic Conditional Correlation model. Thadfhgs suggest that
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Introduction

From the moment of their emergence, as a by-ptaafu8atoshi Nakamoto’s
“Peer-to-Peer Electronic Cash System” (Nakamoto)820 cryptocurrencies
attract a lot of attention from different pointsoéw. Especially, investors are
seeking for a new investment asset. Fortunatelgr the last few years, we are
witnessing a real surge in academic world produ@ngenviable number of
papers confirming the (non)existence of some faalolar features of cryptocur-
rencies. If the definition of a particular assedsd of investments as a set of
investments with common risk-return characteristingl very similar reactions
to economic and market events, and consequenibyvacbrrelation of returns
with other classes is employed, as given in Ki{@84.2), it can be said that there
is a clear situation of cryptocurrencies as thed@wi new investment class.
A sequence of research has proven the cryptocuesrzapacity as an invest-
ment asset class (Burniske and White, 2017; Ankerntbrand Bieri, 2018;
Elendner et al., 2018; Liu and Tsyvinski, 2018;t&aj2019; Stensas et al., 2019;
Gil-Alana et al., 2020). In accordance with thossults, a humerous studies
considered the contribution of particular crypt@encies, mostly Bitcoin, to port-
folios with different traditional and/or alternagivinvestments (Kajtazi and Moro,
2019; Symitsi and Chalvatzis, 2019; Platanakis dinguhart, 2020; Li et al.,
2021). Additionally, some of the research considetes contribution through
a set of cryptocurrencies, mostly represented ley @Ryptocurrency IndeX
(CRIX) or its subsets, regarding certain criteriiloe market capitalization (Lee
et al., 2018; Kriickeberg and Scholz, 2019; Trimbetral., 2019; Petukhina
et al., 2020; Ma et al., 2020). Therefore, a unigueclusion of a contribution of
cryptocurrencies in terms of Markowitz diversificat, i.e. contribution to a more
favourable relationship between return and risthefportfolio, is derived.

While diversifying potential of cryptocurrenciesproved and already employ-
ed in the portfolio optimisation, its role as a gecnd/or safe haven is object of
intensive analysis both from practitioners and aaads, resulting with diversity
of conclusions and opinions. Following the defmitiof a hedge, a diversifier
and a safe haven, given by Baur and Lucey (2016)Baur and McDermott
(2010), a number of papers has been trying to ragkecise distinction of these
possible features of cryptocurrencies, using dfiesamples in different periods.
Mostly, the conclusion following the previous yéaesearch is that cryptocur-
rencies can serve primarily as a diversifier (Batral., 2017; Bouri et al., 2018;
Corbet et al., 2018; Stensas et al., 2019; Bouai.e2020).

However, a certain heterogeneity is reported inyr@ases and some empiri-
cal research found safe haven and/or hedge prepeofi cryptocurrencies in
short investment horizons, for some specific assetsnarkets (Bouri et al.,
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2017; Selmi et al., 2018; Arnérand Mateljan, 2019; Stensas et al., 2019; Wang
et al., 2019; Bouri et al., 2020; Garcia-Jorcand Banito, 2020). Smales (2019)
finds that Bitcoin is more volatile, less liquichdacostlier to transact than other
assets and concludes, until the market matures, tiherefore unlikely to be
worthwhile considering Bitcoin as a safe haven.hWéspect to all efforts up to
now for examining and maybe “proving” the safe hafeature of cryptocurren-
cies in the times of absence of stronger and dempss, the results following
from those studies should be taken with cautionraimiestigated in the light of

a current COVID-19 crisis.

Cryptocurrencies have also attracted a speciahtédh as a possible substi-
tute for gold, so called the new digital gold (Pep2015). Hardle et al. (2020)
noticed a great similarity between Bitcoin and golderms of their limited sup-
ply, need for mining and psychological perspectiWa.the other hand, Perlaky
(2019) found that gold is less volatile, has a mlayeid market, trades in an
established regulatory framework, has a well uridedsrole in an investment
portfolio, has little overlap with cryptocurrencies many sources on demand
and supply and, that gold is a safe haven invedtmen

Klein et al. (2018) tried to find relationship teten gold and cryptocurren-
cies. They found that Bitcoin does not reflect digtinctive properties of gold
other than asymmetric response in variance. Bitbeimaves completely differ-
ent from gold in particular in market distress.cBih shows positive coupling
effect and declines when markets are declininghiock-like situations. They
repeated portfolio analysis by including CRIX iredeof Bitcoin and found that
CRIX seems to have marginal hedging effect fordghequity indices and that the
volatility dynamics of cryptocurrencies do sharenscsimilarities with gold.

