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volatility jumps and co-jumping behaviours

Leon Li
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ABSTRACT

Previous research has shown volatility jumps and co-jumping behaviours in cryptocurrency mar-
kets. Motivated by these findings, we employ the herding effect and financial contagion channel to
outline a theoretical framework of volatility-state-dependent correlations in cryptocurrency mar-
kets. We show that digital currency markets are more strongly correlated when experiencing an
identical volatility regime, which echoes co-jumping behaviours addressed by the literature.
Moreover, the strong correlation that occurs when the paired cryptocurrencies simultaneously
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experience a high volatility regime results in the least effectiveness of diversification in terms of a
minimum portfolio risk reduction. Last but not least, the proposed state-dependent approach in
this study proves effective at the task of risk forecasting and risk reduction for cryptocurrency
portfolios, beyond the bivariate GARCH-based models, which are a pure and simple time-depen-

dent approach.

1. Introduction

Cryptocurrencies, a novelty in the finance field,
have been attracting extensive news coverage
because of their tremendous returns. Bitcoin, intro-
duced in 2009, is the most recognized digital cur-
rency and enjoys the largest market cap, but other
digital currencies have also been developed, includ-
ing Dash, Litecoin and Ripple.' An examination of
cryptocurrency data shows that prices typically
move up or down suddenly and in a dramatic
fashion.” Our study offers new insights into the
issue of volatility jumps addressed by Lydcsa et al.
(2020), Scaillet, Treccani, and Trevisan (2020) and
Maciel (2021), as well as co-jumping behaviours
addressed by Bouri, Roubaud, and Shahzad
(2020) and Gkillas et al. (2022).

Cryptocurrency has become an investible alterna-
tive asset class among both institutional and retail
investors. Its popularity among portfolio investors
has been further enhanced by the introduction of
regulated investment products such as crypto asset
trusts and exchange-traded funds (ETFs). According
to a recent survey of institutional investors in the

United States, Europe, and Asia conducted by
Fidelity (Neureuter 2021), 52% of the respondents
surveyed said that they have a direct or indirect (e.g.
via futures contracts, ETFs) investment in crypto-
currency. About 37% of the institutional investors
surveyed own Bitcoin in their (or a client’s) portfo-
lio, while 20% own Ethereum. Cryptocurrency
investment is also becoming quite popular among
retail investors. According to Perrin (2021), 16% of
Americans said they have personally invested in,
traded, or used cryptocurrency. In a survey con-
ducted by KPMG (2022), 13% of Canadians have
bought Bitcoin or Ethereum directly, while 11%
have purchased crypto asset funds.

This study contributes to the cryptocurrency
literature in three directions. First, we add to the
literature by developing a theoretical hypothesis on
the correlations between cryptocurrencies, giving
consideration to their relations with volatilities.
Specifically, we employ three channels documented
in the literature to demonstrate the linkages among
cryptocurrencies, including the fundamental chan-
nel, the herding effect (see Antonis and

CONTACT Leon Li @ leonli@waikato.ac.nz @ University of Waikato, Waikato Management School Gate 1, Knighton Road Hamiton, 3240 New Zealand
'See Alexander Osipovich and Eun-Young Jeong, the Wall Street Journal: https://www.wsj.com/articles/bitcoins-crashing-that-wont-stop-arbitrage-traders-

from-raking-in-millions-1517749201.

2The literature on cryptocurrencies point out several factors that might influence the prices of digital currencies, such as monetary policy (Kristoufek and Scalas
2015), financial regulations (Pieters and Vivanco 2017), economic variables (Zhu, Dickinson, and Li 2017), and media coverage (Glaser et al. 2014).
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Konstantinos 2019) and the financial contagion
channel (Trevino 2020). Moreover, we develop a
state-dependent system to bridge volatilities and
correlations of cryptocurrency markets.

Second, we develop a regime-switching approach
to model the state-dependent nature of cryptocur-
rency correlations to examine our theoretical hypoth-
esis. Our novel approach identifies various volatility
regime combinations of the paired cryptocurrency
markets and analyzes their correlation dynamics.
While existing studies have tested volatility jumps in
digital currency markets and, thus, have examined
their corresponding co-jumping behaviours (e.g.
Bouri, Roubaud, and Shahzad 2020; Gkillas et al.
2022), they do not investigate and model the correla-
tions between them conditional on their volatility
states using a one-step approach.

The third contribution of our study lies in our
three practical tests concerning the risk manage-
ment of cryptocurrency investment. The first test
examines the risk reduction effectiveness obtained
with cryptocurrency portfolios under various vola-
tility regimes. The second practical test conducted
in this study involves cryptocurrency portfolio risk
forecasting. Finally, the third practical test is
related to portfolio construction.

Our study is as follows. First, we review the
related studies and develop our research hypotheses
in Section II. Then, the models used in this study,
including the conventional time-varying approaches
and our state-dependent models, are introduced and
compared in Section III. In Section IV, we present
the empirical results. Next, we conduct the three
practical tests for cryptocurrency investment risk
management in Section V. Finally, Section VI pre-
sents the conclusions of this study.

2, Literature review and research hypothesis
2.1. Studies on the risks of cryptocurrencies

A number of researchers have examined the risk of
cryptocurrencies. Their argument hinges on the
notion that digital currency markets are

unregulated and thus are frequently influenced by
market sentiment (e.g. Chen and Hafner 2019). Of
the many issues that are associated with digital
currency markets, some studies highlight the
point of a price bubble (see Cheah and Fry 2015;
Cheung et al., Cheah and Fry 2015; Godsiff 2015;
Fry and Cheah 2016; Urquhart 2016; Nadarajah
and Chu 2017; Stefano et al. 2019). Generally
speaking, investment in cryptocurrencies is risky
and speculative. Thus, risk measurement and risk
management of cryptocurrency investments
remain urgent in practice and academia.’

To measure the risk of cryptocurrencies (i.e.
variances and correlations), the majority of prior
studies adopt the generalized autoregressive con-
ditional heteroskedasticity (GARCH) and the
dynamic conditional correlation (DCC) model,
see Aslanidis, Bariviera, and Martinez-Ibafez
(2019), Kostika and Laopodis (2019), Pavkovig,
Andelinovi¢, and Pavkovi¢ (2019), Mensi et al.
(2019), Katsiampa (2019), Katsiampa, Corbet,
and Lucey (2019), Tiwari, Kumar, and Pathak
(2019), Lyocsa et al. (2020), Scaillet, Treccani,
and Trevisan (2020), Bouri, Vo, and Saeed
(2021), Hasan et al. (2021), Salisua and
Ogbonna (2021), Siu and Elliott (2021), and
Fung, Jeong, and Pereira (2022).* While prior
studies have documented dynamic variances and
correlations in cryptocurrency markets using the
GARCH and DCC models, it is essential to
point out a few shortcomings involved in their
empirical methods. First, with regard to var-
iance, while the GARCH-based models are the
most commonly-used methods for variance
dynamics, they encounter the issue of high per-
sistence in volatility estimation (see Li, 2022).
They are thus associated with low accuracy in
predicting volatility (e.g. Todorov and Tauchen
2011; Li & Lin,). Second, with regard to correla-
tions, while the DCC model is the most popular
approach to measuring co-movement dynamics
between the financial markets (e.g. Park, Binh,
and Kim 2019), prior studies on the DCC model
use a two-step approach to estimate the model

35ome studies examine whether cryptocurrencies may act as a safe-haven asset in mitigating the risk of stock positions (e.g. Bouri et al. 2017; Garcia-Jorcanoa

and Benito 2020; Mariana, Ekaputra, and Husodo 2021; Huang et al. 2022).

