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+e world has witnessed the adverse impact of the COVID-19 pandemic. Accordingly, it is expected that information trans-
mission between equities and digital assets has been altered due to the hostile impact of the pandemic outbreak on financial
markets. As a result, the ensuing perverse risk among markets is presumed to rise during severe uncertainties occasioned by the
COVID-19 pandemic. +e impetus of this study is to examine the degree of asymmetry and nonlinear directional causality
between global equities and cryptocurrencies in the frequency domain. Hence, we employ both the variational mode decom-
position (VMD) and the Rényi effective transfer entropy techniques. Analyses of the study are presented for three sample periods;
these are the full sample period, the pre-COVID-19 period, and the COVID-19 pandemic period. We gauge a mixture of
asymmetric and nonlinear bidirectional and unidirectional causality between global equities and cryptocurrencies for the sample
periods. However, the COVID-19 pandemic period appears to be driving the estimates for the full sample period, which indicates
a negative flow.+us, the direction and significance of the information flow between the markets for the full sample correspond to
the one observed during the COVID-19 pandemic period. We, consequently, establish a significant directional, dynamical, and
scale-dependent information flow between global equities and cryptocurrencies. Notwithstanding, throughout the study samples,
we mainly find a negative significant information flow from global equities to cryptocurrencies. We detect that most crypto-
currencies exhibit similar behaviour of information flow to global equities for each of the sample periods. +e outcome provides
pertinent signals to investors with diverse investment horizons who would want to diversify, hedge, or employ cryptocurrencies as
a safe haven for global equities during uncertainties, specifically the COVID-19 pandemic.

1. Introduction

+e advent of the COVID-19 pandemic has induced many
empirical studies on economies, including its impact on
mental health [1], food prices [2], interdependencies be-
tween COVID-19 and exchange rates in Wuhan [3],
COVID-19 and Bitcoin [4], the nexus between equities and
cryptocurrencies [5], crude oil and agricultural futures [6],
major world markets [7], and mutual information between
markets [8], among others. It can be analysed from these
studies that the impact of the COVID-19 has disrupted most
economic activities including financial markets of which
cryptocurrencies and global equities are no exception.

+e world all over has witnessed the substantial ex-
pansion of digital currencies. +e seminar paper of Chaum
[9] indicates that cryptocurrencies rely on cryptographic
proofs for transaction confirmation and were developed in
1983 [10]. Nakamoto [11] published the Bitcoin project and
asserted that anonymity, lack of control from a central
authority, and protection from double-spending are all
features of cryptocurrencies. +e popularity of crypto-
currencies increased at the advent of the European sovereign
debt crisis of 2010–2013 [12]. +e market size of crypto-
currencies has not stopped growing; in January 2018, market
capitalization peaked at USD 800 billion as compared to a
little above USD 10 billion in 2013 [12, 13]. Notwithstanding,
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in September 2018, cryptocurrency markets faced extreme
price instability which resulted in an 80% loss of their values
[14]. Cryptocurrencies are susceptible to speculative bubbles
since it is characterised by anonymity [15]. According to
Yarovaya et al. [16], speculative bubbles in cryptocurrency
marketplaces might spread contagion and compromise fi-
nancial stability. As a result, a study that mixes crypto-
currencies with other assets, such as equities, is critical for
investment decisions since it establishes information
transmission patterns [15]. Although other financial assets,
especially stocks, are influenced by several factors [17], the
distinct feature of stocks may welcome diversification
benefits from cryptocurrencies [15, 18].

+e arbitrage pricing theory, projected by Ross [19],
asserts that stock returns are theorised to be influenced by
several factors and had been confirmed by extant literature
[20, 21]. Furthermore, prior literature offers an indication
that the stock market returns are influenced by four main
factors [12]. +ese are the fundamental factors, earning base
[22]; the technical factors that encompass diverse macro-
economic factors [23]; market sentiment factors, animal
spirits of investors and environmental context [24]; and
market anomalies [25]. +is study contributes to prior lit-
erature by incorporating the flow of information between
global equities and cryptocurrencies, due to their increased
market integration [26]. +e degree of integration between
these markets necessitates the assessment of diversification,
hedge, and safe haven benefits [15].

+e financial market integration theory has made it
possible for the financial markets in an economy to be-
come more closely related with those in other economies
around the world [27–29]. +e advancement of market
integration is altered by institutional and behavioural
factors [30]. To begin with, integration is a result of in-
stitutional, economic, and political reforms. Integration is
dependent on global investors’ capacity to access domestic
securities as well as local investors’ ability to access
overseas investment possibilities, legally or otherwise
[28, 30]. Access to global international investment op-
tions, whether by legal means, home-grown diversifica-
tion, or illegal means, enhances the exposure of domestic
assets to the global factor and so raises the level of national
stock market integration [29, 30]. For instance, a study by
Owusu Junior et al. [31] revealed the connectedness of
most financial markets in emerging market economies.
Risk preference, relative optimism, and information
perception are all behavioural characteristics that might
influence the willingness to invest overseas, and hence,
market integration is amplified [30]. +ese dynamics are
not far from the operations of cryptocurrencies and global
equity markets by market participants. As a result, in-
vestments in cryptocurrencies and equities have become
increasingly important to the global investment com-
munity in recent years. +is is so, for a variety of reasons,
including expectations of increased domination across the
globe and extreme changes in capital flows between
markets [31]. Consequently, improvement in the flow of
capital and susceptibility of prices and returns to traded
financial assets in diverse markets balance.

Despite the intense expansion of digital assets, there are
limited studies that devote interest to finding the flow of
information with equity returns, specifically global equities.
Improvement in the globalisation of business enterprises
and the integration of capital markets are modifying the
equity investment environment. Foreign countries were
once thought to be a diversifying alternative to an investor’s
equity market, so equity investing used to be primarily based
on a series of country-defined markets [32]. +is suggests
that the domicile of a corporation is an insufficient indi-
cation of its operations. Its revenues, underlying active
capital stock, and financing have all shifted to a more global
scale [32]. We, therefore, conceptualise the global equities to
mean the risk capital available for deployment interna-
tionally within various investment avenues based on the
investors’ level of risk aversion. For this study, global equities
are represented by global market indices such as the Global
Real Estate Investment Trust Equities (GREITs), NASDAQ
Global Market Composite Index (GMI), Eurozone Index
(EUROZI), Europe Index (EUROPI), Emerging Markets
Index (EMI), and Developed Markets Index (DMI). We
employ these equity indices to examine information flow
with cryptocurrencies without considering country-specific
stocks to carefully illustrate the competitive dynamics within
these markets. As a result, country-specific stock market
indices may not provide adequate information to examining
information flow with cryptocurrencies which are most
likely to transmit speculative bubbles to most financial assets
and weaken their stability [16]. We do this to reiterate the
competitive market hypothesis (CMH) of Owusu Junior
et al. [33]. +e hypothesis implies that, in part, the intensity
of information flows and spillover between markets of the
same and differing asset classes are intensified by rational,
albeit irrational investors’ relentless search of competing
rewards and risks to satisfy the portfolio goals. We, there-
fore, assess the degree of competitiveness within these
markets to either act as a substitute or complement for each
other.

