
Research Article
ICEEMDAN-Based Transfer Entropy between Global Commodity
Classes and African Equities

Ahmed Bossman and Samuel Kwaku Agyei

Department of Finance, School of Business, CC-191-7613, University of Cape Coast, Cape Coast, Ghana

Correspondence should be addressed to Ahmed Bossman; ahmed.bossman@outlook.com

Received 17 May 2022; Revised 9 June 2022; Accepted 17 June 2022; Published 6 July 2022

Academic Editor: Yuxing Li

Copyright © 2022 Ahmed Bossman and Samuel Kwaku Agyei. �is is an open access article distributed under the Creative
Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the
original work is properly cited.

We examine the information transfer dynamics between global commodity and African equity markets to test their e�ciency
levels in a denoised transfer entropy approach. Our �ndings in the short- and medium-term scales lend support to the alternative
hypothesis of market e�ciency, whereas the transfer entropies at the long-term scale lend support to the e�cient market
hypothesis and the long-term market e�ciency. Investing in a single commodity results in high uncertainty when the return
pattern (history) of African equities is acknowledged. Similarly, investing in any single African equity results in high return
uncertainty whilst accounting for the history of commodity markets’ returns. Short-term traders could monitor the loopholes in
the market e�ciency levels between global commodities and African equities to take advantage of arbitrage when needed, whilst
long-term investors are assured of e�cient market dynamics between global commodity markets and African equities. Regulation
of markets may need to strategically incorporate news items as they fall due to either market.

1. Introduction

African economies are highly endowed with commodities,
rendering several countries in the continent commodity-
dependent. Unlike other assets, commodities markets are
internationally regulated. Recent episodes of �nancial crises
have caused several repercussions to international markets,
motivating investors to create novel diversi�cation oppor-
tunities [1, 2]. Commodities markets in Africa have been
cautioned of their susceptibility to volatilities amid the
COVID-19 pandemic [3]. Commodity prices have seen
some hikes in recent periods, which means that vibrant
commodity-producing and exporting economies may realise
increased economic output and �scal revenue. Notwith-
standing, price volatility could lead to instability of the
macroeconomy [4], which, in turn, could a�ect the potency
of stock markets [5]. New alliances formed in the region also
make the region susceptible to market integration, which
hampers the resilience of African equity markets (AEMs).

African equities and global commodities are surrogates
for international investors in terms of asset allocation.

Although the recent conclusions of Zaremba et al. [6] cast
doubt on the previously known facts about the �nanciali-
sation hypothesis [7], should African equities get integrated
amid the �nancialisation of global commodities, portfolio
advantages for international portfolio management would
most likely be wiped o�. Capital ¢ows into African econ-
omies would be signi�cantly a�ected as a corollary to the
extinction of diversi�cation prospects for African equities
[8]. To e�ectively assess the prospects for trading gains
between markets, traders, regulators, and fund managers
need information about the e�ciency levels of markets to
in¢uence asset allocation, risk, and policy management,
particularly in stressed market conditions where informa-
tion ¢ow and spillovers measure more than in normal
trading conditions [2, 9, 10].

Distressed economic conditions impact stock market
performance via the ¢ow of information to investors, which
then in¢uences investor behaviour. It is through this channel
that information ¢ow also a�ects asset prices [11]. However,
Fama [12, 13], through the e�cient market hypothesis
(EMH), contends that markets are expected to be e�cient
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with any given information such that prices of assets wholly
reflect prevailing information in the market and so no trader
could benefit from a transaction based on the available
information. ,us, privy to mutual information, global
commodities, and AEMs are expected to respond similarly
to information flow from each other. ,erefore, in the wake
of the commodity financialisation debate, financial market
volatility, and the prospective integration of African mar-
kets, we argue that a quantification of the mutual infor-
mation flow between global commodities and AEMs is a key
input for managing portfolios and policies.

According to Mongars and Marchal-Dombrat [14], in-
vestors respond to commodity price and yield anomalies
based on their investment timescale and the degree of di-
versification. Impliedly, cross-market connectedness is
largely heterogeneous and hence should be studied as such.
Empirical works on the issue of stock and commodity
market linkages need to integrate multiscale analysis to
ensure that the true relationships are revealed for the assets
to aid efficient portfolio creation and management. Het-
erogeneous cross-market dynamics are traceable to the
asymmetric, nonlinear, nonstationary, and noisy properties
of financial economics time series [2, 15–18], and they partly
explain why the degree, shape, and direction of variables’
linkages have been long understood by economists to be
timescale-dependent [19].

Unlike in the past whenmethods to demarcate economic
datasets into all orthogonal timescale constituents were
lacking, techniques are presently available. ,us, the in-
struments to cater for noise, which is usually transitory to
economic data series, are accessible in present times [1, 16].
,erefore, based on the outlined issues of commodity
market volatility and financialisation and the plausible in-
tegration of AEMs, we put the efficiency of global com-
modity and African equity markets’ returns to the test in a
novel Econophysics approach of a decomposition-based
transfer entropy paradigm.

