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+is study provides an analysis of chaotic information transmission from the COVID-19 pandemic to global equity markets in a
novel denoised frequency domain entropy framework.+e current length of the pandemic data offers the opportunity to examine
its role in the asymmetric behaviour patterns of investors according to time horizons and the diversification potentials available to
them. We employ the total daily global confirmed cases of COVID-19 and 27 equity indices from December 31, 2019, to April 18,
2021. Our results corroborate the idea that diversification potentials are stronger in the short to medium term. +e Global Index
(higher risk) and Canada and New Zealand (lower risk) remain at both ends to pair some other equities to offer diversification
prospects because of the transmission of information from COVID-19 to the selected equity markets. In addition, we provide the
source of these diversification prospects as information flow rather than transmission of shocks, which is common in the
literature. Furthermore, our results suggest detailed levels of risk (lower vis-à-vis higher) in the situation where they have been
stripped of the noise in the market. +e findings allow both investors and policymakers to make informed decisions based on the
time horizons since the pandemic communicates different chaotic information with the lapse of time. +is is imperative to avoid
the negative consequences of the increasing infection rate on global stock markets.

1. Introduction

+e outbreak of coronavirus disease 2019 (COVID-19) as an
epidemic in Wuhan, China, took the world by surprise to
become a global pandemic onMarch 11, 2020 (WHO, 2020).
On April 18, 2020, the global confirmed cases of the pan-
demic had reached 141,404,998 with more than 387,352
deaths per million [1]. While there are ongoing mass vac-
cinations in different parts of the world, the spread of the
virus has not come to a stop (https://covid19.who.int/).
Different variants keep popping up in different places.
However, the rate of spread has changed from an increasing
rate to a decreasing rate. +is suggests hopes of containing
and finally providing a cure in the long term. However, the
pandemic is still here and the economic, social, and financial

havoc it has wreaked so far is yet to be fully quantified. +is
has led to major disruptions in personal lives, businesses,
and economic activities, with more than half of the world’s
population currently under restrictions of movement and
partial lockdown [2, 3]. +e impact that “pausing” the
economy may have on supply chains, household demand,
and the financial stability of the economy is largely unknown
[3].

Many governments across the globe have resorted to
drastic measures such as enhanced quarantine processes,
lockdown (total or partial), limiting human contacts through
social distancing, and contact tracking and tracing through
their cell phones to curb the rate of infection of COVID-19.
As a panic result, a phenomenon due to COVID-19 fear
erupted in all markets that have caused a shortage of food
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and everyday goods in supermarkets and a drop in share
prices [2, 4]. In the US, the stock market plunged by 12%
amid COVID-19 fears against all 11 groups in the S&P 500
falling on March 16, 2020. Share prices in Asia and Europe
also fell, and the yield of bonds declined in most parts of
Europe, where a measure of market stress hit levels not
experienced since the euro crisis in 2011-2012. On April 6,
2020, most stocks soared following a reduction in daily new
cases over the previous weekend. +e COVID-19 pandemic
has proven its potency to be contagious with financial assets.
+is evidence corroborates the tenets of the efficient market
theory, as it is known to its adherents. +e hypothesis holds
that the market prices of most stocks are correctly priced
based on the information available at that time [5, 6]. +e
theory posits that when markets are efficient, all available
relevant information about a financial asset is utilised in
fixing current prices to reflect the fact that the optimal
forecast return is equivalent to the market equilibrium
return. Impliedly, information that suggests future eco-
nomic activity is a key conditioning factor in determining
the current prices of financial assets. +us, this paper argues
that global financial markets are likely to respond to com-
munications on “pausing” the economy and its implications,
such as a reduction in productive activities, an increase in
unemployment, a gradual reduction in market participants,
and the general uncertainty primarily caused by COVID-19.
Based on the prediction of the efficient market theory,
market prices are expected to dip under the current global
conditions created by COVID-19. But the evidence against
the theory such as the January effect, market overreaction,
excessive volatility, mean reversion, and delayed effect of
price responses to information [7, 8] and the fact that global
financial market efficiency levels are not homogeneous place
the empirical investigation in perspective.

Nonetheless, the behavioural patterns of investors tend
to differ across time, especially under turbulent times such as
those we are experiencing now. +is asymmetric and time-
based behaviour of investors is what reflect in the market
prices because themarket does not operate in a vacuum. Two
theories that support this phenomenon are the adaptive
market hypothesis (AMH) [9] and the heterogeneous
market hypothesis (HMH) [10]. While the EMH assumes
that the rationality of investors depends on neither time nor
circumstances [11], Cornell [11] argues that rationality (and
irrationality) is state-dependent over time and between
investors. +us, in “What is the Alternative to Market Ef-
ficiency” (AHME), Cornell [11] captures both AMH and
HMH in the sense that the AMH enjoins the study of in-
vestor behaviour over small subsamples against the full
sample. +e latter reveal different levels of efficiency unlike
the stationary and perpetually equilibrium notion of the
EMH. Furthermore, the HMH advance that different eco-
nomic agent takes their investment decisions on different
time horizons in line with their risk and return preferences
by analysing past and current news. To account for time
horizon, the authors redefine time as intrinsic time which
corresponds to time scales of short, medium, and long term.
It becomes obvious that these behavioural dynamics in-
troduce asymmetry, nonlinearity, nonstationary, and noise

in the price-generating process of asset returns. Hence,
empirical studies require methods that can account for all
these complexities.