“A few recent studies, including Kang, Mclver, and Hernandez (2019), Pavkovi¢, Andelinovi¢, and Pavkovic (2019), Kumar and Anandarao (2019), Kumar and Ajaz
(2019), Mensi et al. (2020), employ the wavelet correlation techniques (nonparametric methods) to examine the correlations among the digital currency
markets. Frankovic, Liu, and Suardi (2021) use the spillover index proposed by Diebold and Yilmaz (2012) to test the correlation between the Australian listed

cryptocurrency-linked stocks and cryptocurrency markets.



parameters and thus fail to examine the linkage
between variances and correlations (e.g. Aielli
2013; Li, 2021).°

2.2. Research development

Three channels for cross-market correlations are
documented in the literature. The first channel is
the fundamental channel. This channel is based on
real and economic links between the paired markets.
In cryptocurrency markets, most available digital
currencies employ the technology of blockchain.
We point out that the consistency of the underlying
technology supports the fundamental channel. The
second channel is herding behaviour. Unlike tradi-
tional financial markets (e.g. stock and bond), the
digital currency markets have not been fully regu-
lated, and thus, there are a large number of noisy
traders in the markets. We argue that the immature
development of digital currency markets drives
investors to follow certain authorities and leaders
(e.g. Tesla CEO Elon Musk), which causes signifi-
cant herding behaviour. The third channel is the
financial contagion channel. Kodres and Pritsker
address the cross-market rebalancing model to sup-
port the financial contagion channel. In their model,
shocks are transmitted across markets as investors
respond to shocks in one market by optimally read-
justing their portfolios. This model setting can gen-
erate contagion across various markets beyond the
fundamental channel. Trevino (2020) develops the
social learning channel to support the financial con-
tagion channel. In his model, contagion occurs when
investors are fearful of a crisis in one market after
observing a crisis in the other market. Based on these
three channels mentioned above, we hypothesize
that cryptocurrencies will soar and fall together (i.e.
the price change of one digital currency is associated
with the price changes of other digital currencies).
Next, we address the non-uniform volatility-cor-
relation relations in cryptocurrency markets (the
key focus of our study). We posit that the intensity
of cross-correlations in the digital currency mar-
kets depends on whether the paired markets face an
identical or opposite volatility condition. In parti-
cular, we presume that the paired digital currency
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markets are more strongly correlated when experi-
encing an identical volatility state. By contrast,
their correlation becomes weaker when they are
in an opposite volatility state. Our arguments are
built on the following reasonings.

First, we hypothesize that cross-correlations in
the digital currency markets would invariably
occur, given the fundamental channel. However,
the intensity of their correlations changes with
their volatility conditions because of the herding
behaviour and the financial contagion channel (the
second and third channels). Specifically, suppose the
paired markets face an opposite volatility condition.
We argue that the effect of herding behaviour and
the financial contagion channel causing cross-corre-
lations in the digital currency markets will become
less pronounced. Considering a paired digital cur-
rency market, one faces a high volatility (HV)
regime, and the other has a low volatility (LV)
regime. In this case, investors in each digital cur-
rency market have different opinions and decisions,
which reduces their herding behaviour and thus
diminishes the intensity of their cross-correlations.
With regard to the financial contagion channel, if
one of the paired digital currency markets is
encountering an HV regime, but the other is facing
an LV regime, risk-averse investors tend to short sell
the digital currency in an HV regime and purchase
the digital currency in an LV regime. Such an asset
reallocation process diminishes the financial conta-
gion channel and thus lowers the cross-correlations
of the paired digital currency markets.

Conversely, suppose the paired digital cur-
rency markets are experiencing an identical
volatility condition (e.g. both are experiencing
an HV or LV volatility state). In this case,
investors in one market are more likely to be
influenced by other market investors (e.g. pur-
suing leaders and authorities in one market and
reacting similarly to news media), which
enhances herding behaviours and thus enlarges
the intensity of cross-correlations. Moreover, we
argue that the financial contagion channel will
be more pronounced, particularly under the
HV-HV state, thus stimulating cross-correla-
tions in digital currency markets.

5The first step of this approach is to run the univariate GARCH model for each asset (cryptocurrencies in this study). The second step is to run the DCC model
using the residual of the univariate asset. As such, the estimation of correlations is assumed to be independent with the estimation of variances.
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In the theoretical literature, the heightened co-
movement in the stock markets during market
distress is commonly attributed to the information
effect, where given information is correlated across
international stock markets, price change in one
market is perceived as revealing information about
the other market, thus causing price change in the
other market (King and Wadhwani 1990; Zhu,
Dickinson, and Li 2017. In cryptocurrency mar-
kets, most available digital currencies employ the
technology of blockchain. We posit that the con-
sistency of the underlying technology supports the
correlated information channel of financial conta-
gion and thus stimulates cross-correlations in digi-
tal currency markets under the HV-HV state.
Based on these logics, in the subsequent subsection,
we use the regime-switching model to identify a
low volatility (LV) and a high volatility (HV)
regime for each cryptocurrency market. We then
develop a four-state correlation for the paired cryp-
tocurrencies, that is, LV-LV, HV-LV, LV-HV, and
HV-HV. Our research is related to recent studies
on the issue of co-jumping behaviours in the digital
currency markets (e.g. Bouri, Roubaud, and
Shahzad 2020; Gkillas et al. 2022).° However, they
do not analyse and model the correlations between
the cryptocurrencies under various volatility con-
ditions. This study fills the gap in the literature.

3. Research models and methodologies
3.1. Bivariate GARCH model

Based on existing studies on cryptocurrencies, we
introduce the bivariate GARCH models (a system
with time-varying conditional variances and corre-
lations) as follows:

TfTC — ‘uBTC + (PBTC . rtB_TIC + efTC (1)
rtOTH — ﬂOTH + (POTH . rgﬁH + e?TH (2)
eBTC
t

hBTC

BTC,OTH

H, = hy

t = | , BTC,0TH
hy

4
e (4)
where 7€ and r,°™ represent the return rates on
BTC and OTH (OTH means the other digital cur-
rency in the portfolio, i.e. DASH, LIT or XRP) at
time t, respectively.

