‘ entropy

Article

Transfer Entropy Causal Networks for Interconnectedness
Analysis of Global Banking and Green Markets:
A CEEMDAN-SE-KM Approach

Qiuyang Xue, Xiu Jin *, Jinming Yu and Yueli Liu

Academic Editor: Siew Ann Cheong

Received: 21 May 2026
Revised: 5 July 2026

Accepted: 15 July 2026
Published: 17 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

School of Business Administration, Northeastern University, Shenyang 110169, China;
xueqy@mails.neu.edu.cn (Q.X.); 15204677362@163.com (J.Y.); 2110433@stu.neu.edu.cn (Y.L.)
* Correspondence: xjin@mail.neu.edu.cn

Abstract

In light of growing concerns about sustainable development and green innovation, the
green market has progressively taken center stage in the financial markets. From the non-
linear information transmission angle, we look into the interconnectedness between the
global banking sectors and the green markets using transfer entropy causal networks, con-
taining the Dow Jones Green Bond Index (SPGB), Dow Jones Sustainability Index (DJSI),
The S&P Global Clean Energy Index (SPCL), and MSCI World ESG Leaders Index (ESGL).
We observe significant bidirectional causal relationships between two markets. The bank-
ing industries of developed nations and emerging economies like South Korea, Indonesia,
and India are the most important, while four green markets are vital. Furthermore, using
the CEEMDAN-SE-KM approach, this study also investigates the two markets” heteroge-
neous performance at various time scales. The causal relationships between two markets
exhibit heterogeneity at time scales, and that is most noticeable at the short-term scale.
Additionally, after the COVID-19 pandemic and the conflict between Russia and Ukraine,
there is an increase in the causal relationships between the two markets and a higher effi-
ciency of information transmission. These results help regulatory bodies and green mar-
ket players have a more thorough understanding of and dynamic regulation of the green
market.

Keywords: transfer entropy; causal networks; CEEMDAN-SE-KM; green markets;
banking sectors

1. Introduction

Environmental degradation and climate change have emerged as some of the most
significant challenges facing humanity. In response, national governments have imple-
mented effective measures to reduce carbon emissions and fuel consumption, aiming to
prevent potential environmental disasters [1]. Concurrently, the promotion of green eco-
nomic growth has become a collective global objective in the pursuit of sustainable devel-
opment. A major focus of recent United Nations climate change conferences, such as
COP26 in Glasgow and COP27 in Sharm El Sheikh, has been green finance. Financial in-
stitutions worldwide have developed investment opportunities in green markets, includ-
ing green bonds, clean energy markets, and sustainable and ESG markets [2-5]. Green
finance, as an effective means of funding climate-oriented projects to achieve a low-carbon
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economy, has been extensively documented [6-8]. The interconnectedness between green
investments and other financial markets has garnered significant research attention in re-
cent years, driven by the growing number of market participants in green projects and a
marked rise in allocations to green investments [9-12].

The global banking sector plays a pivotal role in facilitating financial support for
green innovation and addressing the challenges posed by climate change [13]. National
banking industries constitute a substantial portion of a country’s Gross Domestic Product
(GDP) and investment, with the global banking sector consistently delivering financial
solutions to multinational corporations [14]. In the aftermath of the global financial crisis
(GFC), the banking sector has functioned as a conduit for economic shocks, contributing
to global financial imbalances and recessionary trends. Consequently, the significance of
the banking sector within financial markets is unequivocal. Recent scholarly investiga-
tions have predominantly concentrated on the intricate interconnections between the
global banking sector and other markets [15-20].

Despite the evident interconnectedness between banking sectors and green markets,
this relationship remains insufficiently explored. The theoretical rationale for investigat-
ing the transfer entropy relationship between these sectors can be elucidated through var-
ious economic transmission channels. Firstly, the financing channel posits that banks
serve as a primary source of external capital for green initiatives, offering green loans,
project financing for clean energy, and underwriting services for green bonds. Conse-
quently, fluctuations in banks’ funding costs, lending capacity, and risk appetite are trans-
mitted to green assets via the cost and availability of capital, while the expansion of green
markets simultaneously generates new lending opportunities and fee income for banks
[13]. Secondly, the balance-sheet channel suggests that banks, by holding green bonds and
equities of clean-energy and ESG firms, and by lending to both green and carbon-intensive
borrowers, experience feedback effects from price changes in green markets, which impact
bank asset values and credit quality. Additionally, shocks to banks can propagate to the
green assets they finance and hold [21]. The intricate interrelation between these two mar-
kets underscores the necessity for further scholarly inquiry.

The studies in the available reviews essentially employ traditional econometric meth-
ods to study the interdependent relationship between green markets and traditional mar-
kets [11,22-24]. Nonetheless, information transmission in financial markets inherently ex-
hibits nonlinear characteristics [25,26]. Transfer entropy (TE), a data-driven approach to
information dynamics, has gained considerable traction in the field of finance in recent
years [27,28]. As a generalization of Granger causality, transfer entropy simplifies to the
latter in the context of linear Gaussian processes. It is capable of capturing any statistical
feature, including asymmetric and nonlinear information transfer within systems, which
cannot be detected by the Vector Autoregression (VAR) method [29,30]. Recent financial
studies have employed TE to investigate information transmission and causal relation-
ships across various markets [31,32]. In this paper, we utilize the transfer entropy method
to construct a causal network between global banking sectors and green markets, and we
conduct a detailed analysis of the interconnected network’s structure.

Furthermore, frequency-domain analysis can aid market participants in discerning
the heterogeneity and intricate dynamics of the relationships between global banking sec-
tors and green markets across various time scales [33]. The expectations, sentiments, and
risk preferences of market participants are subject to temporal evolution [34]. The
CEEMDAN method has been utilized for the adaptive decomposition of financial time
series [35-37]. Notably, several studies have conducted comprehensive comparisons be-
tween EMD-based approaches and traditional techniques, demonstrating that EMD-
based methods surpass Fourier and wavelet transforms in several respects [38,39]. A sig-
nificant advantage of CEEMDAN in the context of financial time series is its capacity to
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mitigate the persistence of noise, which is often attributed to the behavior of irrational
investors [40]. Its superiority over traditional EMD lies in its ability to eliminate modal
aliasing [41]. The CEEMDAN method achieves its objective by conducting multiple de-
compositions with varying noise realizations and subsequently averaging the outcomes.
This ensemble averaging process effectively mitigates the influence of added noise while
preserving the stable components of the original time series. This study utilizes the
CEEMDAN technique for time series decomposition, calculates the complexity of the de-
composed series using sample entropy (SE) [42,43], and applies the k-means (KM) algo-
rithm for reorganizing the series based on varying complexity levels [44]. Specifically, we
implemented the CEEMDAN-SE-KM approach to decompose and reorganize the time se-
ries into short-, medium-, and long-term components, facilitating a multiscale analysis of
the causal relationships between global banking sectors and green markets.

Currently, the world is confronting emerging crises. The COVID-19 pandemic repre-
sents a global public health emergency, while the Russia—Ukraine conflict constitutes a
war-related crisis, with significant instability observed among Russia’s major trading
partners following the conflict’s onset. The repercussions of these two black swan events
have resulted in an escalation of the magnitude of international economic shocks. The
shocks from these two black swan events have led to a surge in the magnitude of inter-
connectedness among financial assets, exerting a serious impact on the global financial
market [45-50]. A number of studies have provided evidence of increased connectivity
between green indices following the onset of these two crisis events. This is also the case
for the banking sector [19,51-54]. Therefore, the impact of the outbreak of crisis events on
the interconnectivity between financial markets should be taken seriously. This paper ex-
plores the changes in the causal relationships between the two markets before and after
the outbreak of the COVID-19 pandemic and the Russia—Ukraine conflict.