+eoretically and empirically, it is believed that these
investor-generated complexities span across different mar-
kets that offer different levels, returns, and risks, in line with
the generic idea of portfolio diversification. +ese markets
are not only different, but their distinguishing feature is the
competitive risks and returns they provide. Again, the
market can be in the same asset class or not. Notably,
competing risks and rewards seem to come from nontra-
ditional asset classes such as cryptocurrencies, where tra-
ditional investors diversify into. Particularly, in turbulent
market times, the assets and/or asset classes that competi-
tively satisfy the investor’s wishes are called safe havens [12].
Since the emergence of cryptocurrency as a nontraditional
asset class, recent episodes of financial crises, and currently
the COVID-19 pandemic, a plethora of studies have
revisited the basic premise of portfolio diversification in
search of competitive returns and risk levels [13–27]. +e
underlying thread in these and many studies is the idea that
investors are always scouring competing risks and rewards
and this search intensifies under stressed market conditions.
Also, while information flows between markets precedents
on investors’ search, the flow deepens as well under difficult
market periods. From the foregoing discourse, we sum this
up and refer to it as the competitive market hypothesis
(CMH), which implies that, in part, the intensity of infor-
mation flows and spillover between markets of the same and
differing asset classes are exacerbated by rational, albeit
irrational investors’ relentless search of competing rewards
and risks to satisfy the portfolio goals.

Generally, there is a paucity of literature on the rela-
tionship between pandemics and financial market behav-
iour. +e tumbling of the various stock markets around the
world offers the opportunity to understand their relationship
with COVID-19. +e relationship between pandemics and
financial market prices could be direct through the related
information dissemination channel and indirect through the
pandemic-led weakened economic activity in the market
because of a general reduction in income levels of market
participants. Generally, empirical evidence suggests that the
health conditions of economies help explain differences in
wealth of nations [28–30] probably due to the loss of ade-
quate and sufficient labour force. Barret et al. [31] argue that
the cost of a pandemic goes beyond the loss of productivity
due to sickness to include the cost of disease avoidance,
caring for dependents, closure of schools, and the cost of
dealing with behavioural changes that are likely to have
economic outcomes.

+e cost of COVID-19 is likely to also include loss of tax
revenue, idle labour costs, increased social welfare cost,
security cost, financial bailouts, damaged international re-
lations, political mistrust, and hampering global efforts
towards the achievement of sustainable development goals.
Sander et al. [32] argue that pandemics such as influenza
reduce per capita growth, but the extent of economic
shrinkage depends on the mitigation measures put in place.
Schwartz [33] corroborates this finding by predicting that a
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deep coronavirus-induced recession in the US is virtually
inevitable. Notwithstanding, governments are likely to re-
duce operating costs by functioning at close to half capacity,
even though this is not likely to be significant. Projected
reductions in per capita income can influence financial
market activity through the indirect channel of reducing the
economic well-being of market participants. Unfortunately,
however, there are few existing empirical studies on the
economic implications of COVID-19, whose end is
shrouded in uncertainty. Policy decisions are likely to be less
informed because according to Reinhart [34], historical
episodes are nonexisting. +e consequence may be the
creation of another global problem because of the desperate
measures to solve one.+e thrust of this paper is to provide a
baseline study to support the formulation of global policies
in these extraordinary times. +e paper extends the scope of
Schoenfeld [35] who evaluated the effect of COVID-19 on
markets in the United States to paint a global picture of the
effect of the pandemic on global equity markets.

Since COVID-19 was declared a pandemic, many studies
have trickled in what one may call a “mad rush” to publish.
+ese early studies have attempted to examine the impact of
the pandemic on many aspects of our lives. Nonetheless,
given the span of data during those earlier stages, it was not
feasible to tell a good story which naturally evolved over
time. +e news and reality of the pandemic triggered panic
in the early stages but had abated with time with the reduced
infection rates and vaccinations. For more than a year,
different investors have had ample time to rebalance their
portfolios as they monitor the markets in their decision-
making processes. +is is enough time for the adaptive and
heterogeneous behaviour of investors to become evident.
+is allows us to adequately track the dynamic relations
resulting from the pandemic through the time horizons as
evidenced by frequency decomposition (also referred to as
frequency domain). Many early studies bear the limitation of
not being able to show these dynamics. Furthermore, others
attempted to examine the relationship between COVID-19
and equities using wavelet coherence [36], between COVID-
19 and energy commodities [37], and between financial and
nonfinancial firms in China and G7 countries [38] with
dynamic conditional correlation (DCC). Given the data-
intensive nature of these techniques, the results from these
studies can be perceived with caution. We opine that data-
intensive studies with data spanning less than a year since
the World Health Organisation (WHO) declared that the
COVID-19 global pandemic may be a too small a sample.
+is is informed by a minimum forecasting length of one
year as prescribed by the Bank for International Settlements
(BIS) (https://www.bis.org/statistics/gli.htm?m�6%7C333%
7C690).

On the other hand, many studies on the impact of
COVID-19 on equities have focused mainly on the quantum
of spillover between markets (see, e.g., [18, 39–45]). How-
ever, it is evident that, under the circumstances, the driving
force of these transmissions is panic or fear from the
pandemic. +us, it is more prudent to quantify the infor-
mation flow between the markets using the right technique.
For two or more variables evolving in time, a theoretic

information measure can be quantified in terms of the
driving and responding transfer. +is is the transfer entropy
as predicted by Schreiber [46]. Rightfully, a growing number
of studies have employed the transfer entropy in investi-
gating the impact of COVID-19. Notable among these is the
study by Lahmiri and Bekiros [47] who used the largest
Lyapunov exponent (LLE) based on the Rosenstein method
and approximate entropy.+is study is motivated, in part, by
the robustness of the method to small samples. However, the
sample at this stage is no longer small. Regarding studies that
have looked at the frequency domain impact of COVID-19
on equity markets under information transfer, the literature
is booming. Lahmiri and Bekiros [47] examined the impact
of COVID-19 on the randomness of global equity volatilities
based on the Shannon entropy wavelet transform domain.
Wang and Wang [48] also used multiscale transfer entropy
to examine the effect of COVID-19 on major global equity,
currencies, and Bitcoin. +ese studies suffer from small
sample bias, on the one hand, and the use of Shannon
entropy, on the other hand. As it will be clear soon, the
Shannon entropy is weak in assigning equal weights to
different portions during the distribution of the data (see
also [49, 50]).