Next, we turn our attention to the modelling of
the second moments (i.e. variances and correla-
tions). Equation (4) presents the conditional var-
iance-covariance matrix (H;) in which the time-
varying variances and covariances are detailed as
the following:

thC — wBTC + (XBTC . (ef_TIC)Z + ﬁBTC . hf_TIC (5)

OTH
+

h?TH —w oaOTH . ( etO_TlH)Z n ﬁOTH ) h?_TlH
(6)

1/2
h?TQOTH = px (thc ) h?TH) / 7)

Equation (5) and (6) show the time-varying condi-
tional variances for BTC and OTH returns, respec-
tively. Their time-varying conditional covariance is
shown in Equation (7).

It should be noted that the above model is lim-
ited with a constant conditional correlation (CCC),
i.e. p in Equation (7).” We include the dynamic
conditional correlations (DCC) proposed by
Engle (2002) into the bivariate GARCH model
and detail the DCC as follows:

G =T1+m g1 +A- ef_Tlc . e?_TlH hBTC . hOTH
(8)
p,=ai/\/1+a 9)
pETCOTH _ b, X (thc ' h?TH)E (10)

We follow Engle’s (2002) study to develop the
DCC model. As shown in Equation (8), the DCC
model includes three components: (1) the uncon-
ditional correlation (7), (2) the lagged conditional
correlation (g;.;) and (3) the cross-product term of

%Bouri, Roubaud, and Shahzad (2020) analyse jumps in the mean. Meanwhile, Gkillas et al. (2022) analyse the co-jumping behaviour, that is, the effects of a
cryptocurrency volatility jump on the volatility jumps of the other cryptocurrency.

’See Bollerslev (1990) and Baillie and Bollerslev (1990).



the lagged standardized residuals.® is thus devel-
oped to control the magnitude of the correlation
coefficient within this theoretical range. The differ-
ence between our Equation (8) and Engle’s
Equation (23) is that the former simply shows the
DCC for the bivariate data (i.e. the portfolio with
two assets), and the latter uses the correlation
matrix to show the DCC setting for the multivari-
ate data (i.e. the portfolio with n assets). We thank
the reviewer for the clarification of this point’.
class=“FootNCount cross-reference” contentedita-
ble=“true” aid=“s14vxyai0732865” ia_version="0"
domid="17xa8s654132vy0”>® Next, we use
Equation (9) to construct the correlation coeflicient
with a range from -1 and 1. In particular, when ¢,
is negative, p; is close to —1. When ¢, is a positive
number, p; is close to 1. Notably, the CCC model is
a special case of the DCC model under the restric-
tion of =1 =0 in Equation (8).°

3.2. Bivariate SWARCH model

To mitigate the aforementioned limitations of the
bivariate GARCH-DCC models, we develop the
bivariate SWARCH model with state-dependent
variances and correlations in this section. First,
the state-dependent conditional variances are spe-
cified as follows:

HETC = gggcc x [WPTC 4 oBTC.. (eBTlc)z/g_S%%c

(11)

t—

OTH

OTH __
T = gomi X

@O 4 aOTH . (e0TH)2 g1t

(12)

The key feature of Equation (11) and (12) is the use
of the state variables, s,27¢ and 5,°™", to control the
volatility regimes in the BTC-OTH markets and the
conventional ARCH process is employed to cap-
ture the volatility clustering property. In particular,
two possible values (i.e. 1 or 2) are considered for
the state variables in this study. Accordingly, under

regime I (ie. sPT€=1 and s°™=1), the
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Table 1. Basic statistics of cryptocurrencies.

BTC DASH LTC XRP
Mean 0.133 0.218 0.065 0.118
Median 0.156 —-0.145 0.000 —-0.232
S.D. 3.893 7414 5.634 6.393
Q1 —-1.205 —2.602 -1.961 -2.014
Q3 1.620 2.556 1.892 1.842
Skewness -0.907 2.870 0.352 2.285
Kurtosis 15.979 48.216 16.632 44.816

This study employs the four most liquid cryptocurrencies as the sample,
including Bitcoin (BTC), Dash (DASH), Litecoin (LTC) and Ripple (XRP). The
testing period is between 14 February 2014 to 19 November 2020 for 2,471
daily observations. The data are obtained with https://coinmarketcap.com/.

. . BT TH ..
conditional variances are g;”’“ and g,°"™" times

the conventional ARCH (1) process. For regime II
(ie. s27¢=2 and s°™ =2), the conditional var-
iances are gZB TC and gZOTH times the ARCH (1)
process. Following Ramchand and Susmel (1998),

2:°7 and g,°™, the degree parameter for regime I,

are normalized to be unity (i.e. g,°'“=g,°™ =1).
Therefore, the conditional variances under regime
IT are g,°7 and g,°"" times the variances under
regime I for the BTC and OTH returns respec-
tively. As shown in Table 5, the estimated g,®’®
and g,°™ coefficients are significantly higher than
the value of one. Hence, regime II is defined as a
high volatility (HV) regime whereas regime I is a
low volatility (LV) regime. Notably, the conven-
tional bivariate ARCH model is a special case of
the bivariate SWARCH model under the condition
of g,BTC = g,0TH _ |,

Next, we turn to the conditional correlation
modelling. Given the two separate volatility
regimes for each digital currency in the BTC-
OTH portfolio, we extend 1998) model to develop
a four-state conditional correlation for the digital

currency portfolio as follows:

BTC.OTH (thC . h?TH) 1/2 (13)

= PSfSTC’S?TH X

The state variable is discrete and has two possible
values, 1 or 2. To control the switching process
between the two separate states, we adopt a first-
order Markov chain process, and its transition
probabilities are specified below.

80ur DCC model in Equations (8) and (9) is not exactly the same as Engle’s (2002). The Q; term in Engle’s paper is the covariance matrix, while we follow his
paper to develop the dynamic conditional correlations. For the correlation matrix, the diagonal elements are unity, ranging from —1.0 to 1.0. Equation (9) is
thus developed to control the magnitude of the correlation coefficient within this theoretical range. The difference between our Equation (8) and Engle’s
Equation (23) is that the former simply shows the DCC for the bivariate data (i.e. the portfolio with two assets), and the latter uses the correlation matrix to
show the DCC setting for the multivariate data (i.e. the portfolio with n assets). We thank the reviewer for the clarification of this point.