From the perspective of nonlinear information transmission, this study introduces
the transfer entropy method to construct a causal network and compute topological indi-
cators, thereby analyzing the interconnected relationships between global banking sectors
and green markets. The research encompasses sixteen developed and emerging countries,
along with four green investment indices. Additionally, the CEEMDAN-SE-KM approach
is utilized to explore the multiscale characteristics of the causal relationship between these
two markets. Furthermore, the study examines the evolution of associations and infor-
mation transmission efficiency between global banking sectors and green markets in the
context of the COVID-19 pandemic and the Russia—Ukraine conflict.

The findings of the study indicate that the relationship between global banking sec-
tors and green markets is intricate. There exists a substantial nonlinear transmission of
information between these two markets. All four green investment indices demonstrate a
significant association with the banking sectors. Among these indices, the S&P Dow Jones
Green Bond Index (SPGB), the Dow Jones Sustainability Index (DJSI), and the MSCI World
ESG Leaders Index (ESGL) are pivotal within the transfer entropy causal network. Con-
sequently, it is imperative for market regulators to enhance their oversight of green mar-
kets to mitigate the risk of these markets transmitting shocks to others. Notably, the critical
banking sectors are predominantly located in developed countries, with India, Indonesia,
and South Korea representing key emerging markets. As both transmitters and receivers
of information, the interconnectivity and complexity of these sectors with other markets
warrant careful consideration. Moreover, the causal relationships between banking sec-
tors and green markets exhibit heterogeneity across various time scales, necessitating that
market participants develop a comprehensive understanding of green investments and
regulatory frameworks across these different temporal dimensions. In conclusion, the on-
set of the COVID-19 pandemic and the Russia—Ukraine conflict have led to an increase in
causality and enhanced information transmission efficiency between the two markets.
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Furthermore, there is a noticeable increase in the information flow between the banking
sectors and the green markets since the COVID-19 pandemic outbreak. Regulatory au-
thorities should adopt different strategies in response to crises of varying natures.

This study makes contributions to several strands of literature. Firstly, it encom-
passes an analysis of 16 global banking sectors and four major global green benchmark
indices, utilizing a directed transfer entropy causal network to elucidate the global bidi-
rectional nonlinear linkages between banking and green markets. Secondly, the study in-
tegrates Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
(CEEMDAN), sample entropy (SE), and k-means clustering to develop a fully data-driven
multiscale decomposition framework. This approach circumvents subjective frequency
segmentation and enhances the accuracy of multiscale information transmission identifi-
cation. Third, this study unifies COVID-19 (global public health crisis) and the Russia—
Ukraine conflict (geopolitical war crisis) within the same network framework, comparing
their differentiated impacts on cross-market causality and information transmission effi-
ciency. Several entropy-based studies have examined financial markets during crisis pe-
riods. Sheraz and Nasir [55] compare information-theoretic measures for modeling stock
market volatility. Drzazga-Szczesniak et al. [56] use Shannon entropy to study the effect
of the Russia—Ukraine war on the Polish stock market. Drzazga-Szczesniak et al. [57] fur-
ther identify extreme-event signatures through a cumulative entropic spectrum. These
studies show that entropy is useful for detecting volatility changes and event-related mar-
ket patterns. Rather than using entropy mainly as a volatility or event-detection measure
for a single market or index, we use transfer entropy to identify nonlinear and asymmetric
information flows between global banking sectors and green markets.

The remainder of the paper is structured as follows. Section 2 shows the method.
Section 3 describes the data. Section 4 discusses the results. Section 5 concludes.

2. Methods
2.1. CEEMDAN-SE-KM
2.1.1. CEEMDAN

Financial time series data are highly non-stationary and nonlinear. We employ the
Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN)
to process the data of the banking sector and green investment indices. This facilitates the
understanding and analysis of the dynamic behavior of financial markets, which exhibit
characteristics at multiple time scales.

The CEEMDAN method overcomes issues such as endpoint effects and mode mixing
that may arise when dealing with complex signals using the Empirical Mode Decomposi-
tion (EMD). Additionally, this method introduces the capability to handle both positive
and negative Gaussian white noise, enhancing the Ensemble Empirical Mode Decompo-
sition (EEMD) algorithm and thereby reducing the error in signal reconstruction. The
CEEMDAN algorithm can be divided into the following steps:

(1) Add Gaussian white noise to the original series R;; N times, resulting in N pre-pro-
cessed series:

Sp(t) = Ri¢ + Eqwi () 1)

where ¢, stands for the weight coefficient of the Gaussian white noise and w,(t) de-
notes the Gaussian white noise at the k-th processing stage.

(2) Empirical Mode Decomposition (EMD) is conducted on all pre-processed time series
sp(t) to extract the first intrinsic mode function (IMF) component, denoted as IMF{f(t).
Next, IMF,(t), the average of these IMFs, is taken as the first IMF component in the

https://doi.org/10.3390/e28070814


https://doi.org/10.3390/e28070814

Entropy 2026, 28, 814

5 of 20

CEEMDAN. Along with this, r;(t), the first residual sequence is derived. The IMF,(t)
and r1(t) were calculated by the following Equations (2) and (3):

THF,(t) = %Z IMFE(t) @

ri(t) =Ry — IMF,(t) 3)

(3) Introduce Gaussian white noise into 7;(t) to create N new series, which are expressed
as 1,(t) + & E1 (wi (t)). Apply EDM on these N series and their average is calculated as
the second IMF, denoted as IMF,(t) with the Equation (4):

N

- 1

THF,© =5 ) E(1a(© + &5, (0(0) @
1

Next, the residual 7,(t) is obtained. For m = 2, ..., M, the residual at the m-th stage is cal-
culated as below:

Tn(t) = Ty (8) — IME, (1) ©)

(4) After N times EDM decomposition of 7, (t) + smEm(wk(t)), results in the (m + 1)-th
IMFs after CEEMDAN modal decomposition, which is shown as follows:

__ 1w
TMEy 1 (6) = 2 > By (P (6) + EnE(@i(6)) ©)
1
(5) Repeat step (4) until 1, (t) is no longer decomposed. The final residue is obtained:

Tu(®) = Rie = ) TR, (©) @)

and the exact decomposition of the original series R;, is obtained:

N
Rip = T(®) + ) THE, () ®)

2.1.2. Simple Entropy (SE)

Sample entropy [58] is a measure used to quantify the complexity of a signal. This
metric can intuitively reflect the complexity of the time series; the lower the SE value, the
higher the self-similarity, indicating that the time series is less complex. The process for
calculating SE is as follows:

SamEn(m,r,L) = lim {(~In[A™(r) /B™ ()]} ©)

where L denotes the length of the time series, r stands for the similarity tolerance, m is the
embedding dimension; A™(r) and B™(r) represent the probabilities of two time series
matching m + 1 and m points at a threshold r. The computation of SE does not rely on the
length of the time series. Thus, SE is more appropriate for determining the complexity of
financial time series than approximate entropy.

2.1.3. K-means (KM)

By utilizing the CEEMDAN method to decompose the return data and calculating
the complexity using SE, the next step is to cluster the data based on their varying com-
plexities. We employ the classical k-means (KM) clustering method to classify return data
with different complexities.

The KM algorithm works on the following principle: given a set of samples S and the
number of clusters k, the algorithm divides S into k clusters based on the similarity of data
complexities. It then updates the cluster centers iteratively to adjust the classification until
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GINO) P (e
TEy 5 (kD) = Hy() = Hoy U D = > ploeea, ), 5)log,

the overall difference function converges, automatically selecting the optimal result
among all clusters.

In this study, we chose k =3, which corresponds to capturing the information at three
time scales: short-, medium-, and long-term. By employing the CEEMDAN-SE-KM
method of decomposition and reconstruction, we can more clearly delineate the intercon-
nectedness between banking sectors and green assets at different time scales.