Our study is one of the few which fills these gaps
identified in the literature. To do this, we employ the
Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise- (CEEMDAN-) based entropy to quantify
the information flow from COVID-19 to major global eq-
uities. In so doing, we use a longer sample period, which is
needed to better understand the dynamics of investor be-
haviour. +e CEEMDAN technique decomposes the time
series into intramode decomposition (IMF) which repre-
sents different time horizons.+is addresses the asymmetric,
nonlinearity, and nonstationarity dynamics as espoused by
the AMH and HMH. Another strong feature of the
CEEMDAN is that it can strip the noise that is embedded in
the data due to the behaviour of irrational investors. +is is
also supported by the AHME as it encompasses both AMH
and HMH. Further, we employ a unique variant of entropy
called Rényi entropy which can differentiate between the
tails of the distribution by assigning appropriate weights.
While it is well established that financial assets exhibit heavy
tails, the Shannon entropy does not capture this. Particularly
in a pandemic such as COVID-19, these fat tails are stronger
and should be taken into account accordingly [51]. However,
we provide results from the Shannon entropy for com-
parison purposes (see Figure 1 and Table 1).

Our study makes significant contributions to the nascent
COVID-19 equity nexus. First, this is the first to employ
noise-assisted techniques on equities to provide a clearer
picture of the effect of the pandemic. It is shown that noise in
signals (time series) can impact the results of the analysis to
some extent that the noise can be more pronounced than the
signal’s effect [52]. +e CEEMDAN reduces noise to its
barest minimum. Second, the frequency decomposition
itself offers a way to analyse the seemingly unwanted impact
of the pandemic across time horizons. +is allows investors
and policymakers to tailor future decisions in line with the
adaptive and heterogeneous nature of the market
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Figure 1: Continued.
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Figure 1: Shannon ETE from COVID-19 to global equity markets in composite and frequency domain.

Table 1: Summary effective transfer entropy from COVID-19 to global equities.

Series Time horizon
Rényi Shannon

Diversification potential Equities involved

Composite — Yes
Global versus Australia, Belgium, Canada, EMEA, France,

Mexico, UK (CBOE100), and UK (Nasdaq)
No —

IMF1 Short term Yes
Global versus Argentina, China, UK (CBOE100),

and UK (Nasdaq)
No —

IMF2 Short term No — No —
IMF3 Short term No — No —
IMF4 Medium term No — No —

IMF5 Medium term Yes
(Canada and New Zealand) versus Argentina, Belgium,

EuroStoxx50, Germany, India, and Taiwan
No —

IMF6 Medium term No — No —
Residual Long term No — No —
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participants. In the same vein, we provide an asymmetric,
nonlinear, nonstationary, and nonparametric lens to view
the effect of the pandemic on equity. +ese circumvent a
myriad of estimation limitations which otherwise are dif-
ficult to deal with. +ird, we use the transfer entropy
technique to provide evidence quantifying the information
flow between the markets. +is is in contravention to
spillover indices such as Diebold and Yilmaz [53] and
Barunı́k and Křehĺık [54], which ignore the intrinsic in-
formation driving the market. Transfer entropy methods
also implicitly advance causality. In this case, we provide
knowledge of the causality levels of COVID-19 to the global
equity market. +us, our study offers a result on asymmetric,
nonlinear, and nonparametric causality. +e use of this rich
causality information is important for both policy and
investment.

Fourth, since we employ the Rényi transfer entropy [55],
we provide COVID-19 impact results that are consistent
with stylised financial returns. In this regard, readers are
confident that the fat-tail and leverage effect of asset returns
have been accounted for. +is knowledge is indispensable to
make the right investment decision on asset allocation and
risk analysis. Furthermore, we use the Rényi entropy to
estimate the effective transfer entropy (ETE) which delin-
eates lower-risk assets from higher-risk assets. +e ETE
provides negative and positive estimates for higher risk and
lower-risk assets, respectively. With this information, in-
vestors are confident in the combination of assets in their
portfolio, which can help minimize risk and achieve high
returns during this pandemic. One novel contribution of this
study is that we can diversify based on quantified negative
and positive transfer of information rather than just spill-
over, as is commonplace in the diversification literature.+is
is a new lens through which to view diversification in a
distribution-free asymmetric nonlinear frequency domain
framework.

Overall, our results show that negative recipients in-
crease with time horizon (IMFs) while positive recipients
reduce. At the composite level, the Global Index (higher risk)
can be paired with Australia, Belgium, Canada, EMEA,
France, Mexico, UK CBOE100, and UK (Nasdaq), which are
lower-risk assets. We find more diversification potential in
the short term for the Global Index (higher risk) paired with
Argentina, China, the UK, CBOE100, and the UK (Nasdaq)
(lower risk) indices. In the medium term, Canada and New
Zealand (lower risk) can be combined with Argentina,
Belgium, EuroStoxx50, Germany, India, and Taiwan (higher
risk) equities.

+e remainder of the paper is structured as follows. In
Section 2, the methodologies and CEEMDAN-based Rényi
transfer entropy are presented. In Section 3, information on
the data used and preliminary outputs is presented. Analysis
of the main results is contained in Section 4, and Section 5
concludes the study.

2. Methodology

Our methodology involves a two-stage approach. First, we
decompose the equity indices into intrinsic mode functions

(IMFs) using the CEEMDAN technique. +e IMFs denote
intrinsic time that correspond to short, medium, and long
terms. +is allows us to determine the effects of COVID-19
in different decision-making time frames. Second, we es-
timate the effective transfer entropy using the Rényi en-
tropy (RE) specification. +e RE quantifies the information
flow from COVID-19 to the equity markets by assigning
much weight to the tail of the distributions in line with the
extant literature. Together, these combined methods ad-
dress asymmetry, nonlinearity, and nonstationarity in the
series [56] in a nonparametric way. In this study, we have
elected to examine the unidirectional flow of information
from COVID-19 to the equity markets. It is logical to
assume that there is no transfer of information in the
reverse direction. We also decide to keep the COVID-19
series in its composite form without decomposition. +is
choice is premised on the fact that the COVID-19 pan-
demic is not economic agent that updates its decision
across time horizons. However, investors adjust their de-
cisions based on the trend exhibited by the pandemic in the
number of confirmed cases.