Gkillas and Longin (2019) combined each equity keamwith Bitcoin, and
found that the correlation of extreme returns slyadpcreases during both mar-
ket booms and crashes. Also, there is a low extmmnelation between Bitcoin
and gold, indicating that both assets could prowdeefits of diversification
during turbulent times.

Considering the conflicting results of differeessearch and the fact that the
real crisis from the start of the cryptocurren@ding did not occur, the relation-
ship between cryptocurrencies and gold requirgbduiinvestigation.

COVID-19 pandemic is the first major crisis sinte beginning of active
trading with cryptocurrencies and provides a frameéwfor testing their beha-
viour in the period of the extreme uncertainty aothtility of the world finan-
cial markets. The question is what features cryptencies keep or maybe gain
in the crisis. During and after the global finamhgaigsis investors were seeking
for a safe haven in gold, while today a great &tteris put on cryptocurrencies.
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Unsurprisingly, the number of papers dealing wityptocurrencies emerged in
the aftermath of the COVID crisis. Conlon and McG2e20), using data span
from March 21, 2019 through March 20, 2020, progideidence that Bitcoin
does not act as a safe haven, instead decreagungenn lockstep with the S&P
500 as the crisis develops. Similarly, Conlon et(2020) found evidence that
Bitcoin and Ethereum are not found to act as alsaven for international equity
markets. Tether is found to act as a safe haveheirCOVID-19 crisis. More-
over, only investors in the Chinese CSI 300 indar benefit from including
Bitcoin and Ethereum in their portfolios. The dagmn for the research is from
April 2019 to April 2020. Corbet et al. (2020a) falievidence of significant
growth in both returns and volumes traded, indigathat large cryptocurrencies
acted as a store of value during the period fronudey 1, 2019 to March 31,
2020. They concluded that besides providing difieegion benefits for inves-
tors, cryptocurrencies acted as a safe-haven. &lpilMariana et al. (2021)
found that in period from July 1, 2019 until Ap8i] 2020, Bitcoin and Ethereum
are suitable as short-term safe-havens for stocks.

Before the crisis, academic attention has beemnskxt to Bitcoin, while other
cryptocurrencies have been neglected (Canh e2@l9). Therefore, to fill that
gap, Canh et al. (2019) investigated seven cryptenaies and found evidence
that the conditional quasi-correlation between wgprrencies is significantly
positive and strong. Additionally, novel empiriagalsearch investigates proper-
ties of different cryptocurrencies in the COVID-&®uation. Mnif et al. (2020)
detected the existence of herding behaviour irfitleetop cryptocurrency mar-
kets. They indicated that Bitcoin was the mostceadfit cryptocurrency before
crisis while in the crisis period it is less eféot than Ethereum.

Our research goes one step further. The goalagplmre correlation between
cryptocurrencies and asset classes other thanssincthe COVID-19 period.
Considering results of movements within differeryiptocurrencies (Canh et al.,
2019; Mnif et al., 2020) the CRIX index is usedcémture possible positive effect
of other cryptocurrencies other than Bitcoin.

In the period of COVID-19 crisis, Corbet et al02Bb), by using high fre-
guency data, found the growth of dynamic corretetibetween Chinese stock
exchanges with Bitcoin and gold. These resultsteahdilly motivated us to in-
vestigate dynamic correlation between gold andtoguorencies in detail.

Properties of Multivariate Generalized AutoRegres<Conditional Hetero-
skedasticity (MGARCH) models, in particular the Bymc Conditional
Correlation (DCC) model, defined by Engle (20024 arse and Tsui (2002),
enable us to use the whole sample and in only stimation it provides the
daily conditional correlations between cryptocudiea and other assets, both in
pre-crisis and crisis period.
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With this paper we are joining the ongoing waveaohdemic research to
better understanding cryptocurrencies and thed, rmdntributing to the existing
literature in several ways. Firstly, by taking irtonsideration the time frame
spanning from October 1, 2017 to October 1, 208, gaper compares returns
of cryptocurrencies with returns of different asdatbull and bear market condi-
tions and reinvestigates the relationship betweagptacurrencies and gold in
particular. Secondly, the use of MGARCH-DCC allous to investigate the
movement of conditional quasi-correlations betwéss cryptocurrencies and
considered assets. Finally, CRIX is used in ordecapture possible positive
effects of other cryptocurrencies other than Bitcoi

The remainder of the paper is organized as folldvestion 1 describes the
data and descriptive statistics. Section 2 presaethiodology. Empirical find-
ings with discussion of the results are given icti®ea 3. Finally, conclusions
and directions for future research are provide8dntion 4.