2.2. Transfer Entropy Causal Network Construction

In information theory, Shannon entropy H(X) states the average uncertainty of a
sample of a discrete random variable, equivalent to the average amount of information
required to predict the value of a discrete random variable. The magnitude of H(X) is
uniquely determined by the probability mass function p(x) of X, which can be calculated
as H(X) = — Yy exp(x) log,p(x). For two discrete random variables (X,Y), the joint en-
tropy is simply: H(X,Y) = — ¥, ¥, p(x,y) log,p(x,y); conditional entropy represents the
information content of Y given that X occurs: H(Y|X) = — ¥, ¥, p(x,¥) log,p(y|x). Trans-
fer entropy (TE) measures the asymmetric information transfer between subsystems in
the complex system, the information transfer from process Y to X is shown as follows:

yP)

lo.gzp(xtﬂlxt(k)) (10)

Fer1,a0 5O

here Hy(k) = — ( ®,y9)1 |x{?), Hx(k) is the conditional

where Hy (k) thﬂ a0 P\ X+ Xe 5 Ve ngp(xt+1 X¢ )/ x (k) is the conditiona
X Ve

entropy when kth-order time-lag series xt(k) = (X¢, .. X¢—+1) Of the random process X is

known; Hyy(k,1) = —thﬂ @ (Dp(xt+1,xt(k),yt(l))logzp(xt+1|xt(k),yt(l)) is the conditional
Xe Yt

entropy when both kth-order time-lag series of the random process X and Ith-order time-
lag series of the random process Y are known.

This paper uses the toolbox IDTxI to calculate the transfer entrpy [59], which enables
us to construct the probability distribution functions via a kernel density estimator (KDE).
Let u;, uj, ...u; be asample of U € R?, h is the bandwidth and the probability density
function value ﬁ(uj) could be estimated by KDE with a kernel function K (-) as

5uy) = 7z > K () 1)

=1

We estimate the probability densities in Equation (10) with a kernel density estimator
(KDE) rather than a histogram, because the KDE does not require the data to be grouped
into discrete bins and therefore avoids the loss of information that the choice of bin width
would introduce [60]. Following [60], we use a Gaussian kernel, which is well-suited to
the continuous and heavy-tailed nature of financial returns. The bandwidth / controls the
degree of smoothing: a value that is too small gives a noisy estimate, whereas a value that
is too large over-smooths the density and hides the dependence between series. To avoid
manual tuning, we set i with Silverman’s rule of thumb, h = (46°/3n)'/%, where o is the
standard deviation of the series and n is its length. This data-driven choice balances bias
and variance and keeps the density estimation consistent across all series.

The history lengths k in Equation (10) set how many past states of the target series
are conditioned on. Because the data are sampled at the daily frequency, at which financial
information is transmitted quickly, we restrict the analysis to short lags of k=1, 2, and 3
days [61]. When a causal link between two series is significant at more than one lag, we
report it at the largest significant lag, so that the network reflects the longest horizon over
which information is still transmitted, and the same link is not counted more than once.
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The finite-sample estimator of TE is biased, partly because series with higher entropy,
which in finance corresponds to higher volatility, mechanically appear to transfer more
information. To address this bias, we assess the statistical significance of each estimate
against a surrogate distribution, using the procedure implemented in the IDTxI toolbox
[59] and applied to multivariate financial networks by [61]. For each ordered pair of series,
the source series is randomly shuffled n = 200 times; shuffling removes the temporal cou-
pling between the two series while preserving their marginal distributions, so the transfer
entropy computed on the shuffled data represents the value expected under the null hy-
pothesis of no information transfer. The observed transfer entropy is then compared with
this null distribution, and a directed link is retained, with Mij=1 only when the observed
value exceeds the null distribution at the 0.05 significance level; otherwise, Mi=0. The use
of 200 surrogates and a 5% significance level is consistent with previous transfer entropy
studies [59,61] and balances the resolution of the test against its computational cost. The
resulting adjacency matrix M defines the directed and unweighted causal network. A bi-
nary adjacency matrix M will be obtained. Then, a directed unweighted TE causal network
will be constructed based on the adjacency matrix M.

2.3. Network Topological Features
2.3.1. Total-Out-To-Other

Total-Out-To-Other (TOTO) examines the magnitude of the interactions between the
banking sectors and the green markets [62]. The expression is as follows:
N—Nm

TOTO(j) = 28 Ej_;,VieV\{jljem} (12)

where N, indicates the number of nodes belonging to the TE causal network. “TOTO”
examines the total number of TE causal relations formed by all nodes j belonging to bank-
ing sectors to all nodes i belonging to the green markets, and vice versa.

2.3.2. Network Density

We use network density (NE) to characterize the level of information transmission
efficiency between banking sectors and green markets in TE causal networks. It is calcu-
lated as Equation (13):

L
TNN-D

where L denotes the actual number of directed edges in the TE networks, N is the number

ND (13)

of nodes and N(N - 1) indicates the maximum possible number of directed edges. The
range of network density is [0, 1]. The higher the efficiency of information transmission,
the higher the network density.

3. Data

The study explores the interconnectedness between global banking sectors and green
markets. The stock indexes of global banking sectors considered in this paper cover six-
teen countries. The developed countries include the United States (US), the United King-
dom (UK), France (FR), Germany (DE), Japan (JP), Italy (IT), Canada (CA), and Australia
(AU). Meanwhile, the developing countries selected are Argentina (AR), Brazil (BR), Tur-
key (TR), China (CN), South Korea (KR), Indonesia (ID), India (IN), and South Africa (ZA).
These countries encompass participants from all continents and hold significant influence
in international trade and the economic sphere. Moreover, as the emphasis on ESG invest-
ments grows, the role of the banking sectors in these countries in promoting sustainable
investments and green finance is drawing more and more attention.
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On the other hand, we select four indices to represent green investment [1], includ-
ing: (i) The S&P Dow Jones Green Bond Index (SPGB), a market-value-weighted index
that encompasses bonds from any nation and currency, provided they are certified as
green by the Climate Bonds Initiative. This comprehensive index includes a range of debt
instruments such as sovereign bonds, government-related, corporate, and securitized is-
sues. (ii) The Dow Jones Sustainability Index (DJSI) is recognized as the world’s first
benchmark for sustainable investments. It exclusively comprises companies that achieve
the highest scores in sustainability evaluations, making the DJSI a popular benchmark for
investors prioritizing sustainability in their portfolio construction. (iii) The S&P Global
Clean Energy Index (SPCL) tracks the performance of clean energy companies operating
worldwide, including both developed and emerging markets. These companies are pri-
marily engaged in activities related to clean energy equipment and technology. (iv) The
MSCI Global ESG Leaders Index (ESGL), created by Morgan Stanley Capital International
(MSCI), is designed to reflect the performance of companies that have higher ratings in
environmental, social, and corporate governance (ESG) performance compared to their
counterparts.

Data on equity and green markets are collected from Thomson Reuters DataStream,
with DataStream codes of the data series webpage https://eikon.thomsonreuters.com/in-
dex.html, accessed on 16 July 2026. All indices are denominated in U.S. dollars. The re-
turns are calculated by R;; = In(P;;/P;;—1), where P;, denotes the price of the index i on
day t. The dataset of this study spans from 1 January 2018, to 31 March 2024, comprising
a total of 1627 observations. Following [61], we employ third-order spline interpolation to
fill the time series gaps. These gaps mainly reflect non-overlapping public holidays across
the sixteen national markets and are short and dispersed rather than systematic, so third-
order spline interpolation preserves trend continuity without introducing artificial jumps
in the return series.

Table 1 reports the descriptive statistics of the daily returns of the sixteen banking
sectors and four green indices. The mean returns are close to zero, while volatility differs
across markets. SPGB has the lowest standard deviation, whereas Argentina and Turkey
show the highest volatility, indicating greater instability in emerging banking markets.
Most return series are negatively skewed, and all series have kurtosis above three, sug-
gesting fat-tailed distributions. The Jarque—Bera test rejects normality for all series at the
1% level, and the ADF test confirms that all return series are stationary. These results in-
dicate non-normal and heavy-tailed return behavior, supporting the use of transfer en-
tropy to capture nonlinear and asymmetric information transmission between banking
sectors and green markets.

Table 1. Descriptive statistics of the daily returns.