2.1. Complete Ensemble Empirical Mode Decomposition.
Ramsey and Lampart [57] correctly put it that economists
have long known that the relationships between variables
in terms of form, degree, and direction differ across time
horizons. However, the tools to decompose economic
time series into all orthogonal time-scale components
have been lacking until now. Further, tools for dealing
with noise that usually dominates financial time series in
the short term are currently available [57, 58]. A typical
example is the CEEMDAN which is the latest of the
empirical mode decomposition (EMD) sequel started by
Huang [59]. +e strength of mode decomposition is its
efficiency, reconstruction accuracy, and minimization of
the noise-to-signal ratio (SNR) in unstable state signals
[60]. +e CEEMDAN proposed by Torres et al. [61] comes
out on top in these qualities compared to their prede-
cessors. For instance, while the EEMD does a relatively
good job in removing noise, it fails to fully recover the
original signal with the sum of IMFs. +is limitation does
not allow the EEMD to determine the SNR. However,
CEEMDAN has mechanisms to obtain the SNR by
appending the white noise to the residual of previous
iterations instead of to the original signal [62]. We use the
CEEMDAN mainly due to its noise-removal strength,
especially for this study period of panic in the financial
markets caused by the COVID-19. We implement this
with the libeemd package (in the R environment for
statistical computing and graphics).

+e CEEMDAN algorithm is summarised as follows,
adapted from Liu et al. [63]:

(1) Add a Gaussian white noise ωk(t) of different am-
plitudes to a signal x(t) � s(t) + n(t), where s(t) is
the actual signal and n(t) is the noise. +is results in
many new signals:

xk(t) � x(t) + ωk(t). (1)
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(2) Employ EMD technique to decompose (1) to obtain
the first IMF.

(3) Estimate the average of this first IMF as

IMF1(n) �
1

K
∑K
k�1

IMF1k(t). (2)

(4) Calculate the remainder of signal components Cn of
the original signal as

Cn �
x(t) − IMF1(n), n � 1,

Cn−1 − IMF1(n), n> 1.
{ (3)

(5) +e ρ-th component post-EMD of the signal is
denoted by Eρ. Subsequent components (L + 1 IMFs)
can be obtained by

IMF(L+1)(n) �
1

K
∑K
k�1

EL CL(t) + σLEL ωk(t)( ){ }. (4)

(6) Last, the n steady-state IMFs are reconstructed to
produce the original signal as

x(t) � C(t) + ∑M
m�1

IMFm(t). (5)

+e total number of IMFs (and one residual) of a time
series signal is given as log2 N, where N � T (number of
observations). For further reading on the empirical mode
decomposition sequel; see [64–66].

2.2.RényiTransferEntropy. Transfer entropy finds its root in
the general information theory of Hartley [67]. Hartley’s
[67] theory measures information via an algorithm on all
possible number of symbolic sequences that can occur in a
specific probability distribution [68, 69]. +e current liter-
ature on transfer entropy is based on the mathematical
theory of communication by Shannon [70] as a measure of
uncertainty, a derivation of information theory.

For a probability distribution with diverse symbols of a
given experiment Pj, each symbol’s average information is
specified as

H � ∑n
j�1

Pjlog2
1

Pj
( ) bits, (6)

where n denotes the number of distinct symbols with respect
to the probabilities pj [67]. In the Shannon’s [70] framework
(hereafter referred to as Shannon entropy), for a discrete
random variable J with probability distribution p(j), the
average number of bits needed to optimally encode inde-
pendent draws can be given as [68]

HJ � −∑n
j�1

p(j)log2 p(j). (7)

Under the assumption that two time series processes are
Markov, Shannon entropy’s measure of information flow
between these processes is borrowed from the Kullback and
Leibler [71] distance model. 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 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 the state i conditional
on the k previous observations is p(it+1|it, . . . ,
it−k+1) � p(it+1|it, . . . , it−k). To encode the observation at
t + 1, the average bits number needed before k values is
known, which can be illustrated as

hj(k) � −∑
i

p it+1, i
(k)
t( )log2 p it+1|i

(k)
t( ), (8)

where i(k)t � (it, . . . , it−k+1) (analogously for process J). In a
bivariate case, relying on the Kullback–Leibler distance, the
information flow from process J to process I is measured by
quantifying the deviation from the generalised Markov
property p(it+1|i

(k)
t ) � p(it+1|i

(k)
t , j(I)t ). +e Shannon

transfer entropy is then given 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( ) ,

(9)
where TJ⟶I calculates the information flow from J to I.
Conversely, the information flow from I to J, TI⟶J, can be
derived.+e dominant direction of the information flow can
be referred to as the net information flow calculated as the
difference between TJ⟶I and TI⟶J.

While the Shannon entropy is useful, in the financial
setting, it is lacking in assigning equal weights to all possible
realisation in the specified probability distribution. +is
assumption does not account for heavy tails which are rife in
asset prices and returns. However, the Rényi [55] transfer
entropy (RE) solves this problem through a weighting pa-
rameter q. +e RE can be calculated as

H
q
J �

1

1 − q
log2∑

j

Pq(j), (10)

with q> 0. For q⟶ 1, RE 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 initial probability. As a result, Rényi entropy allows
for emphasis to be placed on different portions of the dis-
tribution, depending on parameter q [13, 68]. +is is the
desirable feature of the RE financial applications, as against
the Shannon entropy.
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Further, with the escort distribution, ∅q(j) � pq(j)/∑jpq(j) for q> 0 to normalise the weighted distributions
[72], RE is derived as

REJ⟶I(k, l) �
1

1 − q
p it+1, i

(k)
t , j(I)t( )log2 ∑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( ). (11)

Note that the calculation of the Rényi transfer entropy
can result in negative values. In such a situation, knowing
the history of J depicts even greater uncertainty than
would otherwise be indicated by only knowing the history
of I alone. In the application of our study, negative values
depict higher risk while positive values indicate lower
risks.