1. Data and Descriptive Statistics

Since the cryptocurrency market was charactefised sluggish movement
of prices, market capitalization and volumes frémit appearance to 2017, that
period is not taken into consideration for furtleatculations. The surge in their
prices started in 2017 and peaked in 2018, follolethe intensive trading period
characterized by high volatility with continuousidtuations until the October
2020. Therefore, only last three years of theivadtading are taken into account.
Based on daily closing prices from 01.10.2017 tal02020 for CRIX, Oil,
Gold, REIT, Bonds, S&P500 and SSEC, the daily ketgims are calculated. Full
names of the variables as well as the data soareegiven in the Appendix in
Table Al. Prior to their calculations, the weekateda has been excluded for
CRIX.? Moreover, all the non-working days for S&P500 haigo been excluded
from further calculations in order to minimize tgaps in sample. Descriptive
statistics with normality, stationarity, homosceddty and independence tests is
given in Table 1.

Table 1 shows that the highest mean return (0.1d%ghieved for CRIX as
well as the highest risk measured by standard tlenig5.02%). Moreover, it
exhibits also the lowest mean return (on March, 2920 of —44.66%) and the
second highest mean return (22.03%). Normalityetdms is tested using skew-
ness and kurtosis test for normality (SK). The hylbothesis, that the time series

2 Klein et al. (2018) also only consider the pridesing the week for Bitcoin to synchronize
their data set. Namely, they tested weekend pmiteggdolation for the conventional assets. However,
this introduced some bias to model estimation kydo virtually zero returns over the weekend.
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is normally distributed, can be rejected for alliables at 1% significance level.
The stationarity of returns is tested using Augredridickey-Fuller (ADF) test,
where the null hypothesis is that a unit root igsent in a time series sample.
Based on 1% significance level the null hypotheais be rejected, i.e. the varia-
bles are stationary processes. The independencetwhs is tested using the
Ljung-Box (LJB) test. It is a test for significaattocorrelation in a stationary
time series. At lag one S&P500 and REIT returnslekignificant autocorrela-
tion at 1% significanc&.Moreover, the presence of an ARCH effect is tested
using a Lagrange multiplier (LM) test for the nhifpothesis that the residuals
do not show any autocorrelation pattern. The LM AREst strongly rejects the
null hypothesis of no ARCH effect for all the assexcept for CRIX.

Table 1

Descriptive Statistics with Normality, Stationarity, Homoscedasticity
and Independence Tests from 1. 10. 2017 to 5. 1029

CRIX Oil Gold REIT Bonds S&P500 SSEC
N 756 741 728 756 746 756 688
M 0.00138 0.00067 0.00031 —0.000108 0.00026 0.00039 0.00014
c 0.05022 0.04323 0.00854 0.01726 0.00408 0.01452 0.01284
min —0.44664 —0.28138 —0.05401 —0.192714 0.02961 -0.12765 —0.04867
max 0.22027 0.42583 0.0679 0.08262 0.02710 0.08968 0.0826
a3 -1.297 1.428 0.329 -2.391 0.186 | 1.057 0.191
o4 14.503 34.858 11.303 32.613 12.013 .3 6.716
SK 289.03** | 384.66*** | 137.41** |513.94%* |138.22** |289.39*** 69.44x+*
ADF  [-14.218%* | -17.674** | -14.713** | —13.595*** | —16688*** |-14.413** |-13.315"*
LIB(1) 0.0298 1.5311 3.8396% 15.2293F 0.1925 54.5339*1 0.1148
LM(1) 0.813 35.968*** | 13.424** |  58.065*** | 156.7*** 192.259*** 1.594
LM(5) 6.029 169.868** | 27.377** | 196.723**| 29.661*** |299.584*** | 16.885***
LM(10)| 6.200 252.024** | 111.225*%* | 206.839*** | 239.389* [322.524*** | 64.646***

Note “p<0.1,” p<0.05" p<0.01.

Source The authors’ calculations in STATA 13.1.