°In this study, all the model parameters (including variances and correlations) are estimated using a one-step process. This one-step estimation process may
effectively mitigate the limitation of independence assumption in a two-step estimation process.
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P = 575 = 1) = pfI°, PO = 20TE = 2) = pHC (14)

P(sOTH = 1|sOTH = 1) = pO™ P(sP™ = 2|s?1 = 2) = pP™  (15)

4. Data, model estimation results
4.1. Data

This study addresses the dynamics of cryptocur-
rency investment risks and employs the bivariate
GARCH and SWARCH models for these dynamics
(see Sections II and 3). Our empirical examination
of these dynamics uses the four most liquid cryp-
tocurrencies - Bitcoin (BTC), Dash (DASH),
Litecoin (LTC) and Ripple (XRP) - and BTC, the
most prominent digital currency, is used as a stan-
dard to develop three digital currency portfolios:
BTC-DASH, BTC-LIT and BTC-XRP. To ensure
that the data used for the empirical analysis are
stationary, we use the return series rather than the
price level series.'” Our sample consists of 2,471
daily observations between 14 February 2014 and
19 November 2020. We obtained the data through
the website https://coinmarketcap.com/. Table 1
presents the basic statistics of the four selected
cryptocurrencies. Next, Table 2 shows the correla-
tion matrix. The correlations range between 0.217
(DASH-XRP) and 0.658 (BTC-LTC). All the esti-
mated correlations are positive and significant at
the 1% level. These results imply various digital
currency markets are connected.

4.2. lllustration of volatility regimes

To illustrate volatility regimes in the digital cur-
rency markets, we employ a 21 trading days rolling
window to measure the volatility of returns on

Table 2. Correlation coefficients of cryptocurrencies.

BTC DASH LTC XRP
BTC 1.000
DASH 0.442%** 1.000
LTC 0.658*** 0.388*** 1.000
XRP 0.375%** 0.217%** 0.394*** 1.000

The correlation coefficients of the four representative cryptocurrencies (BTC,
DASH, LTC and XRP) are listed in this table. *** denotes significance at the
1% level. See Table 1 for the data source.

cryptocurrencies and graph the results in Figure
1. As shown in Figure 1, the volatility of crypto-
currency returns is not constant. Moreover, fre-
quent prominent moves (i.e. a number of peaks)
are observed in Figure 1. For instance, the peaks are
identified in mid-March 2020, corresponding to
the economic and financial distresses due to the
COVID-19 pandemic. These peaks also echo the
phenomenon of volatility jumps in the digital cur-
rency markets addressed by Scaillet, Treccani, and
Trevisan (2020) and Lydcsa et al. (2020).

In this section, we employ the conventional
GARCH models to examine the dynamics of the
risk of the cryptocurrency portfolios. First, the
results of the bivariate GARCH model with a
constant correlation (CCC) are listed in Table 3.
As shown in the table, the two estimated
GARCH parameters are significant (p-value
<1%) and positive for all three cryptocurrency
portfolios. This result provides evidence of a
non-constant variance in the digital currency
markets. Further, the sum of the two estimated
GARCH parameters is near to unity. This result
indicates that the GARCH-based variance esti-
mates display a high level of persistence, which
is consistent with the literature. The persistence
in variances implies that a high/low variance
follows another high/low variance - the phe-
nomenon of variance clustering. Finally, the
estimated correlation is significant (p-value
<1%) and positive for all three cryptocurrency
portfolios, which is consistent with the results of
Table 2.

Since the CCC setting fails to measure the
dynamic co-movements between the digital cur-
rency markets, we now incorporate the DCC set-
ting (i.e. Equation (8) and (9)) into the bivariate
GARCH model. The estimation results are pre-
sented in Table 4. For the conditional variances,
the estimates of the two GARCH parameters are
significantly positive for all the portfolios.
Moreover, the sum of the two estimates is close to
unity, which is consistent with Table 4. Next, for
the conditional correlations, the two estimated
DCC parameters, 7 and A, are significant (p-value
<1%) and positive for all the portfolios. This result

The price levels of the four selected cryptocurrencies are unable to reject I(1). This result reveals that they are a non-stationary time series. Next, we examine
the results of the return rates on cryptocurrencies. Overall, the presence of unit root (i.e. I(1) time series), is rejected, implying that the return rates on
cryptocurrencies are a stationary time series. The unit-root test results are available on request.


https://coinmarketcap.com/

APPLIED ECONOMICS e 7

(a) Bitcoin
1400

1200

10.00

0.00

(b) Dash

1000 -
35,00 -
2000
2500
2000

15.00

=PV b P

14/02/2014 14/02/2015 14/02/2016 14/02/2017 14/02/2018 14/02/2019 14/02/2020

(c) Litecoin
18.00

16.00
14.00
1200

10.00

~ WL f

0.00
14/02/2014

14/02/2015 14/02/2016 14/02/2017 14/02/2018 14/02/2019 14/02/2020

Figure 1. Volatility of returns on cryptocurrencies.

indicates that a high/low correlation is associated
with another high/low correlation, which is the
phenomenon of correlation clustering.11

4.3. Estimation results of the bivariate SWARCH
model

As previously stated, prior studies on cryptocur-
rencies have employed the GARCH-based models
to depict the conditional variances. We argue that
GARCH-based models are hampered by their
inability to account for volatility regimes in the
digital currency markets, as shown in Figure 1. A
high level of persistence in the GARCH-based var-
iances (i.e. the sum of the two estimated GARCH
parameters is close to unity) provides further evi-
dence of volatility regimes (as shown in Tables 3
and 4). This study develops the bivariate SWARCH
model with state-dependent variances to provide a

14/02/2014 14/02/2015 14/02/2016 14/02/2017 14/02/2018 14/02/2019 14/02/2020

(d) Ripple

25,00
30,00
25.00 -
20.00

15.00

£

14/02/2014

14/02/2015 14/02/2016 14/02/2017 14/02/2018 14/02/2029 14/02/2020

remedy against the problem. Table 5 presents the
estimation results of the bivariate SWARCH
model.

In order to justify the use of the regime-switch-
ing mechanism, we examine the estimates of the
parameters to measure the degree of volatility
under regime II, that is, g,°"¢ and g°"". As
shown in Table 5, the estimates of these parameters
are significantly higher than the value of one for all
the digital currency markets. Using the BTC-
DASH market as an example, the estimate of
g.°7¢ is 10.9830, and its standard deviation is
0.8844. Moreover, the estimate of g,°™ is 8.8048,
and its standard deviation is 0.6448. Since the 99%
confidence intervals of these estimates do not over-
lap the value of one (the degree of volatility under
regime I), regime II is recognized as a high volati-
lity (HV) regime, whereas regime I is recognized as
a low volatility (LV) regime. In addition to the

T As shown in Table 4, the sum of the two estimates for GARCH volatilities and the two estimates for the DCC model is close to 1. Diebold (1986) and Lamoureux
and Lastrapes (1990) point out that the high persistence of volatilities is caused by the structural changes in the volatility process during the estimation
period. Our empirical results of the DCC models further show the high persistence of correlations. These findings support the implementation of regime-

switching techniques into conditional volatilities and correlations.
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Table 3. Parameter estimates of the bivariate GARCH-CCC
model.