Cryptocurrencies and equities are considered by extant
literature to be assets through which investors can channel
their investments [18] despite their underdeveloped rela-
tionships. Although the cryptocurrency economy is pri-
marily different from the equity markets, both of themarkets
function in the same way. For instance, their prices are
determined by demand and are valued in fiat currencies.
Investors of equities may hedge against volatility in the
equities market using cryptocurrencies [34]. +is is due to
the fear of volatility in demand for equities and loss of
currency value, which may plummet asset prices, occasioned
by macroeconomic conditions. +is is so because crypto-
currencies values are hardly influenced by macroeconomic
conditions, especially specific to a given country [35]. For
example, fluctuations in exchange rates, interest rates, and
inflation may not have a clear connection with the values of
cryptocurrencies, because the cryptocurrencies markets are
not regulated by a central authority [36]. On the other hand,
the equity parity theory addresses the extent to which
fluctuations in international investment holdings, such as
cryptocurrencies, correspond to fluctuations in stocks. +at
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is as individuals invest in cryptocurrencies as an interna-
tional holding, domestic equity holdings are exposed to
adverse exchange rates shocks.

Nonetheless, the creation of new financial or digital
assets may stimulate investors to channel part or all of their
investments between markets based on the level of their risk
aversion. Building from Markowitz [37] portfolio theory,
there is an alternative asset (market) within which investors
may channel part or all of their investments at their free will,
but with the quest of either maximising expected returns or
minimising risk on the portfolio. +is investment mecha-
nism also establishes the flow of information between
markets due to the competitive nature of the markets, as
indicated by the information flow theory. For this study,
since cryptocurrencies and equities are widely opened to
global investors, we hypothesise a significant flow of in-
formation between global equities and cryptocurrencies.
+is would serve as either competitive alternate markets or
complementary markets for global investors with diverse
investment horizons [38], coupled with the nonstationarity,
asymmetry, and nonlinearity of financial time series.

In nature, many unstable signals typically contain es-
sential details [39]. Signal decomposition is a useful tech-
nique for dealing with nonstationary signals since it can
break down a multifaceted signal into many standard simple
modes that can be simply analysed in the time and/or
frequency domain. Owing to the ubiquitous behaviour of
unstable signals, financial time series are surrounded by
noise and experience rapid oscillations of which crypto-
currencies and equities are no exception [5, 10]. +e in-
tricacy of the price generation process catechises the validity
of the natural rule of scale-invariance of a self-similar
process to support the heterogeneous market hypothesis
[38]. Market players are viewed as heterogeneous by the
heterogeneous market hypothesis (HMH), with a wide range
of information, purposes, and investment horizons [10, 33].
Market participants respond to information at different
times, resulting in very noisy market data. Consequently,
cryptocurrency and global stock price series exhibit non-
linearity and nonstationarity. Information that misrepre-
sents unpretentious core patterns is referred to as noise.
Small price corrections in the market, as well as price
variations that distort the broader trend, are examples of
noise in the financial markets. +is suggests that market
noise might make it difficult for investors to tell what is
driving a trend and whether it is fundamentally changing or
simply experiencing short-term volatility. For illustration,
the price of cryptocurrencies or even stocks might fluctuate
dramatically during the day, yet nearly none of this fluc-
tuation reflects a fundamental shift in the security’s per-
ceived value. Day traders of cryptocurrencies and stocks
trade short-term price movements to enter and exit a po-
sition in a matter of minutes or hours. Some noise traders try
to profit from market turbulence by entering buy and sell
orders without using fundamental data. As a result, this
noise may influence the outcome of the study if not dealt
with. +e aforediscussed points render decomposition an
undeniably effective course of action to undertake when
dealing with financial time series. We, therefore, decompose

the data to illustrate stock market participants’ diverse in-
vestment time scales which corroborates with the hetero-
geneous market hypothesis (HMH) as indicated by Müller
et al. [38]. Again, the adaptive market hypothesis (AMH)
engineered by Lo [40] posits that markets evolve, due to
events and structural changes, and adapt, and market effi-
ciency fluctuates in a degree of time. Consequently, de-
composition techniques reduce noise (weak signals) to
maintain the true signals [10].+is will improve the outcome
of the study [33].

+is study employs the variational mode decomposition
(VMD) method to replace the classic empirical mode de-
composition (EMD) method, used for many engineering
monitoring and diagnosis. +e VMD was developed by
Dragomiretskiy and Zosso [41] as a suitable method for
sampling and dealing with the noise of signals to surpass
EMD and EEMD developed by Huang et al. [42] and Wu
and Huang [43], respectively [44–46]. By shifting from a
sifting process to an alternate direction method via multi-
pliers, VMD aids in the solution of the mode mixing
problem in decomposition results [41]. Mode mixing,
according to Wu and Huang [47], is defined as any intrinsic
mode function (IMF) consisting of oscillations of intensely
disparate amplitude, mostly caused by intermittency of the
driving mechanism. +us, the physical meaning of an IMF
can cease by itself, indicating that there may be several
physical processes in a mode. +e IMFs are interpreted as
time horizons (amplitude-modulated-frequency-modulated
signals). +rough the VMD, modes are reasonably extracted
nonrecursively, which makes it a fully intrinsic and adaptive
and quasi-orthogonal decomposition method [41]. +e
VMD adaptively determines the suitable band and estimates
related modes at the same time, ensuring that the errors
between them are suitably balanced [46]. Isham et al. [46]
assert that “VMD is based on three principal concepts which
are Wiener filtering, Hilbert transform and analytic signal,
and frequency mixing and heterodyne demodulation.” +e
VMD meticulously decomposes input signals into their
major modes, known as variational mode functions (VMFs),
which reproduce the input signal but with varying sparsity
qualities. Specifically, in the context of this study, the VMFs
represent short-, medium-, and long-term periods. Instead
of using a sifting process from the traditional decomposition
approach, the VMD approach employs an alternate direc-
tion method of multipliers for the reconstruction process
[46].

Corollary to the VMD, we present the effective transfer
entropy (ETE) that occurs from the formulation of condi-
tional related information [48]. Transfer entropy quantifies
the reduction in uncertainty, especially when conditioned on
past values in forecasting variables, and thus makes it easier
to model statistical causality between variables in a natural
phenomenon [49]. Consequently, the amount of informa-
tion that flows between markets can be quantified using
transfer entropy. +erefore, the VMD-based entropy would
provide an asymmetric method to measure the flow of in-
formation between cryptocurrencies and equities, after ac-
curately decomposing the time series data into their VMFs.
+is approach is lacking in prior studies on cryptocurrencies
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and stocks [10, 18, 50]. Owing to the complexities in the
cryptocurrencies and equities markets coupled with their
adaptive behaviours and heterogeneity of their participants,
evidence from fractals and multifractality in these markets
puts the empirical investigation into perspective [33, 51] to
reveal investment horizons. As a result, pertinent inferences
for portfolio diversification, policy decisions, investing risk,
and risk management schemes in cryptocurrencies and
global equities could be well accentuated.