Correlation matrix for all return series for théale period is given in Table 2.

All the assets have significant correlations, sohene positive and somewhere
negative, with mostly all the other assets, exdeptthe CRIX. Namely, in
the period from October 2017 to October 2020 itileixh small positive and
insignificant correlations with Oil, Bonds and SSEECweak negative but signi-
ficant correlation can be observed for REIT and S8®% whereas a weak posi-
tive and significant correlation is obtained witblG

3 When considering MGARCH(1,1)-DCC model with one lagS&P500 and REIT in the
mean equation, the results of the model do notorgsignificantly. More importantly, the condi-
tional correlations do not change. Therefore, megnation contains only constants for all the
variables. The results are available from the asthpon reasonable request.

4 Despite that, GARCH(1,1) is estimated for all assktsreover, both ARCH and GARCH
coefficients for CRIX are found to be significant\tGARCH(1,1)-DCC model in Table 5.
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Table 2
Correlation Matrix from 1.10.2017 to 1.10.2020
CRIX oil Gold REIT Bonds S&P500 | SSEC

CRIX 1

il 0.0413 1

Gold 0.1171** | —0.0232 1

REIT —0.0763** 0.1048** | 0.1484*** 1

Bonds 0.0299 —0.1319*+  0.0143 —0.2737%F 1

S&P500| —0.0702* 0.1941%*|  0.1438*** 0.7848**|  3.5008*** | 1

SSEC 0.0540 0.1481*  0.1270%** 0.1417*  B54** | 0.2422% | 1
Note “p<0.1,” p<0.05" p<0.01.

Source The authors’ calculations in STATA 13.1.

When comparing the descriptive statistics (Tabl¢o8 the period October
2017 to December 2019, i.e. prior to crisis in tipper panel, and for the period
January 2020 to October 2020, i.e. the COVID-18i£period in the lower panel,
one may observe significantly higher risk measurgdtandard deviation for all

assets except for CRIX. Moreover, both the lowest the highest mean returns
can be reached in the latter period. Interestiriy,mean returns are higher for

all the return series, except for the S&P500 (lomean return) and REIT (nega-
tive mean return).

Table 3

Descriptive Statistics from 1.10.2017 to 31.12.2019pper panel) and from 1.1.2020
to 1.10.2020 (lower panel)

| crix | oi Gold REIT | Bonds | s&Ps00 | SSEC
1.10.2017 to 31.12.2019
N 566 556 546 566 556 566 515
i 0.00064 0.00033 0.00013 0.00019 0.00013 0.00044 | —0.00003
o 0.05022 0.02007 0.00652 0.00891 0.00334 0.00897 0.01221
min | —0.30901 | -0.08724 | -0.02471| -0.04116  -0.01149 .04184 | —-0.04867
max | 0.22027 0.14176 0.02882 0.03284 ®612| 0.04840 0.05850
as | —0.491 0.096 0.136 ~0.602 0.011 ~0.651 .03
(14 7.561 8.745 4274 5.077 3.767 7251 | 5.028
1.1.2020 to 1.10.2020
N 190 185 182 190 190 190 173
i 0.00358 0.00166 0.00087|  —0.0009¢ 0.00084 0.00024 0.00087
o 0.05029 0.07936 0.01288 0.03084 0.00573 0.02452 0.01457
min | —0.44664 | -0.28138 | -0.05401| -0.19274  —0.02961 .12765 | —0.04597
max | 0.22027 0.42583 0.06790 0.08262 @027| 0.08968 0.08260
as | —3.708 0.89 0.239 ~1.554 0.129 ~0.767 .53
as | 35.848 12.235 7.994 13.532 10.919 9.606 8.685

Source The authors’ calculations in STATA 13.1.

The comparison of the correlations (Table 4) fer period October 2017 to

December 2019, i.e. prior to crisis in the uppeargbaand for the period January

2020 to October 2020, i.e. the COVID-19 crisis perin the lower panel, shows

even more interesting results. Correlations of CRi all the other assets prior
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to crisis are weak and insignificant, whereas & @OVID-crisis period there is
a significant correlation with all the variablegcept for Oil. The highest nega-
tive correlation is obtained with returns on S&P5680.21), while the highest
positive correlation is exhibited with returns omwl (0.29). In stable periods
cryptocurrencies can be seen as a weak hedgethiegare uncorrelated with
all the other assets on average except for OiceSRIX has a weak positive
correlation with Oil, it can be seen as a diveesifiMoreover, in crisis period
there is a positive and significant correlationhmgold. In the crisis period,
cryptocurrencies are a strong safe heaven singe abree negatively correlated
to REIT and S&P500. However, a single estimatehef ¢orrelation given by
Pearsons’ correlation coefficient does not proad#icient information since it
is important to allow correlations to be time-vauyi