Code Mean Std. Dev. Min Max Skew. Kurt. Jarque-Bera ADF
Panel A: Developed banking sectors
us 0.0001 0.0129 -0.0990 0.0702 -0.522 10.00 3374.5 *** -9.01 ***
UK -0.0002 0.0124 -0.0655 0.0702 -0.194 7.00 1087.4 *** ~7.32 %%
FR -0.0001 0.0158 -0.0932 0.1100 -0.095 8.71 2197.0 *** =7.11 ***
DE -0.0001 0.0172 -0.0970 0.0860 -0.385 6.52 872.2 % -8.71 ***
P 0.0001 0.0102 -0.0687 0.0536 -0.141 7.32 1260.4 *** =9.24 ***
IT 0.0002 0.0144 -0.0845 0.0732 -0.749 7.65 1604.5 *** =7.61 ***
CA 0.0001 0.0098 -0.0939 0.1057 -0.350 23.04 27,087.5 *** -8.51 ***
AU 0.0000 0.0111 -0.0956 0.0782 -0.593 13.77 7899.6 *** ~7.81 ***

Panel B: Emerging banking sectors
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AR -0.0006 0.0302 -0.3803 0.0942 -3.883 48.29 142,251.5 *** —8.42 ***
BR -0.0002 0.0174 -0.1218 0.1010 0.051 6.51 827.1 *** =7.79 ***
TR -0.0001 0.0220 -0.1847 0.1112 -0.678 9.86 3289.9 *** ~7.47 ***
CN -0.0001 0.0085 -0.0357 0.0576 0.157 5.92 578.7 *** -8.78 ***
KR -0.0002 0.0130 -0.0700 0.0938 0.267 7.27 1246.8 *** ~7.64 ***
1D 0.0003 0.0118 -0.0790 0.1245 0.117 17.98 15,106.6 *** ~7.34 ***
IN 0.0002 0.0115 -0.0869 0.0787 -0.440 11.51 49227 *** —7.37 ***
ZA -0.0003 0.0174 -0.1541 0.0843 -0.635 9.50 2949.2 *** ~7.96 ***

Panel C: Green markets
SPGB -0.0001 0.0031 -0.0200 0.0151 -0.331 8.81 2302.3 *** =7.06 ***
DJSI 0.0003 0.0069 -0.0678 0.0497 -0.892 12.95 6884.9 *** —9.19 ***
SPCL 0.0002 0.0127 -0.0884 0.0784 -0.141 7.73 1508.9 *** ~7.66 ***
ESGL 0.0003 0.0074 -0.0714 0.0552 -0.783 12.57 6336.2 *** —9.04 ***

Notes: Std. Dev. is the standard deviation; Skew. and Kurt. are the skewness and kurtosis (kurtosis
equals 3 under normality); Jarque-Bera is the test statistic for normality; ADF is the augmented

FH% 1

Dickey—Fuller unit-root test statistic. *** indicates significance at the 1% level.

This research further examines two unprecedented crisis periods of distinct natures:
the COVID-19 pandemic and the Russia—Ukraine conflict. The date 31 December 2019 is
used to split the COVID-19 pandemic period into pre-COVID-19 (1 January 2019 to 30
December 2019) and during-COVID-19 (1 January 2020 to 31 December 2020). Also, the
Russia-Ukraine conflict was divided into two periods: pre-Conflict (1 January 2021 to 23
February 2022) and during-Conflict periods (24 February 2022 to 31 December 2022) based
on the Russia—Ukraine conflict outbreak date of 24 February 2022. For the COVID-19 pan-
demic, 31 December 2019 is treated as the key public information date, because this was
when pneumonia cases in Wuhan were first reported to the WHO. Therefore, observations
before this date are classified as the pre-COVID-19 period, while the year 2020 is used to
represent the main pandemic period. This setting is also consistent with prior entropy-
based financial studies that compare the pre-pandemic year 2019 with the pandemic year
2020 [37,55]. For the Russia—Ukraine conflict, 24 February 2022 is used as the event date
because it marks the outbreak of the military conflict and has been widely used in event-
study and entropy-based studies on financial markets [50,56,57]. Thus, the period before
24 February 2022 is defined as the pre-Conflict period, and the period from 24 February
2022 to 31 December 2022 is defined as the during-Conflict period.

4. Results

4.1. Full-Sample TE Network Construction and Causality Analysis
4.1.1. Original-Scale Causality Analysis

In this paper, the information dynamics toolkit IDTxI is used to construct TE causal
networks between global banking sectors and green markets. We use the program Cyto-
scape 3.7.2 for visualization to make the analysis results more comprehensible and visual.
Figure 1 delineates the TE causal association structure between the sixteen global banking
sectors and four green markets. Purple circles represent banking sector nodes of devel-
oped countries, green circles indicate banking sector nodes of emerging countries, and
yellow squares stand for green market nodes. These nodes are connected by directed ar-
rows that represent direct causal relations. The direction of the arrow signifies the direc-
tion of causality. Each node’s size indicates the number of direct causal connected links it
has.
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Figure 1. TE causal networks between global banking sectors and green markets. Directed arrows
represent direct causal relationships, with arrow direction indicating the direction of causality.

Node size reflects the number of direct causal connected links.

Figure 1 suggests that the structure of the TE causal network between the global
banking sectors and the green markets is invariably very complex. There are significant
bidirectional causal relationships between the banking sectors and green markets. A mas-
sive nonlinear information transmission is directed toward both banking sector nodes and
green market nodes. These links reflect two-way interaction channels: banks support
green markets through credit provision, underwriting, and portfolio holdings, while
shocks in green markets affect banks through asset valuation, funding conditions, and
credit risk.

Secondly, the banking sectors of all developed countries play a pivotal role in the TE
causal network. This may be attributed to the fact that developed countries have begun
the transition to greener and more sustainable economic development at an earlier stage
compared to emerging nations. What is more, the banking sectors of developed countries
provide greater support in financing and backing green investments and sustainable de-
velopment innovations [13]. Emerging countries are under pressure to rapidly transition
to a green economy, a shift further driven by the need to better balance the environmental,
economic, and welfare needs of their citizens [63]. Among emerging countries, three Asian
nations—India, Indonesia, and South Korea—exhibit the highest number of causality
links. As a representative of emerging nations, South Korea, in collaboration with the
banking sector, provided policy loans totaling $30 billion in 2024. By providing incentives
for companies to switch to low-carbon production methods, these loans aim to create a
more sustainable future.

Lastly, all four green investment indices are closely related to the banking sectors,
serving as information transmitters and receivers. This implies that green investments in
renewable energy and sustainable development resources also have a spillover effect on
the banking sectors of the world’s major economies, in an environment where green fi-
nance is becoming a major topic of interest for investors, regulators, and academia. More-
over, different green market indices have varied effects on banking sectors. The S&P
Green Bonds Index, Dow Jones Sustainability Index, and MSCI World ESG Leaders Index
are three green indices that exhibit higher information spillover to the global banking sec-
tors. By contrast, SPCL is less central, as clean energy equities are more exposed to sector-
specific technology and energy-price shocks. These spillovers imply that green finance has
financial-stability implications beyond its portfolio-diversification value.
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4.1.2. Multiscale Causality Analysis

We employed the CEEMDAN-SE-KM method for the decomposition and reconstruc-
tion of the return time series, as detailed in Section 2.1. Each banking and green market
sector time series was reconstructed into three new components, reflecting short-, me-
dium-, and long-term time scales. As an illustration, Figure 2 displays the original and

these three scales for the returns of an emerging market (South Korea), a developed mar-
ket (United States), and a green market (SPGB).

Us SPGB

Medium term
Long term

(a)

Original

Short term
Medium term
Long term

Original
Short term

Medium term

Long term

SPCL

) (©

Figure 2. Original and decomposed short-, medium-, and long-term time series for (a) KR, (b) US,

and (c) SPGB. The black, blue, orange, and green lines represent the original, short-term, medium-
term, and long-term time series, respectively.