+e emergence of cryptocurrencies has warranted sev-
eral studies [10, 18, 50–55]. However, the quantity of in-
formation that flows between cryptocurrencies and other
financial assets are less captured by prior literature. But,
when two random variables are linked in such a way that one
can learn about the state of the other by observing the other,
they have mutual information [56]. Assessment of this
mutual information would provide a clear indication to
accurately reflect the benefits of hedges, safe haven, diver-
sification and financial contagion, and the likes. Again, the
few empirical studies that focus on the flow of information
between cryptocurrencies do not employ decomposition
techniques [7, 8, 57]. +e current study contributes to prior
literature by assessing the flow of information between
cryptocurrencies and equities at multiscales, before and
during the COVID-19 pandemic.

+e novelty of this study relies on the following facets.
First, we employ the VMD-based transfer entropy to
quantify information flow between global equities and
cryptocurrencies by specifying the direction and strength of
information transfer at diverse time scales. In this way, we
can explore the multiscale information that might be ig-
nored. Also, due to the nonlinearity of most financial time
series, we adopt a log-likelihood ratio transfer entropy which
quantifies information from a probability density function to
fill a gap in the extant literature on cryptocurrencies-equities
information flow, which mostly utilises linear models. De-
spite the popularity of transfer entropy and decomposition
techniques in finance and economic literature, there is no
study, to the best of our knowledge, which has focused on
quantifying the flow of information between global equities
and cryptocurrencies while simultaneously dealing with
noise through the shift from sifting process via multipliers
approach. Furthermore, the major aim of this study is to
explore the variation of returns in global equities integration
with cryptocurrencies at diverse scales through information
flow while incorporating the COVID-19 period. However,
analysis of the study would be performed for three sample
periods; these are the full sample and pre-COVID-19 and
COVID-19 pandemic periods. +is would be done to de-
lineate the impact of the COVID-19 pandemic period on
financial markets. We utilise six global stock indices with
high market capitalization from both NASDAQ and FTSE
NAREIT All Equity REITs. +is would be done to accurately
scrutinize the discussion on cryptocurrencies that have
witnessed high market capitalization over the years irre-
spective of their fall in value in September 2018 [14]. +e
outcome of the study will bolster confidence in existing
investors within these markets to either give up part or all of
their investments or ensure their effective management.

We model a mixture of asymmetric and nonlinear
bidirectional and unidirectional causality between global
equities and cryptocurrencies, for the full sample, as well
as before and during the COVID-19 pandemic. However,
the COVID-19 period appears to be driving the estimates
for the full sample period, which is a negative flow. +us,
the direction and significance of the information flow
between the markets for the full sample correspond to the
one observed during the COVID-19 pandemic period.
We, consequently, establish a significant directional,
dynamical, and scale-dependent information flow be-
tween global equities and cryptocurrencies. Notwith-
standing, throughout the study samples, we mainly find a
negative significant flow of information from global eq-
uities to cryptocurrencies, in that the history of crypto-
currencies, in this case, indicates considerably more
uncertainty than knowing the history of global equities
alone. +e outcome provides relevant indications to in-
vestors with diverse investment horizons who would want
to diversify, hedge, or employ cryptocurrencies as a safe
haven for global equities during uncertainties [58], spe-
cifically the COVID-19 pandemic.

+e remaining sections are systematized as follows.
Section 2 deals with literature review issues, Section 3 with
research methodology, and Section 4 with the study’s
findings and discussion. Section 5 contains the study’s
conclusion, which includes the findings’ implications and
suggestions.

2. Literature Review

2.1. �eoretical Review. We present three theories to ex-
pand the discussion on the flow of information between
global equities and cryptocurrencies. +ese theories are
explained concerning portfolio selection by investors as
advised by Markowitz’s [37] modern portfolio theory. +e
theories that guide the study variables include equity
parity theory, theory on interdependence, and informa-
tion flow theory.

2.1.1. Modern Portfolio�eory. +emodern portfolio theory
of Markowitz [37] asserts that investors tend to either
maximise their expected return or minimise the variance on
their portfolio. +e input of a security to the variance of an
investor’s entire portfolio, according to Markowitz [37], is
more relevant than the security’s own risk. +is is mainly a
question of its covariance with other securities in the
portfolio [59]. In the context of this study, an increase in
trading volumes of cryptocurrencies attracts investors to the
cryptocurrencies markets [60]. As a result of the accumu-
lation of cryptocurrencies in major market players’ invest-
ment portfolios, prices will stabilize and uncertainty will
decrease [61]. Also, this relationship may not be far from
stock markets [62]. +e study, therefore, seeks to analyse the
extent to which investments in both cryptocurrencies and
stocks markets could earn investors with diversification, safe
haven, and hedge benefits, before and during the COVID-19
pandemic [58].
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2.1.2. Equity Parity �eory. +is emerging theory in in-
ternational finance suggests the connection between eq-
uities and currency movements. According to this theory,
when investors’ foreign or international holdings outper-
form domestic holdings, domestic investments are exposed
to higher exchange rates which devalue domestic curren-
cies contributing to inflation [63–65]. +is is facilitated by
the fact that an increase in trading volumes attracts in-
vestors as posited by Ji et al. [60]. +e inflationary pressures
are mitigated by higher interest rates which plummet
domestic assets values in the long-run [66]. Furthermore,
to decrease exchange rate risks, domestic investors may
repatriate part of their foreign holdings as a reaction to
adverse movements in domestic currencies [67]. By doing
so, foreign currency is sold contributing to its depreciation.
In the context of this study, the equity parity theory ad-
dresses the extent to which fluctuations in cryptocurrencies
correspond to fluctuations in stocks. +at is, as individuals
invest in cryptocurrencies as an international holding,
domestic equity holdings are exposed to adverse exchange
rates shocks. +e global equities used in this study are
therefore reflective of domestic equity holdings across
countries.

2.1.3. �eory on Interdependency. Interdependence is de-
fined as the situation whereby there is a direct link between
assets (markets), for instance, cryptocurrencies and stock
markets, such that when there is a change in the direction of
one state, it influences the direction of the others in the
same way. +e study follows horizontal interdependence
which considers the flow of money or capital from one
market to another, in the context of this study. +ere are
several concepts on economic interdependence. For in-
stance, Doyle [68] postulated that when there is interde-
pendence, it results in increased economic relations among
countries which promotes the forming of unions among
those countries. Polachek [69] argues that countries gain
from interdependence, for example, the diverse advantages
obtained from trading with other nations which most
governments try to sustain. Furthermore, interdependence
may suggest common values in trading or socio-cultural
ethos which involve the maintenance of international or-
der. +e study extends these arguments to illustrate the
interdependence between markets, specifically nontradi-
tional markets (cryptocurrencies) and global equities
markets. It further indicates the extent to which investors of
union countries’ stocks may simultaneously benefit from
adding cryptocurrencies.