PBTC — TC - @BTC . (BTC | oBTC

OTH _ ,OTH | ,OTH . ,OTH | LOTH

e =P 4 P T 4 ep
2 | BIC

HETC — WPTC 4 gPTC . (T2 4 T . e
2 | qO0TH

BT = T G (&) 1 g T

BTC,OTH __ BTC . pOTH\1/2
he = p x (hf™ - hY™)

BTC-DASH BTC-LTC BTC-XRP
BTC equation
BTC 0.0177 —0.0006 0.0365
(0.0109) (0.0030) (0.0632)
@5T¢ 0.0193 -0.0214 0.0284
(0.0195) (0.0208) (0.0185)
wf¢ 1.2322 *** 1.0197%** 1.2355%%*
(0.1458) (0.1129) (0.1457)
afc 0.1507%** 0.1614%** 0.1715%**
(0.0160) (0.0153) (0.0179)
gE’c 0.7819%** 0.7931%** 0.7682%**
(0.0180) (0.0150) (0.0180)
Other cryptocurrency equation
ue™ —0.2242%%* —0.2031%** —0.2765%**
(0.0788) (0.0692) (0.0920)
o™ —0.0284 -0.0336* 0.0581%**
(0.0224) (0.0178) (0.0231)
w°™ 1.8562%** 2.3005%** 3.0698***
(0.3046) (0.2758) (0.4152)
a®™ 0.1977%** 0.1017%** 0.3094***
(0.0201) (0.0109) (0.0449)
g™ 0.7807*** 0.8290%** 0.6577%**
(0.0195) (0.0162) (0.0370)
Correlation
0 0.5209%** 0.6943%** 0.4735%**
(0.0147) (0.0104) (0.0157)
Log-likelihood —14030.8747 —13356.6072 —13763.1882

The value in the parenthesis denotes the standard deviation of the estimate.
* denotes significance at the 10% level, ** denotes significance at the 5%
level, and *** denotes significance at the 1% level. For sample descriptions
and data sources, please refer to Table 1.

regime-switching parameters, the estimates of the
ARCH parameters, «®"“ and a®™", are positive and
significant for all the digital currency markets. In
sum, our empirical results indicate that the condi-
tional variances in the digital currency markets
exhibit both time-varying and regime-varying
characteristics.

Next, we turn our attention to the conditional
correlations among the digital currency markets.
As already discussed, we consider both the two
digital currency markets in the portfolio and
thus develop a system with a four-state correla-
tion. First, all the correlation estimates are posi-
tive and significant (p-value <1%), except p; .
(the LV-HV state) for the BTC-XRP pair.
Second, the estimates of the correlations under
various volatility regime groupings exhibit sig-
nificant divergence. As evidenced by the LR

Table 4. Parameter estimates of the bivariate GARCH-DCC
model.

_ BTC . ,OTH
G=T+m-q1+A-& ¢

P =at/\/ 1+

BTC,OTH __ BTC OTH\3
he = pe % (h{C - hYT)?

BTC . hOTH
h171 : ht—1

BTC-DASH BTC-LTC BTC-XRP
BTC equation
BTC 0.1471%* 0.1507%** 0.1494**
(0.0729) (0.0037) (0.0663)
@57 -0.0153 —0.0086 0.0212%
(0.0207) (0.0201) (0.0112)
W 0.5745%** 0.6128%** 0.8633%**
(0.0787) (0.0659) (0.1148)
af’c 0.1496%** 0.16071%** 0.1779%**
(0.0143) (0.0144) (0.0178)
pE™e 0.8383*** 0.8334%** 0.7954%**
(0.0124) (0.0117) (0.0166)
Other cryptocurrency equation
u°™ -0.1058 -0.0498 -0.1607
(0.0943) (0.0802) (0.1271)
o™ -0.0294 —0.0330%** 0.0557%**
(0.0210) (0.0005) (0.0194)
w°™ 0.9388%** 1.5775%** 2.7511%%*
(0.1548) (0.1658) (0.3054)
a®™ 0.1974%** 0.1164%** 0.2952%**
(0.0159) (0.0107) (0.0342)
pe™ 0.8143%** 0.8471%%* 0.6778***
(0.0120) (0.0117) (0.0272)
Time-varying correlations
T 0.0084*** 0.0045* 0.0179%**
(0.0028) (0.0029) (0.0035)
m 0.9583%** 0.9687%** 0.9282%**
(0.0064) (0.0044) (0.0069)
0.0410%** 0.0463%** 0.0597%**
(0.0054) (0.0051) (0.0059)
Log-likelihood —13883.9747 —13204.9135 —13618.5079

The value in the parenthesis denotes the standard deviation of the estimate.
* denotes significance at the 10% level, ** denotes significance at the 5%
level, and *** denotes significance at the 1% level. For sample descriptions
and data sources, please refer to Table 1.

statistics, the hypothesis of an identical correla-
tion (i.e. the constant conditional correlation,
CCC) is rejected at a 1% significance level.
Third, the magnitude of the estimates of p,,
and p; ; is considerably higher than those calcu-
lated for the other two possible state groupings:
P21 and p; . Using the BTC-DASH portfolio as
an example, the estimates of p,, and p;; are
0.8193 and 0.7751, respectively. Comparatively,
the estimated coefficients on p,; and p;, are
0.3775 and 0.1543, respectively. In sum, our
empirical results show that the digital currency
markets are more strongly correlated when
encountering the same volatility regime.
Conversely, the cross-market correlation
becomes weaker when a different volatility
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Table 5. Parameter estimates of the bivariate SWARCH model with state-dependent correlations.

BT BT( BT BT( BTC\2 / BT
heTC :gsf,g x [wPTC + aBTC . (eBTC) /gsgrg
ik

t—1
B = g < (W + o™ - ()2 /g%

htBTc,orH = pyrc om X (thC . h?TH)”Z

P = 11576 = 1) = pAIC P(ST = 2187 = 2) = pic
P(sP™ =115 = 1) = pi", P(s?™ = 257" = 2) = p3j"

BTC-DASH BTC-LTC BTC-XRP
BTC equation
pi7¢ 0.9138%** 0.9311%** 0.8979%**
(0.0126) (0.0116) (0.0165)
P2 0.7606%** 0.8131%%* 0.8066***
(0.0363) (0.0342) (0.0356)
ufTe 0.1256** 0.0383 0.1275*
(0.0545) (0.0309) (0.0695)
@&'¢ —0.0347** —0.0475%** —0.0575%*
(0.0162) (0.0179) (0.0252)
wbT® 3.6642%%* 4.0457%%* 2.9639%**
(0.2334) (0.2701) (0.2306)
o™ 0.1943%** 0.1566*** 0.1324%%*
(0.0319) (0.0309) (0.0348)
g,5’c 10.9830# 9.10084# 11.4481#
(0.8844) (0.8032) (1.0746)
Other cryptocurrency equation
p:,°™ 0.9106%** 0.9023%** 0.8396%**
(0.0130) (0.0131) (0.0212)
p>"" 0.8499%** 0.7593%** 0.6958%**
(0.0240) (0.0331) (0.0418)
ue —0.2509%** —0.2195%** —0.2743%**
(0.0794) (0.0534) (0.0553)
°™ —0.0572%** —0.0857%** —0.0950%**
(0.0177) (0.0194) (0.0321)
w®™ 7.8505%** 6.3044%** 3.0709%**
(0.5190) (0.5051) (0.5372)
a®™ 0.2660%** 0.1956%** 0.5578%**
(0.0341) (0.0331) (0.1481)
g,°™ 8.80484# 10.1064# 13.8775#
(0.6448) (0.7528) (1.0339)
State-varying correlations
011 0.7751%** 0.8634%** 0.7344%xx
(0.0169) (0.0093) (0.0214)
021 0.3775%** 0.6417%** 0.3359%**
(0.0679) (0.0457) (0.1416)
012 0.1543%** 0.4517%** 0.0000
(0.0433) (0.0407) (0.0377)
022 0.8193%** 0.8280%** 0.7188%**
(0.0290) (0.0276) (0.1150)
LR statistic for p; ;=p 1=p1,2=P3.2 117.2884%** 134.7098*** 93.0692%**
Log-likelihood —13458.5686 —12501.1180 —13029.4481