In small samples, transfer entropy estimates tend to be
biased [73]. +is can be corrected by calculating the effective
transfer entropy (ETE) as

ETEJ⟶I(k, l) � TJ⟶I(k, l) − TJshuffled⟶I(k, l), (12)

where TJshuffled⟶I(k, l) denote the transfer entropy using
shuffled versions of the time series J. By repeated random
drawings of the observed time series J and realigning them
to generate a new time series, the process destroys the time
series serial dependencies of J, while keeping any statis-
tical dependencies between J and I. +is directs
TJshuffled⟶I(k, l) to converge to zero with an increasing
sample size, and any nonzero value of TJshuffled⟶I(k, l) is
due to small sample effects. +us, repeated shuffling and
the average of the resulting shuffled transfer entropy
estimates across all replications serve as an estimator for
the small sample bias. +ese are subtracted from the RE
estimate to obtain bias-corrected effective transfer en-
tropy estimates.

+e statistical significance of the transfer entropy
estimates can be determined using the Markov block
bootstrap technique. +is preserves the dependencies
within the variables J and I but eliminates the statistical
dependencies between them unlike shuffling. +us,
bootstrapping provides a distribution of transfer entropy
estimates to be tested under the null hypothesis of no
information flow. +e associated p − value is given by 1 −
q̂T, where q̂T denotes the quantile of the simulated dis-
tribution that is determined by the respective transfer
entropy estimate [68].

Last, since transfer entropy algorithms are originally
based on discrete data, continuous data used in the
framework need to be discretised. +is can be done by
partitioning the data into a finite set of bins; the process
is known as symbolic encoding [68]. For a number of
bins n, with bounds q1, q2, q3, . . . , qn−1 (q1 < q2 <
q3 < · · · < qn−1) and continuous observed time series data
yt, the symbolically encoded time series (i.e., discrete)
can be given as

St �

1, yt ≤ q1,
2, q1 <yt < q2,
⋮
n − 1, qn−2 <yt < qn−1,
n, yt ≥ qn−1.


(13)

+e choice of the number of bins must be informed by
the size and distribution of the observed time series. Since
tail observations are of importance, binning is usually based
on the empirical quantiles of the left and right tails. +is is
easily achieved by choosing the 5% and 95% empirical
quantiles as lower and upper bounds of the bins. +is results
in three symbolic encodings where the first bin (5%)
comprises negative extreme returns (i.e., lower tail), the
third bin (95%) captures positive extreme returns (upper
tail), and the second bin (middle 90%) contains the normal
returns. By making use of the chain rule on the symbolic
encoding, conditional probabilities can be written as frac-
tions of joint probability. In that case, the probabilities in
equations (9) and (11) can be computed by the relative
frequencies of all possible realisation. See Behrendt et al. [68]
for a complete description.

3. Data and Preliminary Analysis

We used daily closing prices of the 27 world equity indices
from 20 countries, 4 economic blocs (Developed Markets,
Emerging Markets, Europe, Middle East, Africa (EMEA),
and Eurozone), and the Nasdaq Global Equity Index. We
track the information transfer from the daily global con-
firmed cases of COVID-19 fromDecember 31, 2019, to April
18, 2021. +e data on equity indices and COVID-19 (see
Table 2) were retrieved from the EquityRT and Our World in
Data (https://ourworldindata.org/coronavirus) platforms,
respectively. Some of the selected indices are overlapping in
the sense that some are subsets of others. +is is helpful to
ascertain both aggregate and disaggregated impact of
COVID-19. It is obvious that all the indices are subsets of the
Global Index. +e descriptive statistics of the returns of all
equity indices and confirmed COVID-19 cases are presented
in Table 2. +e returns were calculated as the difference of
logarithms for consecutive closing indices as
rt � log(Pt+1) − log(Pt), where rt is the return from period t
to t + 1 and Pt and Pt+1 are observations at periods t and
t + 1, respectively. To facilitate comparison, all the series
have been matched by date to balance.
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Before we delve into the statistical distribution of returns,
it is appropriate to have a quick look at the behavioural
trajectories of the indices under consideration and COVID-19
confirmed cases. Figure 2 shows the graphical representation
of the trend of the time series of the indices of the 27 stock
markets and COVID-19 confirmed cases over the study
period. A glance shows that all the indices saw a sharp
downward trend in the early days of the pandemic which was
rising quickly. While the COVID-19 confirmed cases have
kept rising until now, more calm returned to the markets as
we see upward trends as many countries embarked on
lockdown from early February of 2020. However, the markets
started to dip again when most countries came out of
lockdown, and international travels resumed gradually be-
ginning October 2020. +is resulted in a second wave of the
virus leading up to the Chistmas festivities. [74] Conversely,
there has been an upward trend in the markets after the
Christmas season as fears of the second wave abated. +e
downward trend of the indices reflects the investors and
economic reaction to catastrophic events such as pandemics
[32]. It is natural to see the inverse relationship between
pandemic and financial markets.

A cursory glance at the descriptive statistics of the
returns presented in Table 2 reveals interesting features of
the return rates of the included stock markets. All 27 in-
dices had positive means in the period considered, except
for Argentina, Brazil, Hong Kong, and Mexico. +us, on
average only a few countries have had losses on their equity
markets due to COVID-19. In terms of skewness, all

countries record higher losses more frequently than higher
gains, which is indicated by negative skewness, except for
China. +is not surprising because China is one of a few
countries which have managed the pandemic effectively
despite being its origin.

Currently, China ranks 98 out of 221 countries in
confirmed cases (https://www.worldometers.info/
coronavirus/countries-where-coronavirus-has-spread/).
Many countries have recorded only a few hundred cases
after the 196th rank and many bottom countries have single-
digit confirmed cases. +ese explain why China’s equity
market could record higher returns than lower returns. +e
returns of all assets showed excess kurtosis. +is implies that
the returns are heavy-tailed relative to the normal distri-
bution. +is is not surprising, as it is a well-known stylised
fact about financial assets [75].