2.1.4. Information Flow�eory. Benthall [56] advocates that
information flows are causal flows located in the context of
other causal linkages. Information flow theory builds on the
philosophy of Dretske [70] and the statistics of Pearl [71].
+e mathematics of probability and statistics has made it
possible to quantify the information flow between variables.
Intuitively, reciprocal information exists when two random
variables are linked in such a way that one variable can learn
about the state of the other from observation of the other

[56]. As indicated by Ji et al. [60], an increase in trading
volumes of cryptocurrencies attracts investors to the cryp-
tocurrencies market due to higher expectations of price
stability and minimal uncertainty.

Similarly, Umar et al. [72] posited that cryptocurrencies
gained worldwide attention in 2017 after a significant in-
crease in their value, resulting in investors shifting a large
portion of their assets from traditional financial assets to
cryptocurrencies. +e price increase, however, was not
sustainable, and the cryptocurrency bubble burst at the end
of 2018 [72]. Investors of cryptocurrencies who are risk-
averse may consider cryptocurrencies as very risky and may
channel their investments to less risky traditional financial
assets such as stocks [73]. It goes to suggest that the creation
of new assets (markets) contributes to competitive alter-
native markets through which investors can channel part or
all of their investments based on their level of risk aversion.
+is establishes the flow of information between the
markets.

2.2. Empirical Review. +e emergence of cryptocurrencies
has warranted several studies. Most studies either concen-
trate on cryptocurrencies in isolation [52–54] or combined
with other assets [10, 18, 50, 51]. Prior studies that combine
cryptocurrencies with other assets mostly look out for hedge,
safe haven, and diversification opportunities [10, 15, 18, 51];
spillover sentiments which are greatly influenced by major
market events [50]; and financial contagion of crypto-
currencies [55]. +ese studies assess either relationships or
causality between and among financial assets without
employing the transfer entropy.

+is is to say, the quantity of information that flows
between cryptocurrencies and other financial assets are less
captured by prior literature. But, when two random variables
are linked in such a way that one can learn about the state of
the other by observing the other, they have mutual infor-
mation [56]. Assessment of this mutual information would
provide a clear indication to accurately reflect the benefits of
hedges, safe haven, diversification, spillover sentiments and
financial contagion, and the likes.

Again, the few studies that assess the flow of information
between cryptocurrencies and other financial assets do not
consider decomposition techniques [7, 8, 57]. However,
market participants react to information at different times,
resulting in very noisy market data. To correctly delineate
this issue, the presence of decomposition techniques in this
study would proffer stock market participants’ diverse in-
vestment time scales. +is is in line with the heterogeneous
market hypothesis (HMH) as indicated by Müller et al. [38].
Also, the adaptive market hypothesis (AMH) indicated by
Lo [40] suggests that markets evolve, due to events and
structural changes, and adapt, and market efficiency fluc-
tuates in the degree of time. Consequently, decomposition
techniques would minimise weak signals [10]. Accordingly,
quantifying information flow between cryptocurrencies and
global equities at multiscales, before and during the COVID-
19 pandemic, would be of principal interest to market
agents.
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3. Methodology

We initially present the VMD technique, followed by the
transfer entropy. +us, the outcome generated from the
VMD is used as input data for the ETE estimations.

3.1. VMD. An amplitude-modulated-frequency-modulated
signal is defined as the intrinsic mode functions (IMF) of the
VMD [41]. +e kth mode uk(t) is presented as

uk(t) � Ak(t)cos ϕk(t)( ), (1)

whereAk(t) is the immediate amplitude;ϕk(t) is the immediate

phase; its derivative ωk(t) � ϕk
′
(t) is the immediate scale.

For eachmode uk(t), VMD uses the Hilbert transform to
produce the analytic signal and estimates the autonomous
frequency spectrum. +e spectrum of the mode is then
moved to baseband using the Fourier transform’s

displacement property. Subsequently, the bandwidth is
projected via the H1 Gaussian smoothness. +e purpose of
optimization is to reduce the sum of all mode functions’
spectral widths to the smallest possible value as

min
uk{ }, ωk{ }

∑k
k�1

zt δ(t) +
j

πt
( )∗ uk(t)[ ]e−jωkt
















2

2

 ,

s.t.∑k
k�1

uk � f,

(2)

where uk{ } is the mode ensemble; ωk{ } is the analogous
centre frequency ensemble; K is the mode observation. +e
original signal is equal to the total of the modes, which is the
constraint.

A quadratic penalty term and a Lagrangianmultiplier are
introduced to change the preceding constrained optimiza-
tion problem into an unrestrained issue as follows:

L uk{ }, ωk{ }, λ( ) � α∑k
k�1

zt δ(t) +
j

πt
( )∗ uk(t)[ ]e− jωkt
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+ λ(t), f(t) −∑k
k�1

uk(t), (3)

where α is the penalty parameter; λ is the Lagrangian
multiplier.

+e alternating direction method of multipliers
(ADMM) is used by VMD to solve the above equation it-
eratively. Finally, the original signal is decomposed into K
IMF constituents. +e code of VMD is available in Hamilton
and Ferry’s [74] package “VMD.”

3.2. Renyi Transfer Entropy. Before we discuss the Rényi
transfer entropy, we present the idea of Shannon entropy as
a quantification of uncertainty upon which transfer entropy
is embedded in information theory [49, 75]. We consider a
probability distribution with diverse results of a given ex-
periment pj. +e average of each symbol’s information is
specified as

H � ∑n
j�1

Pjlog2

1

Pj
( ) bits, (4)

where n signifies number of distinct symbols concerning the
probabilities Pj.

+e concept of entropy was introduced in 1948 by
Shannon [76]. It proffers that, for a discrete random variable
(J) with probability distribution (P(j)), the average number
of bits needed to maximally encode independent draws [75]
can be presented as

HJ � −∑n
j�1

P(j)log2 P(j). (5)

Shannon entropy is connected with the concept of
Kullback–Leibler distance [77] to assess the information
flow between two-time series with the concept of Markov

processes. We present I and J as two discrete random
variables with corresponding marginal probabilities of P(i)
and P(j), joint probability P(i, j), with dynamic structures
in line with a stationary Markov process of order
k(Process I) and I(process J). +e Markov property implies
that the probability to observe I at time t + 1 in state i
conditional on the k prior observations is p(it+1 ∣ it, . . . ,
it−k+1) � p(it+1 ∣ it, . . . , it−k). To encode the observation in
t + 1, the average bits number required once the ex-ante k
values are known can be illustrated as

hj(k) � −∑
i

P it+1, i
(k)
t( )log P it+1 ∣ i(k)t( ), (6)

where i(k)t � (it, . . . , it−k+1) (correspondingly for process J). In
a bivariate perspective as well as relying on the Kull-
back–Leibler distance, information transmission from process
J to process I is measured by quantifying the deviation from the

generalized Markov property P(it+1 ∣ i(k)t ) � P(it+1|i
(k)
t , j(I)t ).