Table 4

Correlation Matrices from 1.10.2017 to 31.12.2019pper panel) and from 1.1.2020
to 1.10.2020 (lower panel)

| crix [ oi | Gold REIT | Bonds | S&P500 | SSEC

1.10.2017 to 31.12.2019

CRIX 1

oil 0.0801* 1

Gold 0.0136 0.0692 1

REIT | -0.0166 0.0261 0.0164 1

Bonds | —0.0566 ~0.1488" 0.0698 0.0798* 1

S&P500| 0.0413 0.2395*4  0.0646 0.4943%F Q4B |1

SSEC 0.0067 0.2448*{ 0.0266 —0.0552 —0.1297470.1774"* | 1
1.1.2020 to 1.10.2020

CRIX 1

oil 0.0286 1

Gold 0.2886** | —0.0613 1

REIT | —0.1544* | 0.1221* 0.2147+ 1

Bonds 0.1780% | —0.1397* | —0.0369 ~0.4698%% 1

S&P500 | —0.2106%*| 0.1842%* | 0.1903* |  0.8821* —0.5760%* | 1

SSEC 0.1712* |  0.1330* 0.2594*t  0.3203" 0.1543* | 0.2429** | 1

Note “p<0.1,” p<0.05" p<0.01.
Source The authors’ calculations in STATA 13.1.

2. Methodology

MGARCH-DCC models by Engle (2002) and by Tse asdi {2002) with
normal and Studertt distributions, which allows the dynamics in coateins
while the two-step procedure ensures the feasibdit the optimization and
computation even if a large number of time sergesansidered, are applied.
More precisely, they have the advantage of choosihgtever GARCH-type
model for each time series, allowing for a higkxifbdity, while simultaneously
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requiring lower number of parameters compared ¢oviich, BEKK and factor
models? The result is the ease of computation as well egebmodel under-
standing. Regardless the fact that both Constamtittonal correlation (CCC)
and DCC models have the advantage of decompositgnea matrix into con-
ditional volatilities and conditional correlationrSCC assumes the constant con-
ditional correlations, which is unrealistic in masft the empirical applications
(Boffelli and Urga, 2016).

The basic framework of the model applied in thapgr starts from defining
the mean and variance equations of GARCH (1,1) inode

h=H + &

h =a,+a, &, + B,
where in the first line of equation (1) is anmx1 vector of returns at time on
m assets; is anmx1 conditional mean vector af and &, is the vector of
residuals defined as, =u./hy , where u |, ~N(0O,H,) is ani.i.d. process
following a standard normal distribution while, is the information set availa-

1)

ble up to timet -1. In the second line of the equation (1) is the conditional
variance,q, is the constantd, >0), a; the parameter that captures the short-
run persistence of the ARCH effect, whilé represents the GARCH effect or
the long-run persistence of volatilit) € a, + S, <1). Therefore,m univariate
GARCH (1,1) models are fitted in the first steploé estimation procedure.

In the second step the DCC model by Engle (20@2)ssfrom the decompo-
sition of the matrixH, , i.e. the variance-covariance matrix of returns:

H =DRD ()

where D, is the diagonal matrix of conditional standardidgons computed by
univariate GARCH (1,1) models from the first steyl &R is the conditional cor-
relation matrix of returns which is time dependamt takes the following form

R =diag( ¢, ,Gay” --riG) Qliag Gt ,Gs” o) €)

The mx m symmetric positive definite matrig, is given by:

Q =(1—A1—A2)6+A1%[%J +1,Q, (4)

5 Moreover, vech models require additional constsaio ensure the positive semidefinitiveness
of the variance-covariance matrix.
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where A, and A, are time invariant parameters while the constrajint A, <1
ensures that the process is stationary and wideie the sample counterpart of
the unconditional correlation matrix. In this twigys optimization procedure, the
parameters are estimated using maximum likelihood.