4. Analysis of Rényi Entropy Results

At this stage, we address the main objective of this study. We
analyse the information transfer from COVID-19 to the
selected global equities. We only examine unidirectional
transmission from COVID-19 to the equity markets since
the equities do not have the potential to influence COVID-
19 confirmed cases. Effective transfer entropies (ETEs) from
the Rényian entropy framework result in both negative (high
risk) and positive (low risk) values. +is allows for diver-
sification potential by pairing negative receiving ETEs eq-
uities with positive recipients. In line with the stylised facts

Table 2: Descriptive statistics of equity return and COVID-19 confirmed cases.

Country (equity index) Min. Max. Mean. Std. dev. Skewness Kurtosis these are excess kurtosis values

Argentina (Merval) −0.1587 0.0962 −0.0030 0.0303 −0.5499 4.0402
Australia (ASX 200) −0.1122 0.0755 0.0003 0.0193 −1.3039 9.3884
Belgium (BL20) −0.1618 0.0629 0.0010 0.0194 −2.6899 23.4941
Brazil (Ibovespa) −0.2038 0.1608 −0.0009 0.0322 −1.0793 10.7386
Canada (TSX Comp. Index) −0.1372 0.0863 0.0011 0.0189 −2.3079 18.9526
China (SSE Comp. Index) −0.0472 0.0621 0.0007 0.0116 0.5450 4.4084
Eurozone (EuroStoxx50) −0.1409 0.0628 0.0011 0.0182 −2.3791 18.0107
France (CAC 40) −0.1395 0.0740 0.0011 0.0185 −2.0936 16.9682
Germany (DAX) −0.1391 0.0493 0.0011 0.0181 −2.4053 17.3262
Hong Kong (Heng Seng Index) −0.0574 0.0377 −0.0002 0.0132 −0.5067 2.2285
India (BSE SENSEX) −0.0932 0.0947 0.0018 0.0190 −0.2215 6.2844
Japan (Nasdaq Index) −0.0668 0.0684 0.0005 0.0137 −0.1635 6.1673
Mexico (Nasdaq Index) −0.1532 0.1106 −0.0001 0.0322 −0.8090 4.3852
New Zealand (Nasdaq Index) −0.0866 0.0652 0.0016 0.0162 −0.6615 5.9766
Russia (Moex Russia Index) −0.0909 0.0504 0.0005 0.0197 −0.5886 2.2965
South Africa (FTSE/JSE Index) −0.1264 0.0721 0.0016 0.0215 −1.0916 7.1083
South Korea (KOSPI) −0.1147 0.0861 0.0009 0.0198 −1.1480 7.1550
Taiwan (TAIEX Index) −0.0676 0.0376 0.0008 0.0124 −1.1693 4.9676
UK 1 (CBOE 100) −0.1290 0.0558 0.0003 0.0180 −1.7788 12.8458
US 1 (S&P 500) −0.0999 0.0888 0.0011 0.0179 −0.4174 8.2283
UK 2 (Nasdaq) −0.1404 0.0551 0.0005 0.0180 −2.3834 18.0158
US 2 (Nasdaq) −0.0991 0.0893 0.0012 0.0196 −0.4722 5.2161
Nasdaq Dev. Mkts −0.1034 0.0514 0.0011 0.0149 −1.8690 13.3438
Nasdaq EM −0.0790 0.0472 0.0008 0.0136 −1.1082 6.7668
Nasdaq EMEA −0.1385 0.0431 0.0010 0.0166 −3.2909 24.8351
Nasdaq Eurozone −0.1507 0.0486 0.0012 0.0179 −3.2665 25.4667
Nasdaq Global −0.1219 0.0777 0.0015 0.0249 −0.9766 4.0239
COVID-19 0.0026 0.2890 0.0215 0.0330 4.3780 24.7706
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Figure 2: Continued.
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of financial returns, we choose the fault weight of 0.30 to
account for heavy tails in the equity returns. We also present
results for both the composite level and frequency domain.
In the latter, intrinsic times are indicated by IMF1 through
to IMF6 and Residual. +ese are representative of short-,
medium-, and long-term dynamics, where the residuals
denote the long-term trend, which implies the fundamental
behaviour of the respective series. +ese time horizons
enable us to analyse the evolving response of the markets to
the pandemic.

In Figures 2 (composite level) and 3 (frequency domain),
ETEs are indicated by black points inside blue bars.+e ends
of the blue bars indicate 95% confidence bounds. For this

reason, these confidence bounds should be in either the
positive or negative regions for us to fail to accept the null
hypothesis of no information flow. Any overlap at the origin
shows an insignificant information flow. From Figure 3, we
find mostly positive information transfer (ETE) from
COVID-19 to the equities, except for Argentina, Brazil,
Germany, and Global Index which are negative. +erefore,
COVID-19 creates a high risk for Argentina, Brazil, Ger-
many, and the Global Index, but a low risk for the rest.

However, all these ETEs are not statistically significant.
Only the Global Index receives a statistically significant
negative information flow from COVID-19. However, there
are significant positive information flows only to Australia,
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Figure 2: Time series plot of COVID-19 and global equities.
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Belgium, Canada, EMEA, France, Mexico, UK (CBOE100),
and UK (Nasdaq) (recording the highest). +e pandemic
that fosters high risks in the global equity market is not a
surprise. +is is a pandemic that has never been seen in
modern history and panic associated with it somehow can
surpass the real havoc it is inflicting. However, for countries
that have managed this well and have stronger financial
systems, the composite effect of the pandemic should not be
so devastating.+is is true as investors tend to take refuge by
investing in more advanced and stable economies during
crises [76]. We also assume that the impact of COVID-19 is
not all doom and gloom, but an avenue to diversify port-
folios to reduce risk. Given the negative and positive ETEs,
international investors are presented with the opportunity to
combine the Global Index as a high-risk asset with any of the
equities of Australia, Belgium, Canada, EMEA, France,
Mexico, UK (CBOE100), and UK (Nasdaq) to mitigate their
risk exposure.