+e Shannon transfer entropy can thus be presented as

TJ⟶I(k, l) �∑P it+1, i
(k)
t , j(I)t( )logP it+1 ∣ i(k)t , j(I)t( )

P it+1 ∣ i(k)t( ) ,

(7)
where TJ⟶I calculates the information flow from J to I.
Analogously, TI⟶J, as a measure for the information flow
from I to J, can be derived. Calculating the differential can
reveal the prevalent direction of information flow between
TJ⟶I and TI⟶J.

Based on the Shannon entropy so far discussed, we
present the Rényi Transfer Entropy [78] which is contingent
on a weighting factor q and can be calculated as
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H
q
J �

1

1 − q
log∑

j

Pq(j), (8)

with q> 0. For q⟶ 1, Rényi entropy converges to
Shannon entropy. For 0< q< 1, thus, low probability events
receive more weight, while for q> 1, the weights benefit

outcomes j with a higher original probability. As a result,
Rényi entropy permits to accentuate diverse distribution
areas, depending on factor q [49, 75].

Applying the escort distribution [79] ∅q(j) � (pq(j)/∑jpq(j)) with q> 0 to normalize the weighted distributions,
Rényi transfer entropy [78] is derived as

RTJ⟶I(k, l) �
1

1 − q
P it+1, i

(k)
t , j(I)t( )log ∑i∅q i(k)t( )Pq it+1 ∣ i(k)t( )

∑i,j∅q i(k)t , j(I)t( )Pq it+1 ∣ i(k)t , j(I)t( ). (9)

It is worth noting that the Rényi transfer entropy cal-
culation can have negative results. Knowing the history of J,
in this case, indicates considerably more uncertainty than
knowing the history of I alone would indicate.

+e ETE estimates are biased in small samples [80]. +e
correction of the bias is promising and can be applied to
calculate the ETE as

ETEJ⟶I(k, l) � TJ⟶I(k, l) − TJshuffled⟶I(k, l), (10)

where TJshuffled⟶I(k, l) depicts the transfer entropy using a
shuffled version of the time series J that is randomly drawing
values from the observed time series J and readjusting them
to generate a new time series. +is, therefore, destroys the
time series dependencies of J, not forgetting the statistical
dependencies between J and I. +is enjoins
TJshuffled⟶I(k, l) to come together to zero with increasing
sample size, and any nonzero value of TJshuffled⟶I(k, l) is
due to small sample effects. To produce a bias-corrected ETE
estimate, repeated shuffling and the average of the shuffled
transfer entropy estimates overall replications indicates a
predictor for the small sample bias. +is is, thus, removed
from the Shannon or Rényi ETE estimate.

Relying on a Markov block, the significance of the
transfer entropy measures from equation (10) can be
inspected, as provided by [81]. +is preserves the inter-
connectedness within the variables J and I, but ignores the
statistical dependencies between J and I opposing to
shuffling. +e distribution of the estimates under the null
hypothesis of no significant information transmission is
then determined.+is can be done by repeated estimation of
the transfer entropy. +e associated p − value is given by
1 − q̂T, where q̂T signifies the simulated distribution’s
quantile, which is defined by the transfer entropy estimate
[75].

3.3. Empirical Data. +e study employed daily prices which
are made up of NASDAQ Global Market Composite Index
(GMI), Eurozone Index (EUROZI), Europe Index (EUROPI),
Emerging Markets Index (EMI), and Developed Markets
Index (DMI); Global Real Estate Investment Trust Equities
(GREITs) measured as FTSE NAREIT All Equity REITs; and
cryptocurrencies Bitcoin (BTC), Dash, Litecoin (LTC), and
Ripple (XRP). +e daily data span from 2014/09/18 to 2021/
05/07 yielding a total of 1,589 observations after merging the

data to have a common date. +e suggested time frame was
chosen to encompass the US-China trade war, the birth of
COVID-19 as a global pandemic, and the aftermath of the
2007–2009 global financial crisis.+e global equity indices are
carefully selected to ascertain the aggregated effect of equities
to illustrate their information flow with cryptocurrencies as
they compete to reveal the competitive market hypothesis
[33]. However, the cryptocurrencies were chosen for the given
time frame based on continuous data availability with large
market capitalization. In addition, the cryptocurrencies se-
lected aremostly employed by extant literature to examine the
extent of diversification, safe haven, and hedge benefits with
other assets. +is is so because, the largest cryptocurrency,
Bitcoin, has experienced growing competition from other
cryptocurrencies which has heightened the heterogeneity in
these markets [51]. Because financial data fluctuates rapidly,
daily data was chosen over monthly series [82]. +e data on
NASDAQ equities were obtained from EquityRTwhilst those
of GREITs and cryptocurrencies were obtained from Yahoo
Finance, with the US dollars as the currency value. As shown
below, the study was based on daily returns of
rt � ln Pt − ln Pt−1, where rt is the continuously com-
pounded return and Pt and Pt−1 are current and preceding
index, respectively.

4. Results and Discussion

4.1. Descriptive Analysis. Figure 1 provides the time-varying
prices and returns of both global equities and crypto-
currencies. It can be observed from the plots that in the early
part of 2020, the price series for all markets trend upwards
after a downward spike. +at is, the prices of both cryp-
tocurrencies and global equities are experiencing a rapid
increase which concurs with the assertion made by Zhang
et al. [83] of markets rebound later in the COVID-19 periods
since most businesses and economies have learnt how to
survive. Generally, it can be observed from the plots that
fluctuations in cryptocurrencies supersede those of global
equities. +is supports the assertion made by extant liter-
ature on the riskiness of cryptocurrencies as against equities
[15, 72, 73].

Table 1 exhibits the summary of statistics for the markets
during the period under study. +e skewness values observed
show nonnormality across board with Dash exhibiting a
skewness close to normality of 0.4037. On the other hand,
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kurtosis values further show leptokurtic behaviour in the
values across variables, especially gross domestic product. In
terms of the stationarity test, the augmented Dicky–Fuller
(ADF) and the Kwiatkowski–Phillips–Schmidt–Shin (KPSS)
tests are used. +e observations from both the ADF and the
KPSS reveal that all the data series explicitly fulfil the sta-
tionarity requirements. +is is in line with assumptions of
various autoregressive studies such as [84, 85] which assumes
global stationarity. Despite the stationarity of the time series
returns, we respond further to dormant nonstationarity,
asymmetry, and nonlinearity by employing the VMD-based
ETE in the context of the study.