Although normal distribution has good mathematigadperties, due to in-
herent leptokurtosis of financial time series, aieghe proposed distributions
to deal with those properties is the Studedistribution. The conditional distri-

bution of innovationy, |1, ~N(O,H,) is replaced byu, |1, ~ f,(4 V) and
_ r[(n+v)/2] H

(m)"*r(vi2) "
degrees of freedom (Hsu Ku, 2008).

|—l/2

f(u,v) x[1+v'1ut'H{1q]_(n+V)/2 where v are the

3. Results and Discussion

Engels’ (2002) and Tse and Tsuis’ (2002) modets wormal and Studemt
distributions in MGARCH(1,1)-DCC model specificatiavith only constants in
the mean equation, is estimated for CRIX, Oil, G&&IT, Bonds, S&P500 and
SSEC for the period from October 1, 2017 to Octdhe2020. Engels’ model
with studentt distribution is chosen as the most approptiatel its results are
presented in the Table 5 along with parameter estisnand standard model
diagnostics.

All parameters of all the univariate GARCH(1,1) dets are statistically sig-
nificant at 1% significance level, as well as tistireates of4, and A, which
indicate that conditional correlations are highbrgistent. Positive parameters
a,, a, and S, ensure that estimated variances of returns aiévgosvhile the
satisfied constraintsr, + 5, <1 and A + A, <1 ensures that the process is sta-

tionary. The degrees of freedom are equal to GB#h suggests that the fitted
multivariate Student distribution if far from the multivariate normal ént is
characterized by moderately fat tails.

Moreover, a diagnostic checking of the standadlizesiduals of each
GARCH(1,1) model separately yields to a concludioat there is no ARCH
effect. All this indicates that MGARCH(1,1)-DCC nwldvith Student distribu-
tion, estimated using maximum likelihood estimatimethod in two steps is
correctly specified.

6 Log-likelihood, AIC and BIC information criteria aselWas Likelihood-ratio test confirmed
the selection. The results are robust to selecti@any DCC method.
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Table 5
Estimated Parameters with Standard Model Diagnostis for M-GARCH(1,1)-DCC
Model with Student t Distribution for the Period 1.10.2017 to 1.10.2020

CRIX Qil Gold REIT Bonds S&P500 SSEC

u 0.00174 0.00135 | 0.000195 0.00100 | 0.000166 0.00152 0.000697
(0.00163) | (0.00074) | (0.000255) (0.000372) (0.08)11|(0.000278) | (0.000416

a 0.0670" | 0.215" 0.146" 0.176" 0.185" 0.185" 0.100"
(0.0258) | (0.0418) (0.0432) (0.0342) (0.0477) (643 (0.0329)

P 0.919" 0.709" 0.840" 0.736" 0.691" 0.715" 0.885"
(0.0393) | (0.0496) (0.0571) (0.0440) (0.0813) (6% (0.0393)

ao 0.0000484] 0.000046| 0.0000025| 0.000013| 0.0000021 | 0.0000085 | 0.0000048
(0.00006) | (0.00002) | (0.000002) (0.000004) (0.00@)0| (0.000003) | (0.000003

a+ B 0.986 0.924 0.986 0.912 0.876 0.900 0.985

LM(1) 0.151 2.407 1.127 0.534 0.353 0.674 0.820

LM(5) 3.022 5.556 2.059 13.849** 2.432 6.590 0.669

M+Ay 0.9275

A 0.0135"
(0.00496)

A2 0.914" LL 13847.9
(0.0302) AIC —27591.79

v 6.081" BIC —27359.47
(0.608) N 644

Note Standard errors in parenthesgs< 0.1,” p < 0.05,” p < 0.01.

Source The authors’ calculations in STATA 13.1.

The matrix of long-run or conditional correlatioisgiven in the Table 6.
CRIX exhibits weak and insignificant conditionalnedations with all the observ-
ed variables except for the weak positive and Sganit conditional correlation
obtained with Gold and QOil. In the whole periodmigcurrencies can be seen as
a weak hedge for all assets except for Gold andsiite they are uncorrelated
with all the other assets on average. Cryptocuiesrgan be seen as a diversifier
for Gold and Qil, exhibiting a weak positive coebn on average.