From Figure 4, in the short term of IMF1, there is an
increase in the number of equities that receive negative
information flow (7: Brazil, Canada, Germany, Global, India,
Russia, South Korea, and Taiwan) compared to the

composite series (4: Argentina, Brazil, Germany, and
Global). Among these, on the ETE to Global Index,
Argentina, China (highest), UK (CBOE100), and UK
(Nasdaq) are significant. Hence, the Global Index could be
bundled with the positive recipients to mitigate risks. At
IMF2, negative receiving equities increased to 18 out of 27,
but only 3 (Global, Hong Kong (highest), and Mexico) are
significant. Given that there are no significant lower-risk
assets, no diversification avenue exists at this scale. +e
pattern holds for IMF3 and IMF4 as well. Negative ETE
recipients increase, some significant, while all positive flows
are insignificant.+ese do not offer diversification prospects,
as COVID-19 information transmission produces only high-
risk assets.

+ere is a change in the pattern at the medium term of
IMF5 where significant positive transmissions are recorded
by Canada and New Zealand as negative receipts again by
Argentina, Belgium, EuroStoxx50, Germany, India, and
Taiwan. It is clear that combinations can help reduce
portfolio risk. However, at the long-term scales of IMF6 and
Residual diversification potential vanish [77]. In IMF6, all
markets receive negative information flows from the
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Figure 3: Rényian ETE from COVID-19 to global equity markets at the composite level.
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Renyi’s Effective Transfer Entropy from COVID-19 to global equities at IMF1
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Figure 4: Continued.
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COVID-19 pandemic, except for Belgium and emerging
markets, but only Australia’s is statistically significant.
Contrary to EMH, the differing transfer entropies of positive
and negative across different time scales confirm the
adaptive market hypothesis (AMH) of Lo [9], heterogeneous
market hypothesis (HMH) of Müller et al. [10], and alter-
native hypothesis to market efficiency by Cornell [11]. In
addition, the results confirm the competitive market hy-
pothesis (CMH) proposed in this study. In all, the results
suggest that investors adapt to market dynamics-based
sentiment, risk, and reward preferences across time and

assets in search for competition compensations to satisfy
their goals.

When the fundamental structure of the equity markets is
revealed at the Residual scale, all COVID-19 transmits only
negative information to all the COVID-19 pandemic but
none of them is statistically significant. While the negative
flows do not come as surprise, their insignificance com-
municates an important message to all stakeholders in the
financial market. Fundamentally, the pandemic (the number
of global infections and the fear associated with it) does not
affect the equity markets. We can consider short-term and

Renyi’s Effective Transfer Entropy from COVID-19 to global equities at IMF5
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Figure 4: Rényian ETE from COVID-19 to global equity markets in frequency domain.
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medium-term transmissions as the products of irrational
investor behaviour which many see as noise [11, 52]. We
purport that in the long term investors may have allayed
their fears and rebalanced their portfolios only marginally
incorporating the news about the pandemic. For prospective
investors and policymakers, the pandemic may not be used
as an important variable in arriving at investment and policy
decisions concerning global equities. +e reason is that the
pandemic does not communicate any risks attributes (nei-
ther positive nor negative) of the equities to be used in
investment and allocation of resources across assets as well
as COVID-19 relief packages to the financial or equity
markets. In many aspects, this paradigm reflects the efficient
market hypothesis (EMH) by Fama [5, 6] in the sense that
the rationality of the market participants is revealed in spite
of the ensuing pandemic. +is also confirms the long-term
market efficiency [6].

In the spirit of the existing literature, we consider IMF1,
IMF2, and IMF3 to represent the short term, IMF4 and
IMF5 to capture the medium term, and IMF6 and Residual
to denote long-term dynamics, respectively [25, 58, 78, 79].
Yang et al. [58] interpret the short term as a period driven by
investor sentiments and market microstructure, the medium
term as representing the effect of significant events, and the
long term as representative of fundamental values. +ese
demarcations imply that our results are mixed in terms of
diversification potentials, being present and absent simul-
taneously in the short and medium term, as well as at the
composite scale. +e summary of the results is presented in
Table 1. We also note that, although they vary in magnitude,
equity markets receiving both positive and negative sig-
nificant ETEs are from a mixture of countries and regions
that are hard vis-à-vis soft hit by COVID-19 with respect to
confirmed cases and fatalities https://www.worldometers.
info/coronavirus/countries-where-coronavirus-has-spread/.
Hence, it may suggest that while we are in the midst of a
global pandemic, COVID-19 is not the only force driving the
equity markets. Countries and economic blocs already have
underlying fundamentals which determine their perfor-
mance to a large extent. It is also natural to assume that the
extent of the impact of COVID-19 on an equity market is a
function of the economic, financial, social, health, techno-
logical, and environmental fabric of its host economy. We
find empirical support for this analogy in [80] that econ-
omies with strong institutions and macroeconomic funda-
mentals are less impacted by the pandemic.

In the empirical literature, our frequency domain
findings corroborate and contradict several studies. +e
asymmetry in the flow of information in the equity markets
is consistent with the sentiment and the connectivity of
return and volatility among global equities [49, 50]. +e
insignificant ETEs in the long term contradict the findings of
[81] that connectedness across financial markets is largely
driven by the COVID-19 pandemic. However, the relatively
limited diversification prospects and pronounced insignif-
icant entropies for this study confirm the evidence from
Lahmiri and Bekiros [49] that international equity markets
have not changed in the level of stability but have only
become more irregular. Further, pertaining to alternating

significant and insignificant transfer entropies between the
composite series and the IMFs, we corroborate the weak
fleeing impact of the COVID-19 pandemic on global equities
as shown in Ahundjanov et al. [82]. +ey find that a unit
increase in COVID-19 popularity of COVID-19 (as mea-
sured by related Google search queries) is accompanied by a
cumulative decline of 0.038 to 0.069% in global financial
indices after one day and a decline of 0.054 to 0.150% after
one week, after controlling for confirmed cases of COVID-
19. Nonetheless, Lahmiri and Bekiros [47] find a stronger
effect of COVID-19 on equity markets than on energy
markets using the GARCH-based Shannon entropy ap-
proach. +e disparity can be ascribed to the methodological
paradigms used.