4.2. Empirical Results. +e empirical results are presented
for three sample periods. +e first section deals with the full
sample. +is is followed by period-specific analyses indi-
cating both before and during COVID-19 pandemic period
dimensions. To fully reflect the power of the VMD-based
entropy, we present the multiscales obtained from decom-
posing the time series for each scenario to get more insights
into the time variability of the flows and further deal with
issues of nonlinearity, nonstationarity, and asymmetry
which may occasion a deterministic system to chaos [86]. In
this study, the signal depicts the original time series from
which the decompositions are calculated. +e M1, M2, M3,
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Figure 1: Plots of price and returns series for both global equities and cryptocurrencies.
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and MAgg are the decomposed time series. +e first three
VMFs (M1, M2, andM3) are the simulated signals whilst the
fourth VMF (MAgg) is the Gaussian white noise added to
the signal. We represent M1 to be the short-term, M2 and
M3 signify medium-terms, and MAgg shows the long-term
trend (fundamental feature). For simplicity, we present a
brief discussion of pertinent scales and developed rela-
tionships that may be of importance to market participants.

4.2.1. Full Sample Analysis. From Figure 2 (the transfer
entropies for Figures 2–4 have been provided in a table form
as Tables 2–4), most of the information flows between global
equities and Bitcoin are insignificant at diverse time scales,
except for the short-term (flow towards Bitcoin). From the
original series (signal), Bitcoin transmits significant infor-
mation to the Emerging Market Index (EMI). Generally,
flows towards Bitcoin are more negative than flows towards
equity. +is signifies that information flow from global
equities transmits negative shocks to the Bitcoin market at
diverse investment horizons. In addition, the original series
depicts a positive flow between global equities and Bitcoin,
but a more negative flow was found at diverse investment
horizons. +is shows that the original return series of the
markets of Bitcoin and global equities try to observe the
behaviour of each other directly with minimal uncertainty.
However, since market participants react to information at
different times, the multiscales reveal negative information
flow, especially in the short- and medium-terms. +is is in
line with the findings of Jang et al. [87] who found an
asymmetric flow of information from other investment
assets to Bitcoin. For the sake of asset allocation and risk
management, the negative information flow between Bitcoin
and global equities at various investment horizons brings the
findings of Zhang et al. [88] to light.

+e outcome of Bitcoin is not far from Dash, which
shows the information flow between global equities and
Dash returns. However, there are traces of significant in-
formation flow at all scales as compared to Bitcoin. Since the
market capitalization of Dash is currently low, investors who
seek to maximise their returns would rather divest from
Dash and invest in equities.+at is a significant negative flow

to Dash market may lead to its downturn. +is can be ex-
amined from the positive flow from Dash to most global
equities. However, the significant negative flow (M2, M3,
andMAgg) fromDash to the global market index shows that
investors with medium-to-long-term holdings of Dash may
scale up their investments with the hope of earning higher
future returns.

+e findings from Figure 2 show that in the short- and
medium-terms, there are negative flows of information from
global equities to Litecoin. +us, investors who hold their
investments in Litecoin for a long-term receive positive
information from global equities. Contrarily, Litecoin
transmits negative information to global equities, especially
in the short-term with a significant flow to the Emerging
Market Index, Eurozone Index, and Europe Index.

Moreover, Figure 2 illustrates the dynamics of both
positive and negative significant flow of information from
global equities to Ripple. +at is, in addition to the potential
for tail events dynamics of the Rényi transfer entropy as
shown by the original series (signal), multiscales perspec-
tives also provide adequate information to delineate the
information theory. +is corresponds to the heterogeneous
market hypothesis [38] where market participants respond
differently to information in the markets at diverse in-
vestment horizons.

4.2.2. Pre-COVID-19 Pandemic Period . We further present
a confirmatory analysis of the original return series to es-
tablish the flow of information between global equities and
cryptocurrencies before and during the COVID-19 pan-
demic. We take cognisance of the World Health Organi-
zation’s (WHO) communiqué, which designated the
COVID-19 outbreak a Public Health Emergency of Inter-
national Concern (PHEIC) on January 30, 2020, and a
pandemic on March 11, 2020. We, therefore, segregate the
return series based on the declaration by the WHO on 30th

January 2020 as a PHEIC to inculcate early investors’ ex-
pectations and fear during the pandemic.

Generally, from the pre-COVID-19 pandemic period,
there seem to be some positive flows from global equities in
addition to the usual negative flows established from the full

Table 1: Descriptive summary.

Mean Std. Dev Skewness Kurtosis Normtest.W ADF KPSS

Global equities
DMI 0.0003 0.010 −1.444 20.536 0.824 −11.087∗∗∗ 0.128
EMI 0.0001 0.010 −0.937 7.623 0.928 −10.606∗∗∗ 0.136
EUROPI 0.0001 0.012 −1.524 18.755 0.860 −11.802∗∗∗ 0.116
EUROZI 0.0002 0.013 −1.626 18.157 0.876 −11.578∗∗∗ 0.100
GMI 0.0006 0.017 −0.966 8.726 0.920 −11.193∗∗∗ 0.097
GREITs 0.0002 0.014 −2.339 36.378 0.786 −11.362∗∗∗ 0.026

Cryptocurrencies
BTC 0.0030 0.048 −0.634 9.292 0.899 −10.535∗∗∗ 0.183
Dash 0.0029 0.070 0.404 5.375 0.916 −10.493∗∗∗ 0.172
LTC 0.0027 0.070 0.789 11.918 0.843 −9.8306∗∗∗ 0.135
XRP 0.0036 0.0813 1.6913 17.5021 0.784 −10.149∗∗∗ 0.085

Note: Normtest.W indicates a significant difference from a normal distribution at all conventional levels of significance. ∗, ∗∗, and ∗∗∗ indicate significance at
10%, 5%, and 1% levels, respectively.
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Figure 2: Continued.
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sample case. +at is, the patterns of information flow have
altered when the COVID-19 pandemic period was screened
out from the full sample. Specifically, from Figure 3, there
are both positive and negative flows from global equities to
Bitcoin, and the reverse is also true. Notwithstanding, there
are more negative flows than there are positive flows which
establish the asymmetric information flow by Jang et al. [87].
Also, the patterns of information flow within each scale do
not seem to deviate significantly from each other, which
establishes the long-run memory in Bitcoin [89].

From Figure 3, the patterns of information flow from
global equities to Dash and from Dash to global equities do
not change substantially from one scale to the other.
Generally, Dash receives more negative flow from global

equities, but transmits a mixture of both positive and
negative flow. +is is similar to the Bitcoin from the pre-
COVID-19 period.

Also, negative information flows from global equities to
Litecoin except for flows from the Global market index and
global real estate index in the medium and long-term
perspectives. +at is, there are higher likelihoods of Litecoin
serving as a hedge for global equities, except for the Global
Market Index and Global Real Estate Index at certain time
horizons (M2 and MAgg).

From Figure 3, the scales (M1-MAgg) significantly differ
from the original series concerning flow from global equities
to Ripple. However, among the scales, the signs of future
orders are predicted from the signs of historical orders which
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Figure 2: Information flow between global equities and cryptocurrencies (full sample period).
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Figure 3: Continued.
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reflect the inefficiency of the Ripple [53].+at is, the patterns
of information flow persist from scales M1 to MAgg.