This study develops the bivariate SWARCH model with four-state variances and correlations to control volatility regimes and correlation dynamics in the digital
currency markets. To test significance of the four-state correlations, we implement an identical correlation, i.e. p; ;=p:=p;,=p,,=p into the model and
calculate the value of the log-likelihood function of the restricted model. Then we use the difference between the two models (one with four-state
correlations vs. one with an identical correlation) to develop the likelihood ratio (LR) statistic. The LR statistic follows a Chi-square distribution with 3 (=4-1)
degrees of freedom.

The value in the parenthesis denotes the standard deviation of the estimate. * denotes significance at the 10% level, ** denotes significance at the 5% level, and
*** denotes significance at the 1% level. # represents that the estimate significantly deviates from the value of one at the 1% level. For sample descriptions
and data sources, please refer to Table 1.

regime characterizes each digital currency. These 5. Practical tests
results provide empirical evidence to support
our research hypothesis on the dynamic volati-

lity-correlation relations in the digital currency

5.1. Risk reduction effectiveness across various
volatility states

markets (see Section 2.2). Furthermore, our
empirical results offer evidence to support vola-
tility jumps and co-jumping behaviours in the
digital currency markets (e.g. Bouri, Roubaud,
and Shahzad 2020; Gkillas et al. 2022).

The aforementioned empirical results show evi-
dence of regime-switching volatilities in the digi-
tal currency markets (i.e. HV versus LV regime)
and correlation dynamics under various volatility
regimes. The literature indicates that portfolio
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investment is beneficial since it can reduce the
degree of systematic risk, compared with an
investment in an individual asset (see Markowitz
1991). The benefit of risk reduction in portfolio
investment relies on asset volatilities and correla-
tions. Our aforementioned results indicate a
regime-switching connection between volatilities
and correlations in the digital currency markets.
We thus conduct a practical test to examine
whether the risk reduction effectiveness of crypto-
currency portfolios is uniform under various
combinations of volatility states. We explain the
test process below.

First, the estimated probabilities of volatility
states are used to identify a particular state at each
time point. Notably, both the two markets in the
digital currency portfolios are considered, and a
four-state system is developed in this study. Using
the BTC-DASH portfolio as an illustrative exam-
ple, Figure 2 graphs the estimated probabilities of
various volatility state groupings obtained with the
bivariate SWARCH model. Next, we adopt a
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maximum value criterion to define the specific
state for each point in time. For example, if the
estimated probability of the ‘HV-HV’ state is
higher than that of the other three states, we define
this point in time as an ‘HV-HV’ state. Panel A of
Table 6 lists the observation percentage of the dif-
ferent volatility state combinations for the crypto-
currency portfolios selected in this study. The
observation percentage of the ‘LV-LV’ state ranges
between 56.91% and 65.14%. Merging the other
three states, we may have the state of HV for either
or both digital currency markets. The observation
percentage ranges from 34.86% to 43.09%.

Next, we develop the measure of the reduction
percentage of a portfolio as follows:

Risk reduction%=
—100x[g,— (0.5 x ¢®T¢+0.5 x ¢°™)] /(0.5 x 6T +0.5 x ¢°™)
(16)

where the ¢®T¢ and ¢°™ denote the standard
deviation of BTC and OTH returns, respectively.
The of is the standard deviation of the
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Figure 2. Probabilities of volatility state combinations: an example of BTC-DASH portfolio.
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BTC =LV and Other=LV

BTC=HV and Other=LV

BTC =LV and Other =HV BTC =HV and Other = HV

Panel A. Observation percentages of various volatility combination states

BTC-DASH 57.48% 9.65%
BTC-LIT 65.14% 11.27%
BTC-XRP 56.91% 16.94%
Panel B. Risk reduction effectiveness of diversification in various volatility states
BTC-DASH 6.50% 17.49%
BTC-LIT 15.63% 23.96%
BTC-XRP 7.26% 16.47%

21.69% 11.19%
13.01% 10.58%
14.80% 11.35%
13.25% 2.39%
13.94% 6.67%
12.66% 6.63%

On key feature of the bivariate SWARCH model is to provide the estimated probabilities of a specific state for each point in time (the BTC-DASH example is
shown in Figure 4). We use these estimated probabilities and a maximum value criterion to define the volatility state. For example, if the estimated
probability of the ‘HV-HV' state is higher than that of the other three states, we identify this point in time as an ‘HV-HV' state.

In panel B, we show the risk reduction percentage of a cryptocurrency portfolio with equal weight on each cryptocurrency. More specifically, the risk reduction

percentage of a cryptocurrency portfolio is presented as follows.

Risk reduction % = —100*[0, - (0.5 x 0°" +0.5 x 0°™)1/(0.5 x 0™ +0.5 x 0°™)

where 0™ and 6°™ denote the standard deviation of Bitcoin and another cryptocurrency in the portfolio, respectively. The 0, is the standard deviation of the
cryptocurrency portfolio with equal weight on Bitcoin and another cryptocurrency. The figure in bold style represents the minimum value in the row.

cryptocurrency portfolio return with equal weight
on BTC and OTH digital currencies, that is, r¥ =
rBTC 4+ OTH A higher/lower value of risk reduc-
tion percentage implies the greater/lesser effective-
ness of portfolio risk diversification.

The results, presented in Panel B of Table 6,
indicate that the ‘HV-HV’ volatility state corre-
sponds to the minimum value of risk reduction
effectiveness in all the cases. Using the BTC-
DASH portfolio as an example, the risk reduction
% at the ‘HV-HV’ state is 2.39% and the risk
reduction % for the other three states ranges from
6.50% to 17.49%. These findings have implications
for cryptocurrency investment risk management.
First, risk management is critical and important
in a high-volatility situation. Unfortunately, under
the ‘HV-HV’ situation, portfolio diversification in
digital currency markets corresponds to the least
effectiveness in risk reduction. This result echoes
our aforementioned findings in Table 5: a strong
correlation in the digital currency markets under
the ‘HV-HV’ state, that is, p, ,.