4.1. Analysis of Shannon Entropy Results. +e results of the
Shannon ETE in totality confirm the desirability of the Rényi
ETE. It is important to note that since the Shannon entropy
assigns equal weights to the tails of the return distribution.
Hence, we are not surprised that the results do not cor-
roborate the stylised facts of asset returns. +e outputs in
Figure 1 indicate that there are no significant negative
transfer entropies from COVID-19 to the global equities.
Where they are significant, only positive information flows
are recorded.+ese imply only high risks in assets regardless
of investment horizon. +ey are also suggesting no diver-
sification potential within the set of global assets.

Furthermore, we find that, at the composite level, the
highest number of equity markets receive significant ETEs.
+e number of significant ETEs tends to reduce with in-
creasing frequency. In the long term, there is not significant
ETE to any market at all. In general, these results contradict
the AME, HMH, and CMH. However, they align with the
EMH in that all the markets are responding in the same way
to the COVID-19 pandemic across all investment horizons.
Furthermore, we find that, in the long term, there is a
convergence between the Rényi and Shannon entropies, and
both confirm the EMH.+ese indicate that themarkets cease
to react to the COVID-19 pandemic and revert their fun-
damental dynamics. +e summary of the Shannon entropy
results is also presented in Table 1.

5. Conclusions and Recommendations

+is study examined the possible connection between the
COVID-19 infection rate and global equity markets to allow
further inferences on how the COVID-19 pandemic could
affect global stock markets. First, we decomposed the returns
of 27 global stock market indices using the CEEMDAN
technique into intrinsic time of short-, medium-, and long-
term scales. +is helps to understand the dynamic behaviour
of the investors’ response to the pandemic while removing
the noise from the series.+is approach appeals to the AMH,
HMH, and AHME, all in opposition to the EMH. +e EMH
has also been confirmed to decline sharply and persists for
the S&P 500 index in the early stages of the pandemic, as
shown in Wang and Wang [48]. Second, we employ the
Rényi transfer entropy on both composite series and their
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frequency domain counterparts to quantify the flow of in-
formation from COVID-19 to the equity markets. +is
method accounts for heavy tails in the asset returns while
distinguishing between high-risk (negative ETEs) and low-
risk (positive ETEs) assets because of the COVID-19 pan-
demic. For the purposes of comparison and confirmation we
also employed the Shannon transfer entropy to the data. Our
data span December 31, 2019, through April 18, 2021.

With Rényi transfer entropy, our results confirm EMH
in the long term, but in the short and medium term, they
confirm the AMH, HMH, and AHME which disagree with
the EMH. +e summary of our empirical results is that, in
the long run, both the Rényi and Shannon transfer entropies
fail to reject the null hypothesis of no information flow from
COVID-19 to the selected global equity markets. At the time
horizon, the fundamental dynamics of the markets are at
play. +us, there exists no potential for diversification across
the equity markets. +is corroborates the existing empirical
literature but for a different reason. +e common reason for
no diversification avenue in the long term is a high level of
integration among markets; however, in this, it is for the fact
that the market is saturated with the needed information to
make rational decisions. +erefore, the information trans-
mitted by the COVID-19 pandemic does not influence in-
vestors’ choices. Nevertheless, in terms of the Shannon
entropy, there are no diversification potentials because all
significant entropies are positive across the board.

However, the Rényian entropies show a different out-
look. In the short and medium terms, there is a mixed result
of significant and insignificant information flows (both
positive and negative) for several equities. Except in the long
term, all information flows to the Global Index were sig-
nificant and negative. +is indicates an overall high-risk
perception of the global equity market due to the COVID-19
pandemic. On the bright side, this pattern offers diversifi-
cation potential to low-risk equities during the period,
notable among them are those from Canada, New Zealand,
China, Argentina, and the UK, EMEA, France, Belgium, and
Mexico, at different scales. We note that only significant
negative flows were recorded for the US. +e response of the
US to the pandemic, especially at the early stages, was not
optimal mainly due to political differences [83]. +ey may
still be hanging over them, as seen in the negative flows.

In the composite series, we find a wider array of low-risk
equities (9) to diversify across the Global Index compared to
only 4 at IMF1 and 6 at IMF5 (refer to Table 1). It is clear that
diversification prospects are generally limited as they occur
at only 2-time scales (IMF1 and IMF5) out of a total of 6-
time scales. +ese confirm, to some extent, that investor
expectations have not been strongly influenced by the
pandemic.

Our study has made a significant contribution to the
fledgling empirical literature on the impact of COVID-19 in
the finance ecosystem. We provide both corroborative and
contradictive evidence. In the former, the results conform to
stronger and slim (to none) diversification prospects in the
short term and long term, respectively. However, in the
latter, the reasons are not due to weak versus strong
comovements or spillovers but due to quantifiable,

significant, or insignificant asymmetric (positive or negative)
information flows from COVID-19 to the respective equity
markets. Specifically, our CEEMDAN-based transfer en-
tropy methodology sheds new light on diversification po-
tential in the frequency domain. In a noise-free
environment, the direction of diversification is further in-
formed by low-risk vis-à-vis high risk as suggested by
positive and negative effective transfer entropies, respec-
tively. In the end, investors are equipped with the knowledge
to make decisions by taking cognisance of time horizon, the
type of information flow, and the reason for the existence of
diversification prospects. Similarly, policymakers can for-
mulate and implement actions with respect to these tenets.
+is suggestion reiterates [84] that both investors and
policymakers need to be careful against sentimental shocks
and decisions. +e findings have implications for the world
stock markets in the sense that the propensity of COVID-19
to escalate and cause irreversible damage to global financial
markets is relatively small. In contrast to Akhtaruzzaman
et al. [38] and Yu et al. [85], our results do not make any
attributions to financial contagion emanating from the
COVID-19 pandemic. However, a long lifespan of the
pandemic may have lasting effects on the global financial
markets [86].
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R. B. Olsen, and J. R. Ward, “Fractals and intrinsic time: a
challenge to econometricians,” Unpublished Manuscript,
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