4.2.3. COVID-19 Pandemic Period . +e importance of the
COVID-19 pandemic period analysis clarifies the patterns of
more negative flows from global equities to cryptocurrencies
and more positive flows from most cryptocurrencies to
global equities. +e positive flow from most cryptocurren-
cies to global equities is not surprising because most
cryptocurrencies have been flaunted to exhibit similar be-
haviour in terms of information flow [90].

From Figure 4, both the original series and multiscales
demonstrate potential negative information flows from global
equities to Bitcoin. However, the multiscales reveal a

significant positive flow from Bitcoin to global equities as
compared to the original series. +e flow during the COVID-
19 pandemic may have significant portfolio selection and
management benefits. +at is, the negative flows from global
equities signify that in periods of stress in the market, Bitcoin
can act as a safe haven for global equities; the reverse is true
from the medium- and long-run perspective for most global
equities, except EUROPI, EUROZI, and GMI in the medium-
term. +us, in the short- to medium-terms, there are positive
causal relationships between Bitcoin and the aforementioned
equities which minimises diversification, hedges, and safe
haven benefits. Notwithstanding, this study contributes to the
argument on the existence of a “bubble” in the cryptocurrency
market [91, 92]. In addition, the study by Moosa [93]
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Figure 3: Information flow between global equities and cryptocurrencies (pre-COVID-19 pandemic period).

Complexity 13



0.2

0.1

0.0

-0.1

-0.2

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

Flow towards BTC Flow towards global equities

Renyi’s effective transfer entropy between
global equities and BTC returns - (Signal)

(a)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

0.2

0.3

0.1

0.0

-0.1

-0.2

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

Flow towards BTC Flow towards global equities

Renyi’s effective transfer entropy between
global equities and BTC returns - (M1)

(b)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

0.2

0.1

0.0

-0.1

-0.3

-0.2

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

Flow towards BTC Flow towards global equities

Renyi’s effective transfer entropy between
global equities and BTC returns - (M2)

(c)

0.0

-0.1

-0.2

-0.3

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

Flow towards BTC Flow towards global equities

Renyi’s effective transfer entropy between
global equities and BTC returns - (M3)

(d)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

0.0

0.1

-0.1

-0.2E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

Flow towards BTC Flow towards global equities

Renyi’s effective transfer entropy between
global equities and BTC returns - (MAgg)

(e)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

0.0

0.1

0.2

0.3

-0.1E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

Flow towards DASH Flow towards global equities

Renyi’s effective transfer entropy between
global equities and DASH returns - (Signal)

(f )

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

-0.15

-0.10

-0.05

0.00

0.05

0.10

Flow towards DASH Flow towards global equities

Renyi’s effective transfer entropy between
global equities and DASH returns - (M1)

(g)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

0.0

0.1

-0.1

-0.2

-0.3

Flow towards DASH Flow towards global equities

Renyi’s effective transfer entropy between
global equities and DASH returns - (M2)

(h)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

0.0

0.1

-0.1

-0.2

-0.3

Flow towards DASH Flow towards global equities

Renyi’s effective transfer entropy between
global equities and DASH returns - (M3)

(i)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

0.0

0.1

-0.1

-0.2

Flow towards DASH Flow towards global equities

Renyi’s effective transfer entropy between
global equities and DASH returns - (MAgg)

(j)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

0.0

0.1

0.2

-0.1

-0.2

-0.3

Flow towards LTC Flow towards global equities

Renyi’s effective transfer entropy between
global equities and LTC returns - (Signal)

(k)

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

G
R

E
IT

s

G
M

I

E
U

R
O

P
I

E
M

I

D
M

I

E
U

R
O

Z
I

E
ff

ec
ti

ve
 t

ra
n

sf
er

 e
n

tr
o

p
y

0.0

0.1

0.2

0.3

-0.1

-0.2

Flow towards LTC Flow towards global equities

Renyi’s effective transfer entropy between
global equities and LTC returns - (M1)

(l)

Figure 4: Continued.
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postulates that Bitcoin was in a bubble up to the end of 2017.
+e current study asserts that the volume of trading in Bitcoin
and the global equities can be explained predominantly in
terms of price dynamics considering past price movements.
Specifically, the dynamics of the study depict negative price
fluctuations, and that the path of the price is well delineated by
financial Contagion [16].

From Figure 4, there seems to be a long memory in the
flow of information between global equities and Dash. +is
establishes strong market inefficiencies in both markets and
can be traced from the persistency in the flow of information
from scales M1 toMAgg (short-, medium-, and long-terms).
+is denotes that at extreme market conditions, Dash and

global equities can act as a safe haven for each other, fol-
lowing from Baur and Lucey [58].

Moreover, there are more negative flows from global
equities to Litecoin analogous to the more positive flow from
Litecoin. +is clearly shows that in times of market stress,
Litecoin serves as a safe haven for global equities but the
reverse is not true. Specifically, in the medium- and long-
terms, there is a negative significant flow of information
from global equities to Litecoin.

To end with, from Figure 4, there are more negative
significant flows from global equities to Ripple analogous to
the more positive flow from Ripple but not significant. +is
clearly shows that in periods of market stress, Ripple serves
as a safe haven for global equities, but the reverse is not true.
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Figure 4: Information flow between global equities and cryptocurrencies (COVID-19 pandemic period).
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Specifically, in the long-term, there is a negative significant
flow of information from global equities. +is shows that a
portfolio with any of the global equities and Ripple with
long-term holdings has Ripple providing safe haven for
global equities under extreme market conditions [58].

5. Conclusion

We employed the variational mode decomposition-based
entropy to quantify the direction and strength of infor-
mation transfer between global equities and cryptocurren-
cies at diverse time scales. In this way, we explored the
multiscale information that might be ignored while solving
the modemixing problem in the decomposition result by the
shift from sifting process via multipliers approach. Due to
the nonlinearity of most financial time series, we adopt a log-
likelihood ratio transfer entropy which quantifies infor-
mation from a probability density function. We set q from
the Rényi transfer entropy to 0.3 to account for tail events
within the sampled time series, which establishes the point
that it is extreme events rather than observations in the
centre that comes to light when information flow is utilised
[8, 81].

+e fluctuation in information flow from the global
equities harmonises the notion of Rua and Nunes [94] and at
diverse scales representing the natural rule of scale-invari-
ance of a self-similar process to support the heterogeneous
market hypothesis [38]. Most cryptocurrencies demonstrate
a similar transmission of information flow [90] with the
global equities for each of the sample periods. +e COVID-
19 pandemic period appears to be driving the estimates for
the full sample period, which is, a negative flow. +us, the
direction and significance of the information flow between
the markets for the full sample correspond to the one ob-
served at the COVID-19 pandemic period. +at is, on av-
erage, the significant negative information flow to most
cryptocurrencies vis-à-vis the insignificant negative flow to
global equities observed in the full sample is also evident in
the COVID-19 period. It goes to reason that major events
from the global equities incite reaction effects and infor-
mation chutes which lead to a significant downturn of
markets. +is is apparent from the transfer entropy that
knowing the history of cryptocurrencies, in this case, in-
dicates considerably more uncertainty than knowing the
history of only global equities. Again, the negative flow from
cryptocurrencies adds to the debate on the existence of a
“bubble” in the market of cryptocurrencies [91, 92]. How-
ever, the negative causal relationships are established by
extant literature to offer greater portfolio management
benefits [10, 58].