Figure 2 that shows that both the banking and green markets fluctuate acutely in the
short-term scale IMFs, while the medium- and long-term scale IMFs distinctly display cy-
clical characteristics. Consequently, by decomposing and reconstructing the original yield
data, we delineate the TE causality structure between the banking and green investment

sectors at different time scales, which can capture the multiscale nature of the causal rela-
tions, as illustrated in Figure 3.
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Figure 3. TE causal networks between banking sectors and green markets at three time scales: (a)
long-term; (b) medium-term; (c) short-term. Directed arrows represent direct causal relationships,

with arrow direction indicating the direction of causality. Node size reflects the number of direct
causal connected links.

Figure 3 illustrates the heterogeneity in the causal relationship between banking sec-
tors and green markets across different temporal scales. The short-term network contains
the largest number of causal links, with green-to-bank spillovers being strongest at this
scale. This pattern is consistent with high-frequency trading, liquidity shocks, sentiment
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changes, and short-term portfolio rebalancing, through which information from green
markets is rapidly transmitted to banking sectors. Compared to the short-term, the signif-
icance of emerging countries in the TE causal networks increases in the medium-term and
long-term, indicating that the risk spillover between the banking and green sectors in
emerging countries is more pronounced over longer time horizons than over short-term
cycles. Because the green transition of the emerging economies is itself a long-horizon and
financing-intensive process, the linkage between their banking sectors and green markets
strengthens as the time scale lengthens. Therefore, when investors are devising risk man-
agement strategies, the structure of the TE network at different time scales can provide
valuable information for heterogeneous investors with varying investment time scales
[31]. In order to gauge the degree of interconnectedness of each sector in the TE causal
network, the “TOTO” index is calculated according to Equation (12), as shown in Figure
4.

100
Banking to Green
90 —=&— Green to Banking
80 - —&— Total
70
o 60 :\\
[_'
O 50
=
40 o e
30 B SE————— e
20
10 |
0 1 1 |
short medium long

Figure 4. “TOTO” indicator at three time scales.

It is evident from Figure 4 that the total number of transfer entropy causal links is
highest at the short-term scale as calculated by the “TOTO” index. This can be interpreted
as indicating that information transmission is particularly active in the short-term, with
market volatility tending to subside as the time horizon extends [35]. Moreover, at the
medium-term scale, the number of causal links from the banking sectors to the green mar-
kets is the highest; at the short-term scale, the number of causal links from the green mar-
kets to the banking sectors is the greatest. This could be attributed to the fact that traders,
speculators, and arbitrageurs are more focused on short-term investments, with currently
popular green investments being one of the significant targets for investors seeking short-
term gains [24,64]. These findings imply that risk management strategies should be tai-
lored to specific investment horizons: short-term investors should concentrate on senti-
ment-driven co-movements, while long-term investors and regulators should prioritize
attention on persistent transition-related linkages.

4.2. Sub-Sample TE Network Construction and Causality Analysis

In this section, we construct TE causal networks between the global banking sectors
and the green markets before and after the onset of the COVID-19 pandemic and the Rus-
sia—Ukraine conflict. These figures are utilized to analyze the impact of these two crisis
events on the causal associations between the banking sectors and the green markets, as
depicted in Figure 5.
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(©) (d)

Figure 5. TE causal networks between banking sectors and green markets in crisis events: (a) pre-
COVID-19; (b) during-COVID-19; (c) pre-Conflict; (d) during-Conflict. Directed arrows represent
direct causal relationships, with arrow direction indicating the direction of causality. Node size re-

flects the number of direct causal connected links.

Figure 5 makes it clear that the TE causal network between the banking sectors and
green markets has become more complex since the outbreak of the COVID-19 pandemic
and the Russia—Ukraine conflict. This might be a result of increased attention to green
investments and sustainable indices by fund managers and investors following the crises.
These investments have become more popular because they do not suffer a loss in risk-
adjusted returns that are comparable to traditional stocks [65].

Secondly, following the outbreak of the COVID-19 pandemic, the influence of the
banking sector in developed countries within the TE causal network has significantly in-
creased. This may be attributed to differences in policy shifts and responses to the COVID-
19 pandemic between developed and emerging countries. Based on Equations (12) and
(13), we computed “TOTO” and network density, two topological metrics of the TE causal
network, before and after the onset of the two crisis events. The results are presented in
Table 2.

Table 2. TE causal network topology characteristics in different crisis periods.

Total-Out-To-Other

Crisis Periods Banking Sectors — Banking Sectors <~ Network Density
Green Markets Green Markets
pre-COVID-19 7 12 0.345
during-COVID-19 21 19 0.8421
pre-Conflict 4 7 0.3157
during-Conflict 8 19 0.4052
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The “TOTO” indicator, as delineated in Table 2, reveals that subsequent to the emer-
gence of both crises, there was an augmentation in causal relationships from the banking
sectors to the green markets and vice versa. Additionally, the network density of the trans-
fer entropy (TE) causal network exhibited an increase following the onset of the COVID-
19 pandemic and the Russia—Ukraine conflict, compared to the preceding period. This
finding implies an intensification in information transmission between the two markets
during the crisis periods. Prior studies utilizing entropy-based methodologies have
demonstrated that the COVID-19 pandemic heightened stock market volatility and al-
tered market randomness [55], that the Russia—Ukraine conflict influenced the entropy
and volatility of financial time series [56], and that extreme events can manifest distinct
signatures in entropy measures by amplifying uncertainty and volatility [57]. Conse-
quently, the increased density of the TE network observed in Table 2 may be indicative of
both enhanced cross-market information transmission and a crisis-induced escalation in
common risk factors.

In addition, compared to the Russia—Ukraine conflict, the increase in information
transmission between the banking sectors and the green markets following the outbreak
of the COVID-19 pandemic is more pronounced. This disparity can be attributed to the
distinct characteristics of the two crises. The COVID-19 pandemic, as a global public
health emergency, has prompted an increased demand from investors worldwide to tran-
sition toward a more sustainable and environmentally friendly economy [66]. The pan-
demic primarily impacted these markets through global uncertainty, liquidity pressures,
and a broad demand shock, resulting in a substantial rise in cross-market information
flows. The Russia—Ukraine conflict, as a war crisis event, has induced a heightened sense
of insecurity among investors. The Russia-Ukraine conflict transmitted shocks more
through energy prices, inflation, and geopolitical risk, which affected green assets and
then fed into bank credit conditions, thereby diminishing the extent to which their focus
shifts toward green investments compared to the impact of the COVID-19 pandemic.

4.3. Robustness

To further check the robustness of the results, we add three empirical tests. First, we
change the maximum lag in the transfer entropy (TE) estimation from lag = 3 to lag = 5.
As shown in Figure A1, the causal network obtained under lag = 5 is close to the bench-
mark network. The main network structure and the major information-flow pattern re-
main unchanged. This result suggests that the conclusions are not driven by the selected
lag length.

Second, we increase the number of random shuffling iterations in the significance test
from 1 =200 to n =500. The network shown in Figure A2 is similar to the benchmark result.
The major causal links and the overall network pattern are retained. Therefore, the main
findings are not sensitive to the number of random shuffling iterations.

Third, and most importantly, we replace the original frequency-domain decomposi-
tion procedure with variational mode decomposition (VMD) and rebuild the short-, me-
dium-, and long-term TE causal networks. VMD decomposes a non-stationary series into
several modes with different center frequencies by solving a variational problem [67]. The
results are reported in Figure A3. The high-frequency and medium-frequency networks
are clearly denser than the low-frequency network, which is consistent with the bench-
mark results. This shows that information transmission between global banking sectors
and green markets is stronger at the short- and medium-term scales than at the long-term
scale.

Overall, these robustness checks support the main conclusions of this study. The key
results can be summarized as follows: (i) the network structures under lag =5 and #n = 500
are similar to the benchmark network; (ii) green markets and the banking sectors of de-
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veloped countries, India, Indonesia, and South Korea remain important nodes; (iii) the
high-frequency and medium-frequency networks contain more causal links than the low-
frequency network; and (iv) the main direction and pattern of cross-market information
flow remain stable.