Based on our framework, the correlation is
expected to be generally weak when the paired
cryptocurrencies are experiencing an opposite
volatility regime, namely, one in an HV state and
the other in an LV state. Further, the co-movement
becomes much stronger when the paired crypto-
currencies face an identical volatility regime, that
is, both are experiencing an HV or LV volatility
state (see Section 2.2). Experiencing an identical
volatility condition in the paired digital currency
markets is related to co-jumping behaviours in the
literature. We thus link co-jumping behaviours
with correlation dynamics between various

cryptocurrencies. As shown in Panel A of Table 6,
the observation percentages of an identical volati-
lity regime (i.e. LV-LV plus HV-HV) are higher
than the value of an opposite volatility regime (i.e.
HV-LV plus LV-HV). Using the BTC-DASH pair
as an example, the observation percentage of an
identical volatility regime is 68.67% (=57.48% +
11.10%), and the observation percentage of an
opposite volatility regime is 31.33% (=9.65% +
21.68%). This result supports co-jumping beha-
viours in cryptocurrency markets. Moreover, as
shown in Table 5, the magnitude of the estimates
of p,, and p;; is considerably higher than those
calculated for the other two possible state group-

ings: p,; and p; .

5.2. Cryptocurrency portfolio risk forecasting

This section conducts the second practical test for
digital currency investment risk management:
portfolio risk forecasting. As previously stated, the
risk of a portfolio hinges on asset volatilities and
their correlations. This study employs three alter-
native empirical models on the data of cryptocur-
rencies, including the two bivariate GARCH
models and the bivariate SWARCH model. We
seek to determine whether our bivariate
SWARCH model with state-dependent variances
and correlations is more effective in predicting
the risk of the cryptocurrency portfolios than the
conventional GARCH models with simple time-
dependent variances and correlations.

MAE (Mean Absolute Error) and MSE (Mean
Square Error), the two most prominent forecasting
performance measures, are adopted and the results
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are presented in Table 7. It should be noted that
four separate volatility state groupings are defined
in our bivariate SWARCH model. We compute the
weighted average of portfolio risk according to the
estimated probabilities of volatility states. In parti-
cular, we first compute the portfolio risks under
various volatility state combinations (i.e. LV-LV,
HV-LV, LV-HV and HV-HV). Then the probabil-
ities of each specific volatility state combination are
used as the weights to compute the weighted aver-
age (see Figure 2: An example of the BTC-DASH
portfolio).

As shown in Table 7, the bivariate SWARCH
model, equipped with state-dependent variances
and correlations, offers an advantage over the
bivariate GARCH model with simple time-
dependent variances and correlations in terms
of risk forecasting performance. Specifically, the
bivariate SWARCH model associates with the
smallest MSE and MAE. Next, the bivariate
GARCH model with a constant conditional cor-
relation (i.e. the GARCH-CCC model) is
adopted as a benchmark to calculate the statistic
of the difference in MSE and MAE. The differ-
ence is significant at 1% for all three cryptocur-
rency portfolios. Our conclusion is clear:
designing a model to capture volatility regimes
and correlation dynamics in the digital currency
markets (i.e. the bivariate SWARCH model in
this study) can produce a better estimate of
digital currency portfolio risk than the use of
conventional GARCH-based models.

Table 7. Cryptocurrency portfolio volatility forecasting.

5.3. Cryptocurrency portfolio construction

In this section, we proceed with the third practical
test regarding cryptocurrency investment risk:
portfolio construction. As is well known, portfolio
construction relies on the quality of variance and
correlation estimation. Accordingly, an important
question is whether the state-varying variances and
correlations addressed in this study may help an
investor develop a more efficient cryptocurrency
portfolio. Since our focus is cryptocurrency invest-
ment risk, we adopt a minimum variance portfolio
construction strategy to conduct this test (e.g.
French and Poterba 1991; Tesar and Werner
1992; Ramchand and Susmel 1998). Considering
the BTC-OTH portfolio, the weight given to each
cryptocurrency asset is presented as follows:

BIC _

Wi
[h?TH —p, (h?TH . h?TC)l/Z]/[thC + h[OTH —2-p, (h[OTH . h?TC)l/z}

(17)

W?TH -1 BTC

— W, (18)

where w;”"¢ and w,°™" represent the weight given
to BTC (Bitcoin) and OTH (OTH denotes the
other digital currency in the portfolio, namely,
DASH, LIT or XRP), respectively. hBTC and b,
denote the conditional variances of BTC and OTH
respectively and p; is the correlation between them.

Given the weights, we then calculate the return of
the BTC-OTH portfolio at each point in time (r7°T):

BTC-DASH BTC-LTC BTC-XRP
Panel A: MAE (Mean Absolute Error)
Bivariate GARCH-CCC model 5.6735 5.5252 5.3308
Bivariate GARCH-DCC model 5.8192 5.6514 53778
Bivariate SWARCH model 4.9442 4.4683 4.2007
(—5.4657)*** (—8.9052)*** (—8.7868)***
Panel B: MSE (Mean Square Error)
Bivariate GARCH-CCC model 57.5218 49.7362 52.3870
Bivariate GARCH-DCC model 61.8947 52.6608 53.8310
Bivariate SWARCH model 43.0255 35.4926 34.4661
(—2.8237)%** (—3.0317)*** (—3.1250)***

This study adopts MSE and MAE, the two commonly-used forecasting performance criteria, to evaluate the performance of various models in cryptocurrency

portfolio volatility forecasting. The MSE and MAE are defined as follows.

T 2 T

MSE=T' 5 (70— 02,) mag =T >
t= t=

2 2
ot = Opel-

where r, . is the portfolio return with equal weight on each digital currency and g, is the estimated standard deviation of the digital currency portfolio. The
figure in bold style represents the minimum value in the column. As shown in the table, the bivariate SWARCH model associates with the smallest MSE and
MAE.

We adopt the bivariate GARCH-CCC model as a benchmark and calculate the statistic for the difference in MSE and MAE (see the figure in parenthesis). ***
represents significance at the 1% level.
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Table 8. Portfolio construction performance: Volatility of cryptocurrency portfolio.

BTC-DASH BTC-LTC BTC-XRP
Bivariate GARCH-CCC model 3.8397 3.9954 3.7064
Bivariate GARCH-DCC model 3.8159 4.0017 3.7102
(—1.4785) (0.5044) (0.1925)
Bivariate SWARCH model 3.4359 3.4736 3.1974
(—10.1508)*** (—4.8288)*** (—6.7017)***

This table lists the performance of portfolio construction between various models. As our focus is risk of cryptocurrency investment, we adopt a minimum
variance portfolio strategy to test the issue and present the volatility (standard deviation) of the cryptocurrency portfolios in this table (e.g. French and

Poterba 1991; Tesar and Werner 1992; Ramchand and Susmel 1998).

The figure in bold style represents the minimum value in the column. We use the bivariate GARCH-CCC model as a benchmark to calculate the statistic for the
difference in the portfolio volatility (see the figure in the parenthesis). *** represents significance at the 1% level.