Also, the significant flow of information between global
equities and cryptocurrencies establishes the information
flow theory, where two random variables are related in such
a way that one variable can learn about the state of the other
through observation of the other, and then they have mutual
information [56]. Correspondingly, positive flows from
some global equities concur with the assertion made by Ji
et al. [60] that an increase in trading volumes of crypto-
currencies attracts investors to the cryptocurrencies market

due to higher expectations of price stability and minimal
uncertainty. Conversely, the negative information flow from
cryptocurrencies to some global equities confirms the equity
parity theory which may lead to domestic investors repa-
triating part of their foreign holdings on cryptocurrencies as
a reaction to adverse movements in domestic currencies due
to the high performance of the foreign or international
holdings. +at is, as individuals invest in cryptocurrencies as
international holdings, domestic equity holdings, which are
reflected in the global equity indices, are exposed to adverse
exchange rates shocks. It has also become apparent that all
market participants display interconnectedness and simi-
larities, which constitute a significant market force.

Furthermore, there have been constant debates on
whether cryptocurrencies act as a speculative bubble that
could crash or support money laundering. Corollary to this,
Giudici et al. ([35], p. 13) argue that “they meet a market
need for a faster and more secure payment and transaction
system, disintermediating monopolies, banks, and credit
cards.” On the other hand, critics indicate that the unsteady
value of cryptocurrencies makes them more preferred for a
speculative asset than a new type of money [15, 16, 91, 92].
+e current study advocates that the patterns of causality
between cryptocurrencies and global equities vary across
investment horizons. Again, the benefits of diversification,
hedges and safe haven may be observed at different market
conditions. +is was revealed by the pre-COVID-19 pan-
demic (diversification and hedge) as well as the COVID-19
pandemic periods (safe haven). Cryptocurrencies experience
unstable dynamics but yet can perform some useful func-
tions such as adding economic value. We strongly support
the idea of Giudici, et al. [35] that the inclination is towards
the regulation of cryptocurrencies. +is is an indispensable
step to protect market participants with diverse investment
horizons, though this may not augur well for the original
libertarian rationale that invented Bitcoin. Accordingly, this
may minimise moral hazard and information asymmetries
in cryptocurrencies and global equities markets.

Generally, the findings present pertinent inferences for
portfolio diversification, policy decisions, investing risk, and
risk management schemes in cryptocurrencies and global
equities. For the sake of asset allocation and risk manage-
ment, the support is incumbent on the negative information
flow between cryptocurrencies and global equities [88] at
various investment horizons. +e differences in information
flow over diverse investment horizons during the COVID-
19 provide evidence of contagion [95]. As a result, we ad-
vocate that cryptocurrencies are not detached from the fi-
nancial system but as an effective asset for portfolio analysis
with equities [88, 96] and clearly act as complementary assets
rather than substitutes.

From the aforesaid, future studies can concentrate on
country-specific equities whose global equity index recorded
significant information flow with cryptocurrencies. Again,
these developed relationships can be assessed using a more
advanced decomposition technique(s), since multiscales are
pertinent in these markets [51]. Further studies can consider
portfolio analysis through the various investment horizons
for other financial assets at high-, medium-, and low
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frequencies. Also, other studies can employ quantile re-
gression to reveal additional information at various quan-
tiles [97].

Data Availability

+e stock indices data used to support the findings of this
study supplied by EquityRT are under license and so cannot
be made freely available. Data on cryptocurrencies were
obtained from Yahoo Finance and can be made freely
available.
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[62] N. Kim, K. Lučivjanská, P. Molnár, and R. Villa, “Google
searches and stock market activity: evidence from Norway,”
Finance Research Letters, vol. 28, pp. 208–220, 2019.

[63] J. M. Fleming, “Domestic financial policies under fixed and
under floating exchange rates (Politiques finacierieures
interieures avec un systeme de taux de change fixe et avec un
systeme de taux de change fluctuant) (Politica financiera
interna bajo sistemas de tipos de cambio fijos o de tipos de
cambio fluctuantes),” Staff Papers-International Monetary
Fund, vol. 9, no. 3, pp. 369–380, 1962.

[64] R. Mundell, International Economics, Mundell International
Economics, New York, NY, USA, 1968.

24 Complexity



[65] M. Aftab, R. Ahmad, and I. Ismail, “Examining the uncovered

equity parity in the emerging financial markets,” Research in

International Business and Finance, vol. 45, pp. 233–242, 2018.
[66] J.-W. Cho, J. H. Choi, T. Kim, and W. Kim, “Flight-to-quality

and correlation between currency and stock returns,” Journal

of Banking & Finance, vol. 62, pp. 191–212, 2016.
[67] E. Bartsch, J. Boivin, S. Fischer, and P. Hildebrand, “Dealing

with the next downturn: from unconventional monetary

policy to unprecedented policy coordination,” Macro and

Market Perspectives, vol. 105, pp. 1–16, 2019.
[68] M. Doyle, Internationalism: kant. ways of war and peace,

1997.
[69] S. W. Polachek, “Conflict and trade,” Journal of Conflict

Resolution, vol. 24, no. 1, pp. 55–78, 1980.
[70] F. I. Dretske, Knowledge and the Flow of Information, MIT

Press, Cambridge, MA, USA, 1981.
[71] J. Pearl, “Causal inference in statistics: an overview,” Statistics

Surveys, vol. 3, pp. 96–146, 2009.
[72] M. Umar, N. T. Hung, S. Chen, A. Iqbal, and K. Jebran, “Are

stock markets and cryptocurrencies connected?” Singapore

Economic Review, pp. 1–16, 2020.
[73] D. Das and M. Kannadhasan, “Do global factors impact

bitcoin prices? Evidence from wavelet approach,” Journal of

Economic Research, vol. 23, pp. 227–264, 2018.
[74] N. Hamilton and M. Ferry, CRAN package: variational mode

decomposition, 2017.
[75] S. Behrendt, T. Dimpfl, F. J. Peter, and D. J. Zimmermann,

“RTransferEntropy-quantifying information flow between

different time series using effective transfer entropy,” Soft-

ware, vol. 10, p. 100265, 2019.
[76] C. E. Shannon, “A mathematical theory of communication,”

Bell System Technical Journal, vol. 27, no. 3, pp. 379–423, 1948.
[77] S. Kullback and R. A. Leibler, “On information and suffi-

ciency,” �e Annals of Mathematical Statistics, vol. 22, no. 1,

pp. 79–86, 1951.
[78] A. Renyi, Probability �eory, North-Holland Publishing Co,

Amsterdam, Netherlands, 1970.
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