5. Conclusions

The promotion of green economic growth has become a global collective goal for
countries in their pursuit of sustainable development. Governments accounting for about
70 percent of global GDP have pledged to achieve net-zero carbon emissions by 2050. The
green market has demonstrated an annual growth rate surpassing 100 percent in recent
years, with projections indicating that it will account for one-third of global assets by 2025
[24]. The global banking sectors play a significant role in the development of green invest-
ments and the fostering of green innovations.

This paper presents the first attempt to apply the transfer entropy method to explore
the complex nonlinear and asymmetric causal relations between the global banking sec-
tors and the green markets. We also employ the CEEMDAN-SE-KM approach to investi-
gate the multiscale characteristics of the causal relationship between the two markets.
Moreover, this study examines the changes in the associations between the banking sec-
tors and the green markets before and after the outbreak of the COVID-19 pandemic and
the Russia—Ukraine Conflict. The following conclusions can be drawn.

Firstly, there are significant bidirectional causal relations between the global banking
sectors and the green markets. A massive nonlinear information transmission exists be-
tween the two markets. Secondly, the banking sectors in all developed countries play an
important part; among emerging countries, three Asian nations—India, Indonesia, and
South Korea—have a much more important role. All four of the green investment indices
are closely related to the banking sectors. The SPGB, DJSI, and ESGL exhibit higher infor-
mation spillover to the global banking sectors. Secondly, the causality between the bank-
ing sectors and green markets are heterogeneous at different time scales. At the short-term
scale, the causality is the most pronounced; the banking sector exerts the greatest influence
on the green market at the medium-term scale; and the green market has the most signif-
icant impact on the banking sector at the short-term scale. Finally, following the outbreak
of the COVID-19 pandemic and the Russia—Ukraine conflict, both crises have impacted
the global banking sector and the green market, leading to an increase in the causality
between the two markets and a higher efficiency in information transmission. Compared
to the Russia—Ukraine conflict, the COVID-19 pandemic has resulted in a more significant
increase in causal associations between the global banking sectors and the green markets.
The increase in causal linkages is not only driven by stronger underlying economic fun-
damentals but also reflects heightened market volatility, increased uncertainty, and com-
mon external shocks.

These findings are beneficial for regulatory authorities and policymakers in formu-
lating green market policies and dynamic regulation. They also aid in risk management
within the volatile financial market environment during crisis events. For green market
investors, these discoveries are appealing as they clearly elucidate the information trans-
fer between the green markets and the global banking sectors. This could help investors
construct diversified international investment strategies at multiple time scales.

Although this study provides useful evidence on nonlinear information flows be-
tween global banking sectors and green markets, several limitations remain. First, the
sample covers banking sectors from 16 countries and four green market indices. While
these markets are representative, they cannot fully capture global market conditions. Fu-
ture studies could include more countries, regional markets, and green assets to test the
robustness of the results. Second, this study focuses on whether information is transmitted

https://doi.org/10.3390/e28070814


https://doi.org/10.3390/e28070814

Entropy 2026, 28, 814

16 of 20

between the two markets, but it does not fully identify the drivers of such transmission.
Future research could examine the roles of monetary policy, climate policy, investor at-
tention, energy prices, bank risk, and trade uncertainty. Finally, the results are based on
the transfer entropy framework and the CEEMDAN-SE-KM setting, future research could
compare transfer entropy with other causality and connectedness methods and test dy-
namic networks.
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Figure Al. TE causal networks between global banking sectors and green markets with maximum
lag (lag = 5). Directed arrows represent direct causal relationships, with arrow direction indicating

the direction of causality. Node size reflects the number of direct causal connected links.

https://doi.org/10.3390/e28070814


https://doi.org/10.3390/e28070814
https://eikon.th/
http://omsonreuters.com/index.html

Entropy 2026, 28, 814 17 of 20

Figure A2. TE causal networks between global banking sectors and green markets (randomly shuf-
fled, n = 500 times). Directed arrows represent direct causal relationships, with arrow direction in-

dicating the direction of causality. Node size reflects the number of direct causal connected links.
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Figure A3. TE causal networks between banking sectors and green markets at three time scales
based on the VMD method: (a) long-term; (b) medium-term; (c) short-term. Directed arrows repre-
sent direct causal relationships, with arrow direction indicating the direction of causality. Node size

reflects the number of direct causal connected links.

References

1.

Arfaoui, N.; Naeem, M.A.; Boubaker, S.; Mirza, N.; Karim, S. Interdependence of clean energy and green markets with crypto-
currencies. Energy Econ. 2023, 120, 106584.

Linh, P.; Toan Luu Duc, H. How does investor attention influence the green bond market? Financ. Res. Lett. 2020, 35, 101533.
Leitao, J.; Ferreira, ].; Santibanez-Gonzalez, E. Green bonds, sustainable development and environmental policy in the European
Union carbon market. Bus. Strategy Environ. 2021, 30, 2077-2090.

Ren, B.; Lucey, B. A clean, green haven?-Examining the relationship between clean energy, clean and dirty cryptocurrencies.
Energy Econ. 2022, 109, 105951.

Wan, J.; Yin, L.; Wu, Y. Return and volatility connectedness across global ESG stock indexes: Evidence from the time-frequency
domain analysis. Int. Rev. Econ. Financ. 2024, 89, 397-428.

Soler-Dominguez, A.; Carlos Matallin-Saez, ].; Victor de Mingo-Lopez, D.; Tortosa-Ausina, E. Looking for sustainable develop-
ment: Socially responsible mutual funds and the low-carbon economy. Bus. Strategy Environ. 2021, 30, 1751-1766.

Umar, M,; Farid, S.; Naeem, M.A. Time-frequency connectedness among clean-energy stocks and fossil fuel markets: Compar-
ison between financial, oil and pandemic crisis. Energy 2022, 240, 122702.

Arfaoui, N.; Naeem, M.A.; Maherzi, T.; Kayani, U.N. Can green investment funds hedge climate risk? Financ. Res. Lett. 2024, 60,
104961.

Sun, X.; Fang, W.; Gao, X.; An, H,; Liu, S.; Wu, T. Complex causalities between the carbon market and the stock markets for
energy intensive industries in China. Int. Rev. Econ. Financ. 2022, 78, 404-417.

https://doi.org/10.3390/e28070814


https://doi.org/10.3390/e28070814

Entropy 2026, 28, 814 18 of 20

10.

11.

12.

13.

14.

15.

16.

17.

18.
19.

20.

21.

22.

23.

24.

25.

26.

27.

28.
29.

30.

31.

32.

33.
34.

35.

Jiang, W.; Chen, Y. The time-frequency connectedness among carbon, traditional/new energy and material markets of China in
pre- and post-COVID-19 outbreak periods. Energy 2022, 246, 123320.

Khalfaoui, R.; Mefteh-Wali, S.; Viviani, J.-L.; Ben Jabeur, S.; Abedin, M.Z.; Lucey, B.M. How do climate risk and clean energy
spillovers, and uncertainty affect US stock markets? Technol. Forecast. Soc. Change 2022, 185, 122083.

Curcio, D.; Gianfrancesco, I.; Onorato, G.; Vioto, D. Do ESG scores affect financial systemic risk? Evidence from European banks
and insurers. Res. Int. Bus. Financ. 2024, 69, 102251.

Amuakwa-Mensah, F.; Nasstrom, E. Role of banking sector performance in renewable energy consumption. Appl. Energy 2022,
306, 118023.

Khan, H.H.; Ghafoor, A.; Qureshi, F.; Rehman, I.U. Bank Competition, Financial Development and Growth of Financially De-
pendent Industries: Fresh Evidence from China. Glob. Econ. Rev. 2018, 47, 108-134.

Onnela, ].P.; Kaski, K.; Kertész, J. Clustering and information in correlation based financial networks. Eur. Phys. ]. B 2004, 38,
353-362.