POT BTC

rt = wh rfTC + W?TH . r?TH

(19)
Next, we calculate the volatility of the BTC-OTH
portfolio return over the testing period and exam-
ine whether the volatility varies significantly
between the bivariate GARCH (a pure time-vary-
ing approach) and SWARCH (a state-varying
approach) models.

Table 8 show the performance of portfolio con-
struction by various models, including the bivariate
GARCH-CCC, GARCH-DCC and SWARCH.
Restated, the focus of this study is the risk of
cryptocurrency investment. We thus concentrate
on the paired cryptocurrency portfolios” volatility
(i.e. standard deviation). As shown in Table 8, the
portfolio’s volatility constructed by the bivariate
SWARCH model is lower than that of the two
bivariate GARCH models. Moreover, when we
use the bivariate GARCH-CCC portfolio as a
benchmark, the risk reduction of the cryptocur-
rency portfolio constructed by the bivariate
SWARCH model is significant at a 1% level. Our
conclusion is clear: modelling variances of crypto-
currencies and their correlations using a regime-
switching system improves the performance of
cryptocurrency portfolio construction.

6. Conclusions and future research directions

The exponential growth of attention to the crypto-
currency markets reflects their tremendous invest-
ment returns. However, these markets are
characterized by a lack of regulations and are vola-
tile. Therefore, measuring and managing the risk of
cryptocurrency investment is essential. In this
study, the risk of trading on cryptocurrencies is

measured by their second moments, that is, var-
iances and correlations. We break new ground by
addressing the phenomenon of volatility regimes
and examining their relationship with correlations
in the digital currency markets. We build on this
work by developing a theoretical hypothesis for
these phenomena in the digital currency markets.
We also employ a bivariate SWARCH model
involved with the regime-switching variances and
correlations to test our hypothesis.

Our novel approach identifies various volatility
regimes in the cryptocurrency markets and ana-
lyzes their correlation dynamics under different
volatility regimes. While existing studies have
tested the dynamics of correlations in the digital
currency markets (the majority of the studies use
the conventional GARCH and DCC models), none
have explicitly addressed correlation dynamics
under various volatility regimes. This initial study
fills this gap in the literature and offers several
contributions, including the use of a specific econo-
metric method and providing three practical tests
for cryptocurrency risk management. The three
practical tests are meaningful in the practical field
and thus help to bring the statistical estimation
results nearer to practical. We employ four repre-
sentative cryptocurrencies — Bitcoin (BTC), Dash
(DASH), Litecoin (LTC) and Ripple (XRP) - to
conduct the empirical tests. Our sample period is
between 14 February 2014 and 19 November 2020
for 2,471 daily observations.

Our empirical findings are consistent with the
following notions. First, volatility regimes display
in the digital currency markets and serve as a
determinant of the cross-market correlations. In
particular, the correlation between the paired

2In addition to portfolio risk, we also calculate portfolio return constructed by various models (not tabulated). However, the difference in portfolio return
between the bivariate GARCH and SWARCH models is insignificant. This result implies that reductions in risk, rather than increases in return mean, are to be

thanked for the benefits stemming from such improved performance.
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digital currency markets is stronger when they are
in the same state of volatility (i.e. HV-HV and LV-
LV) whereas their correlation is weaker when they
are in an opposite state of volatility (i.e. LV-HV
and HV-LV). Second, the circumstance in which
both the paired digital currency markets are simul-
taneously encountering a high volatility regime (i.e.
HV-HYV) is associated with the least effectiveness of
portfolio risk diversification. Our findings echo co-
jumping behaviours addressed by the digital cur-
rency market literature. Last but not least, the
bivariate SWARCH model, with its state-depen-
dent variances and correlations, significantly out-
performs the conventional GARCH and DCC
models with their simple time-dependent variances
and correlations in terms of cryptocurrency port-
folio risk forecasting and portfolio construction.

Lastly, we note two limitations of this study and
address future research directions. First, further
development of the programme codes for this gen-
eral model based on a general 4 x 4 transition prob-
ability matrix (see the Appendix section) is worthy
of future research. Second, the in-sample perfor-
mances, as in Tables 7 and 8, show the historical
performance of the competitive models. Future
researchers may further conduct out-of-sample
tests.
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Appendix

Appendix: A four-state regime-switching system

This study develops a bivariate SWARCH model to capture regime-switching conditional correlations, and considers relations
with conditional variances. Based on this system thus described, the construction of the latent variable s, on the basis of the
separate latent processes s;°" < and s,°""" can be visually depicted as follows:

s;=1:if s27¢=1 and 5,°™ =1 -or- BTIC =LV and the other cryptocurrency = LV

s;=2:if s27¢=2 and 5,°™ =1 -or- BTC = HV and the other cryptocurrency = LV

s,=3:if s27¢=1and 5,°™ =2 -or- BTC =LV and the other cryptocurrency = HV

s;=4:if s27¢=2 and 5,°™ =2 -or- BTIC =LV and the other cryptocurrency = HV

As was assumed in the case of the univariate analysis, s; is an unobservable state variable and is associated with possible
outcomes of 1, 2, 3 and 4. Furthermore, this state variable is held to follow a first-order 4-state Markov chain model formulated as
follows:

P<St =jls1 = i) =Py (A1)
Thus, the 4 x 4 transition probability matrix of this model can be depicted below:

pun P Pn pa
p— |P2 P2 P pu (A2)
P13 P23 P33 Pas
P14 Paa P3¢ Paa
In our study, we assume the variance-switching process of each cryptocurrency in the pair is here seen as subject to the distinct
processes of switching volatility states characterizing each market component. Therefore, we have a 2 x 2 transition probability
matrix for each cryptocurrency in the pair:

BTC

Tc _ | P13 p3c o _ [P 5T
PPIC =1 M prc } and P77 = [ OTH OTH:| (A3)
Py Py Lt P
Notably, we may use these two 2 x 2 transition matrices to generate the 4 x 4 transition probability matrix:
P X T A
p= | B Pre P Phe - Pt P P (A9)
Prim X Py X Py T X Py X Py T X Py X Py X Py,
P X PR X piy X pR X i€ x pt X pM

Using the BTC-DASH pair as an illustrative example, we calculate its 4 x 4 transition probability matrix as follows:

0.8321 0.2180 0.1372 0.0359
p— 0.0785 0.6926 0.0129 0.1142 (A5)

0.0817 0.0214 0.7766 0.2045

0.0077 0/0680 0.0733 0.6464
A comparison of the two ostensibly identical four-state switching models depicted in Equations (A2) and eq(A3) reveals
significant differences in the number of population parameters required to estimate. In the case of the general model presented in
Equation (A2), s; follows a four-state Markov chain, the transition matrix of which is restricted by the condition that each column
must sum to unity, hence the need for 12 probability parameters. On the other hand, the estimation of only 4 ( =2 + 2) probability

parameters is required in the restricted four-state model presented in Equation (A3).
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