Table 6
Conditional Correlations for MGARCH(1,1)-DCC Model for the Period 1.10.2017
to 1.10.2020

CRIX oil Gold REIT Bonds S&P500
oil 0.0951
(0.0534)
Gold 0.0963 0.0571
(0.0515) (0.0534)
REIT -0.0145 0.0699 0.0402
(0.0536) (0.0545) (0.0523)
Bonds —0.0495 -0.195 0.0606 0.0256
(0.0529) (0.0516) (0.0518) (0.0541)
S&P500 0.0483 0.286 0.0528 0.549 -0.386"
(0.0531) (0.0504) (0.0527) (0.0376) (0.0451)
SSEC 0.0684 0.249 0.109 0.0171 -0.126 0.211"
(0.0512) (0.0482) (0.0501) (0.0509) (0.0489) .0484)
Note Standard errors in parenthesgs< 0.1,” p < 0.05,” p<0.01.

Source The authors’ calculations in STATA 13.1.
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However, Table 6 presents only long-run conditicc@relation. The esti-
mated daily conditional correlations of DCC modehleles us to move forward
and explain their movements in pre-crisis and €n&riod. The descriptive sta-
tistics for dynamic conditional correlation betwe€RIX and all other assets is
given in Table 7 and their movement is given inurégl.

Table 7

Descriptive Statistics for Dynamic Conditional Correlation between CRIX and All
other Assets from 1.10.2017 to 31.12.2019 (upperms) and from 1.1.2020

to 1.10.2020 (lower panel)

| oil | God | REIT | Bonds | s&Pso0 |  sSEC
1.10.2017 to 31.12.2019
i 0.03448 0.07557 ~0.06519 0.01195 -0.04217 0.02033
o 0.02426 0.02282 0.02358 0.02946 0.03463 0.03153
min ~0.03904 -0.01428 ~0.12485 ~0.10299 ~0.20050  .08589
max 0.09591 0.14461 0.01084 0.08232 0.07949 0.10048
1.1.2020 to 1.10.2020

i 0.02907 0.11935 ~0.05807 0.03848 ~0.05424 0.03346
o 0.03731 0.03355 0.03201 0.03233 0.03241 0.02613
min ~0.03588 0.01983 ~0.10930 ~0.03101 -0.10832 03097
max 0.15515 0.25504 0.08567 0.12740 0.06648 0.07555

Source The authors’ calculations in STATA 13.1.

There is a weak and positive conditional correlatin the whole period
between CRIX and Oil. Moreover, their values slighiecrease on average
in the crisis period, except for the two peakshe trisis. Constant conditional
correlations through the whole period caused tpeifstance in the estimate of
the long-run conditional correlation in the DCC rabdSmall and insignificant
relationship between Bitcoin and Brent crude oilfasind in Derbali et al.
(2020). Additionally, recent research of Kumah @dei-Mensah (2022) con-
firmed that crude oil can not be used as hedge.

The results for Gold show also weak and positimeddional correlation in
stable period (0.075 on average), while in theicqieriod a significant rise in
the conditional correlations (0.119 on average) mawbserved with the upward
trend (Figure 1 and Table 7). This is in line witle statistically significant esti-
mate of the long-run conditional correlation betwégold and CRIX (Table 6).
Similar results are obtained in Corbet et al. (2)2@sing high-frequency data
for the pre-crisis and crisis period, but they eawaly short crisis sample period,
while the Gkillas and Longin (2019) did not findraadation between Gold and
Bitcoin. Therefore, this relationship has to bethar investigated with longer
crisis period.
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Figure 1

Dynamical Conditional Correlations between the Returns of All the Variables Used in M odel with CRIX (CRIX) in Period
from 1.10.2017 to 1.10.2020, where the Vertical Line Indicates 1.1.2020
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The results for REIT and S&P500 show negative ttmmdhl correlations on
average in the whole period. Moreover, negativalitmmal correlations of CRIX
with REIT and S&P500 can be observed in more the# @f days (Figure 1).
Similar results for S&P500 and two cryptocurrendi@gcoin and Ethereum) are
obtained in Mariana et al. (2021).

Although not statistically significant, there iegitive conditional correlations
of CRIX with Bonds and SSEC. Corbet et al. (2028lsp showed positive cor-
relations with Chinese exchanges and Bitcoin.

Moreover, in only several days in March 2020, CRRkhibits positive corre-
lation with all the assets, since its value de@dadong with the values of other
assets at the start of the COVID-19 crisis. Thigisine with the findings of
Conlon and McGee (2020) for S&P500 and Bitcoin.

Since the dynamics of the conditional correlatibatveen all pairs of assets
in the model are governed only by and/,, it can lead the MGARCH-DCC
with more than two assets in the model to loseattibty to determine the pre-
cise dynamics of conditional correlations betweeripular pair of assets.