Diebold, F.X.; Yilmaz, K. Measuring Financial Asset Return and Volatility Spillovers, with Application to Global Equity Mar-
kets. Econ. |. 2009, 119, 158-171.

Apostolakis, G.; Papadopoulos, A.P. Financial stress spillovers across the banking, securities and foreign exchange markets. .
Financ. Stab. 2015, 19, 1-21.

Yang, J.; Yu, Z.; Ma, J. China’s financial network with international spillovers: A first look. Pac. -Basin Financ. |. 2019, 58, 101222.
Apostolakis, G.N.; Floros, C.; Giannellis, N. On bank return and volatility spillovers: Identifying transmitters and receivers
during crisis periods. Int. Rev. Econ. Financ. 2022, 82, 156-176.

Foglia, M.; Addi, A.; Wang, G.-].; Angelini, E. Bearish Vs Bullish risk network: A Eurozone financial system analysis. J. Int.
Financ. Mark. Inst. Money 2022, 77, 101522.

Younis, I.; Shah, W.U.; Missaoui, I.; Tang, X. Exploring interconnectedness between climate change, renewable energy, techno-
logical innovation, and G-17 banking stock markets. J. Clean. Prod. 2024, 449, 141667.

Mensi, W.; Naeem, M.A; Xuan Vinh, V.; Kang, S.H. Dynamic and frequency spillovers between green bonds, oil and G7 stock
markets: Implications for risk management. Econ. Anal. Policy 2022, 73, 331-344.

Urom, C.; Mzoughi, H.; Abid, L; Brahim, M. Green markets integration in different time scales: A regional analysis. Energy Econ.
2021, 98, 105254.

Naeem, M.A ; Farid, S.; Qureshi, F.; Taghizadeh-Hesary, F. Global factors and the transmission between United States and
emerging stock markets. Int. . Financ. Econ. 2023, 28, 3488-3510.

Behrendt, S.; Schmidt, A. Nonlinearity matters: The stock price—Trading volume relation revisited. Econ. Model. 2021, 98, 371—
385.

Chen, Y.; Pantelous, A.A. The U.S.-China trade conflict impacts on the Chinese and US stock markets: A network-based ap-
proach. Financ. Res. Lett. 2022, 46, 102486.

Niu, H.; Hu, Z. Information transmission and entropy-based network between Chinese stock market and commodity futures
market. Resour. Policy 2021, 74, 102294.

Ferreira, P.; Almeida, D.; Dionisio, A.; Bouri, E.; Quintino, D. Energy markets-Who are the influencers? Energy 2022, 239, 121962.
Dimpfl, T.; Peter, F.J. Group transfer entropy with an application to cryptocurrencies. Phys. A-Stat. Mech. Its Appl. 2019, 516,
543-551.

Behrendt, S.; Prange, P. What are you searching for? On the equivalence of proxies for online investor attention. Financ. Res.
Lett. 2021, 38, 101401.

Karkowska, R.; Urjasz, S. Linear and Nonlinear Effects in Connectedness Structure: Comparison between European Stock Mar-
kets. Entropy 2022, 24, 303.

Zou, Y.; Chen, Q.; Han, J.; Zhao, L. Analysis of the risk spillover network of G20 stock markets based on transfer entropy and
complex network approaches. PLoS ONE 2025, 20, e0336904.

Kinkyo, T. Time-frequency dynamics of exchange rates in East Asia. Res. Int. Bus. Financ. 2020, 52, 101174.

Nekhili, R.; Mensi, W.; Xuan Vinh, V. Multiscale spillovers and connectedness between gold, copper, oil, wheat and currency
markets. Resour. Policy 2021, 74, 102263.

Owusu, P, Jr.; Frimpong, S.; Adam, A.M.; Agyei, SK.; Gyamfi, EN.; Agyapong, D.; Tweneboah, G. COVID-19 as Information
Transmitter to Global Equity Markets: Evidence from CEEMDAN-Based Transfer Entropy Approach. Math. Probl. Eng. 2021,
2021, 8258778.

https://doi.org/10.3390/e28070814


https://doi.org/10.3390/e28070814

Entropy 2026, 28, 814 19 of 20

36.

37.

38.

39.
40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Lin, Y; Lin, Z,; Liao, Y.; Li, Y.; Xu, ].; Yan, Y. Forecasting the realized volatility of stock price index: A hybrid model integrating
CEEMDAN and LSTM. Expert Syst. Appl. 2022, 206, 117736.

Zhou, Y; Xie, C.; Wang, G.-].; Gong, J.; Li, Z.-C.; Zhu, Y. Who dominate the information flowing between innovative and tradi-
tional financial assets? A multiscale entropy-based approach . Int. Rev. Econ. Financ. 2024, 93, 329-358.

Afanasyev, D.O,; Fedorova, E.A. The long-term trends on the electricity markets: Comparison of empirical mode and wavelet
decompositions. Energy Econ. 2016, 56, 432—-442.

Zhou, Z; Lin, L.; Li, S. International stock market contagion: A CEEMDAN wavelet analysis. Econ. Model. 2018, 72, 333-352.
Cao, J.; Li, Z,; Li, J. Financial time series forecasting model based on CEEMDAN and LSTM. Phys. A-Stat. Mech. Its Appl. 2019,
519, 127-139.

Torres, M.E.; Colominas, M.A.; Schlotthauer, G.; Flandrin, P. A Complete Ensemble Empirical Mode Decomposition with Adap-
tive Noise. In IEEE International Conference on Acoustics, Speech, and Signal Processing; IEEE: Piscataway, NJ, USA, 2011; pp. 4144—
4147.

Karevan, Z.; Suykens, J.A K. Transductive Feature Selection Using Clustering-Based Sample Entropy for Temperature Predic-
tion in Weather Forecasting. Entropy 2018, 20, 264.

Yang, F.; Kou, Z; Wu, J.; Li, T. Application of Mutual Information-Sample Entropy Based MED-ICEEMDAN De-Noising
Scheme for Weak Fault Diagnosis of Hoist Bearing. Entropy 2018, 20, 667.

Zhang, X.; Li, S.; Yang, J.; Bai, Q.; Wang, Y.; Shen, M.; Pu, R.; Song, Q. Target Classification Method of Tactile Perception Data
with Deep Learning. Entropy 2021, 23, 1537.

Yarovaya, L.; Matkovskyy, R.; Jalan, A. The effects of a “black swan” event (COVID-19) on herding behavior in cryptocurrency
markets. J. Int. Financ. Mark. Inst. Money 2021, 75, 101321.

Igbal, N.; Fareed, Z.; Wan, G.; Shahzad, F. Asymmetric nexus between COVID-19 outbreak in the world and cryptocurrency
market. Int. Rev. Financ. Anal. 2021, 73, 101613.

Dong, Z.; Li, Y.; Zhuang, X.; Wang, ]. Impacts of COVID-19 on global stock sectors: Evidence from time-varying connectedness
and asymmetric nexus analysis. North Am. ]. Econ. Financ. 2022, 62, 101753.

Zhang, Y.; Mao, ]. COVID-19’s impact on the spillover effect across the Chinese and US stock markets. Financ. Res. Lett. 2022,
47,102684.

Halouskova, M.; Stasek, D.; Horvath, M. The role of investor attention in global asset price variation during the invasion of
Ukraine. Financ. Res. Lett. 2022, 50, 103292.

Yousaf, I; Patel, R.; Yarovaya, L. The reaction of G20 + stock markets to the Russia-Ukraine conflict “black-swan” event: Evi-
dence from event study approach. J. Behav. Exp. Financ. 2022, 35, 100723.

Anh Tuan, H.; Nizetic, S.; Olcer, A.L; Ong, H.C.; Chen, W.-H.; Chong, C.T.; Thomas, S.; Bandh, S.A.; Xuan Phuong, N. Impacts
of COVID-19 pandemic on the global energy system and the shift progress to renewable energy: Opportunities, challenges, and
policy implications. Energy Policy 2021, 154, 112322.