Therefore, to confirm that the bias introducedtey MGARCH-DCC model
(estimation of singlel; and A, for all pairs of assets) does not meaningfully
impact the results, i.e. to verify the robustnekthe results, six separate biva-
riate MGARCH-DCC models between CRIX and each nftsaditional assets
are estimated. The conditional correlations for lsidariate MGARCH-DCC
models are given in Table 8. The robustness cheokirms the results from
the Table 6.

Table 8

Conditional Correlations for Six Bivariate MGARCH(1,1)-DCC Models
for the Period 1.10.2017 to 1.10.2020

CRIX
Qil 0.0826
(0.0456)
Gold 0.0896
(0.0623)
REIT -0.0203
(0.0383)
Bonds —0.0290
(0.0786)
S&P500 0.0013
(0.0444)
SSEC 0.0057
(0.0444)

Note Standard errors in parenthesgs< 0.1,” p < 0.05,” p<0.01.
Source:The authors’ calculations in STATA 13.1.
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The descriptive statistics for dynamic conditionatrelation between CRIX
and all other assets obtained from the estimatedbisariate MGARCH-DCC
models is given in Table 9.

The descriptive statistics in both size and signfiem the results obtained
from Table 7. In the crisis period higher absohmdues of conditional correla-
tions can be observed for all the assets excepbifoiNamely, crisis period
yielded higher positive conditional correlations f8old and SSEC, and higher
negative conditional correlations with REIT, Boralsd S&P500. Only condi-
tional correlations of CRIX and Qil fell in the si$ period.

Table 9

Descriptive Statistics for Dynamic Conditional Correlation between CRIX and All
other Assets from 1.10.2017 to 31.12.2019 (upperms) and from 1.1.2020
to 1.10.2020 (lower panel) from Six Bivariate MGAREI-DCC Models

| oil | God | REIM | Bonds | s&Pso0 |  sSEC

1.10.2017 to 31.12.2019

i 0.0332 0.0554 ~0.0590 -0.0081 -0.0363 0.0254

o 0.0258 0.0333 0.0154 0.0328 0.0275 0.0586

min -0.0216 -0.0322 -0.0807 -0.0754 -0.0946 -0.1379

max 0.0963 0.1374 -0.0362 0.0700 0.0281 0.1484
1.1.2020 to 1.10.2020

i 0.0128 0.0905 ~0.0615 ~0.0395 ~0.0675 0.0674

o 0.0210 0.0239 0.0150 0.0327 0.0167 0.0644

min -0.0308 0.0235 -0.0807 -0.0241 -0.1014 -0.0964

max 0.0677 0.1424 -0.0363 0.0980 ~0.0308 0.197¢

Source The authors’ calculations in STATA 13.1.

Conclusion

The aim of this paper was to reinvestigate the@ries of cryptocurrencies
in the COVI9-19 crisis. For that purpose, they esepared to the traditional
assets, i.e. S&P500 and SSEC indices, crude oibafdifixing prices, US Real
Estate Investment Trust Index and U.S. TreasurydBOuarrent 10-Year Index.
Conditional correlations indicate that for the auail prices, as well as U.S.
Treasury Bond Current 10-Year Index and SSEC, ogytencies can be seen
as a diversifier. Cryptocurrencies are a weak hddg¢he US Real Estate In-
vestment Trust Index and S&P500. The results ofddily dynamic conditional
correlations confirmed that relationship betweegptwcurrencies and most
assets did not significantly change in crisis. Oalyise in positive correlation
with gold fixing prices can be observed in the COMIisis period. Further
investigation should be conducted to test whethgatocurrencies will lose their
diversifier properties with gold or not.
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A4

Appendix
Table Al
Variables in the Model, with Their Full Names and ®urces
Variables Full name Source
CRIX Log returns on CRIX, closing data <http:/@#hecrix.def#services> [06.10.2020].
Log returns on Crude Oil Prices: [DCOILBRENTEU], retrieved from FRED,
) ' | Federal Reserve Bank of St. Louis;
Oil g';ln t _Ngtuézgioag”ari dpﬁ;tlzzl’l’el <https://fred.stlouisfed.org/seriessDCOILBRENTEU3
Y, Yy A0l ) November 4, 2020.
Log returns on Gold Fixing Price
10:30 A.M. (London time) [GOLDAMGBD228NLBM], retrieved from FRED,
Gold in London Bullion Market, based | Federal Reserve Bank of St. Louis;
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