Farid, S.; Kayani, G.M.; Naeem, M.A.; Shahzad, S.J.H. Intraday volatility transmission among precious metals, energy and
stocks during the COVID-19 pandemic. Resour. Policy 2021, 72, 102101.

Abban, O.].; Yao, H.; Nuta, A.C.; Dankyi, A.B.; Ofori, C.; Cobbinah, J. Renewable energy, economic growth, and CO2 emissions
contained Co-movement in African oil-producing countries: A wavelet based analysis. Energy Strategy Rev. 2022, 44, 100977.
Khalfaoui, R.; Stef, N.; Wissal, B.A.; Sami, B.J. Dynamic spillover effects and connectedness among climate change, technological
innovation, and uncertainty: Evidence from a quantile VAR network and wavelet coherence. Technol. Forecast. Soc. Change 2022,
181, 121743.

Sheraz, M.; Nasir, I. Information-theoretic measures and modeling stock market volatility: A comparative approach. Risks 2021,
9, 89.

Drzazga-Szczesniak, E.A.; Szczepanik, P.; Kaczmarek, A.Z.; Szczesniak, D. Entropy of financial time series due to the shock of
war. Entropy 2023, 25, 823.

Drzazga-Szczesniak, E.A.; Kaczmarek, A.Z.; Kielak, M.; Gupta, S.; Gnyp, J.T.; Pluta, K.; Bak, Z.; Szczepanik, P.; Szczesniak, D.
Signatures of extreme events in cumulative entropic spectrum. Entropy 2025, 27, 410.

Richman, ]J.S.; Moorman, J.R. Physiological time-series analysis using approximate entropy and sample entropy. Am. J. Physiol.
-Heart Circ. Physiol. 2000, 278, H2039-H2049.

Wollstadt, P.; Lizier, J.; Vicente, R.; Finn, C.; Martinez-Zarzuela, M.; Mediano, P.; Novelli, L.; Wibral, M. IDTxI: The Information
Dynamics Toolkit xI: A Python package for the efficient analysis of multivariate information dynamics in networks. . Open
Source Softw. 2019, 4, 1081.

https://doi.org/10.3390/e28070814


https://doi.org/10.3390/e28070814

Entropy 2026, 28, 814 20 of 20

60.

61.

62.

63.

64.

65.

66.

67.

Garcia-Medina, A.; Sandoval Junior, L.; Urrutia Banuelos, E.; Martinez-Arguello, A.M. Correlations and flow of information
between the New York Times and stock markets. Phys. A-Stat. Mech. Its Appl. 2018, 502, 403-415.

Garcia-Medina, A.; Hernandez, ].B.C. Network Analysis of Multivariate Transfer Entropy of Cryptocurrencies in Times of Tur-
bulence. Entropy 2020, 22, 760.

Billio, M.; Getmansky, M.; Lo, A.\W; Pelizzon, L. Econometric measures of connectedness and systemic risk in the finance and
insurance sectors. J. Financ. Econ. 2012, 104, 535-559.

Fekete, H.; Kuramochi, T.; Roelfsema, M.; den Elzen, M.; Forsell, N.; Hoehne, N.; Luna, L.; Hans, F.; Sterl, S.; Olivier, J.; et al. A
review of successful climate change mitigation policies in major emitting economies and the potential of global replication.
Renew. Sustain. Energy Rev. 2021, 137, 110602.

Yang, B.; Sun, Y.; Wang, S. A novel two-stage approach for cryptocurrency analysis. Int. Rev. Financ. Anal. 2020, 72, 101567.
Sharma, G.D,; Sarker, T.; Rao, A.; Talan, G.; Jain, M. Revisiting conventional and green finance spillover in post-COVID world:
Evidence from robust econometric models. Glob. Financ. ]. 2022, 51, 100691.

Gunay, S.; Muhammed, S.; Elkanj, N. Risk transmissions between regional green economy indices: Evidence from the US, Eu-
rope and Asia. J. Clean. Prod. 2022, 379, 134752.

Dragomiretskiy, K.; Zosso, D. Variational mode decomposition. IEEE Trans. Signal Process. 2014, 62, 531-544.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/e28070814


https://doi.org/10.3390/e28070814


    R  i , t


    s  n  ( t ) =   R  i , t +   𝜀 0   𝜔  k  ( t )


    𝜀 0


    𝜔  k ( t )


    s  n  ( t )


    I M F 1  k ( t )


      I M F - 1 ( t )


    r 1 ( t )


      I M F - 1 ( t )


    r 1 ( t )


      I M F - 1  ( t ) =  1  N   ∑ 1  N    I M F 1  k ( t )


    r 1  ( t ) =   R  i , t −     I M F - 1  ( t )


    r 1  ( t )


    r 1  ( t ) +   𝜀 1   E 1 (   𝜔  k ( t ) )


      I M F - 2 ( t )


      I M F - 2  ( t ) =  1  N   ∑ 1  N    E 1 (   r 1  ( t ) +   𝜀 1   E 1 (   𝜔  k ( t ) )


    r 2  ( t )


  m = 2 , … , M


    r  m  ( t ) =   r  m − 1  ( t ) −     I M F -  m  ( t )


    r  m  ( t ) +   𝜀  m   E  m  (   𝜔  k  ( t ) )


      I M F -  m + 1  ( t ) =  1  N   ∑ 1  N    E 1 (   r  m  ( t ) +   𝜀  m   E  m (   𝜔  k ( t ) )


    r  m  ( t )


    r  M  ( t ) =   R  i , t −   ∑ 1  N      I M F -  m  ( t )


    R  i , t


    R  i , t =   r  M  ( t ) +   ∑ 1  N      I M F -  m  ( t )


  S a m E n  ( m , r , L ) =    lim  L → ∞ ⁡  { − ln ⁡ [   A  m ( r ) /   B  m ( r ) ] }


    A  m ( r )


    B  m  ( r )


  H  ( X )


  H  ( X )  


  p  ( x )


  H  ( X ) = −   ∑  x ∈ X  p  ( x )   l o g 2 p  ( x )


     ( X , Y )


  H  ( X , Y ) = −   ∑ x    ∑  y  p  ( x , y )   l o g 2 p  ( x , y )


  H  (  Y | X ) = −   ∑ x    ∑  y  p  ( x , y )   l o g 2 p  (  y | x )


    T E  Y → X  ( k , l ) =   H  X  ( k ) −   H  X Y  ( k , l ) =   ∑    x  t + 1 ,   x  t   ( k ) ,   y  t   ( l )  p  (   x  t + 1 ,   x  t   ( k ) ,   y  t   ( l ) )   l o g 2   p  (    x  t + 1 |    x  t   ( k ) ,   y  t   ( l ) )    l o g 2 p  (    x  t + 1 |    x  t   ( k ) )


    H  X  ( k ) = −   ∑    x  t + 1 ,   x  t   ( k ) ,   y  t   ( l )  p  (   x  t + 1 ,   x  t   ( k ) ,   y  t   ( l ) )   l o g 2 p  (    x  t + 1 |    x  t   ( k ) )


    H  X  ( k )


    x  t   ( k ) = (   x  t , …   x  t − k + 1 )


    H  X Y  ( k , l ) = −   ∑    x  t + 1 ,   x  t   ( k ) ,   y  t   ( l )  p  (   x  t + 1 ,   x  t   ( k ) ,   y  t   ( l ) )   l o g 2 p  (    x  t + 1 |    x  t   ( k ) ,   y  t   ( l ) )


  l


    u  j


    u  j


    u  j


    R  d


    p ^  (   u  j )


    p ^  (   u  j ) =  1  N  h  d   ∑  i = 1  n  K  (     u  j −   u  i h )


  h =   ( 4  σ 5 / 3 n )  1 / 5


  T O T O  ( j ) =   ∑  i = 1  N −   N  m    E  j → i ,   ( i ( V \  {  j | j ( m }


    N  m


  N D =   L  N ( N − 1 )


    R  i , t = ln ⁡ (   P  i , t /   P  i , t − 1 )


    P  i , t