,e latest strand of the crop of empirical modal de-
composition (EMD), the improved form of the complete
ensemble EMD (ICEEMDAN), from Huang [20], is a
suitable technique that helps in studying nonlinear, asym-
metric, and nonstationary signals whilst addressing the is-
sues of residue noise and different modes generation, which
are associated with earlier strands like the ensemble EMD,
the complete ensemble EMD, and the complete ensemble
EMD with adaptive noise [21]. ,ese unique properties
communicate the merits of ICEEMDAN, and as a corollary,
the method has seen noteworthy applications in recent fi-
nance literature [1, 16, 22–24].

To provide an extremely novel approach to examining
the efficiency of global commodity and African equity
markets through the mutual information they share, the
ICEEMDAN is employed to generate intramode functions
(IMFs) that serve as inputs for quantifying information flow
under the transfer entropy paradigm. Quantification of the
mutual information between paired time series is facilitated
by another Econophysics technique based on information
transfer, which is measured using transfer entropy (TE).
Schreiber [25] accentuates that TE is a theoretic

quantification of information transfer from one market to
another.,e philosophical principles of Dretske [26] and the
statistics of Pearl [27] facilitate the quantification of the
situated information transferred between two markets, as
hypothesised by Benthall [28]. With quantified information
flows, we can determine the extent to which one variable (the
recipient) observes the other (the transmitter) and vice versa
[9].

If we could count on any relationship between two
random variables such that one variable could study the state
of the other through observation, then such a relationship is
grounded on mutual information the variables share [28]. In
the context of commodities and equities, the trading vol-
umes, price volatilities, and investor sentiments are exam-
ples of mutual information shared by AEMs and global
commodities [16]. ,rough the situated information flow
theory, we could analyse how various commodities and
African equities observe each other across different time-
scales. In this context, further assessments of market effi-
ciency could be inferred. In line with Fama et al. [11] and
Fama [12, 13], we expect that responding markets should
bear similar responses to information flows to be deemed
efficient. It is instructive to note that the application of the
ICEEMDAN and transfer entropy methods in the context of
assessing cross-market efficiency is nonexistent in the body
of knowledge, particularly between global commodity and
African equity markets.

We quantify the information transfer between global
commodity and African equity markets’ returns in a mul-
tiscale transfer entropy paradigm. We make significant
contributions as follows. First, our study is distinct from the
extant literature that examines the connectedness of com-
modity and equity markets with a focus on their comove-
ments [29, 30] or spillovers [31–34]. We distinctly switch to
the assessment of market efficiency between commodity and
equity markets which is needed to inform market partici-
pants such as arbitragers, speculators, institutional investors,
and market regulators. Knowledge about the information
flow between these markets is essential to time-based de-
cisions for all classes of investors.

Second, not only do we provide a unique assessment of
cross-market connectedness, as there exist many in the
extant literature, but also we focus on African markets, most
of which are classified as emerging economies but have been
largely ignored in terms of empirical investigations. ,ese
markets are essential because of their predictability of
market returns which are especially vital for international
portfolio construction. Besides, with the passage of recent
episodes of financial crises, the fundamental attributes of
African markets might have changed, as commodity
financialisation is also gradually making commodities bear
similar characteristics to traditional assets like stocks and
bonds. Hence, we maintain that assessing the efficiency
levels of global commodities and AEMs in a period full of
market crises is timely.

,ird, in the quest for policymakers’ attempt to capitalise
on their stock markets to attract capital flows into African
economies, we provide an empirical analysis that allows
them to monitor the efficiency levels of African stocks and
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global commodity markets based on the mutual information
shared by these markets. ,e outcome of our empirical
analysis should facilitate policy actions in African markets
not only in a static or constant domain but also across
trading horizons.

In terms of methods, we employ novel techniques that
account for the nonhomogeneous characteristics of market
participants. ,e ICEEMDAN offers IMFs from which
short-, medium-, and long-term constituents of a signal
could be deduced. ,ese delineations enable us to provide
sufficient evidence for time-based investors whose trading
patterns resemble the short-, medium-, and long-term
economic trading periods. In addition to the ICEEMDAN,
the Rényi approach to transfer entropy (R-TE) is imple-
mented in this study.,e original strand of TE, the Shannon
TE (S-TE), is inappropriate in our case because it fails to
attribute equal weights to all probable expectations in a
probability distribution [35]. Fat tails are pervasive in asset
pricing, but S-TE does not overcome this assumption. R-TE
uses a weighting value q to overcome the shortfall of S-TE.

From our findings, knowledge about African equity
markets’ history—in terms of returns—poses considerably
more uncertainty to investors and market regulators than
when the history of commodities only is incorporated. Our
findings divulge high uncertainty with investment between
African equity and global commodity markets across the
short-, medium-, and long-term scales.We reveal that AEMs
and global commodities are highly efficient across the long-
term scale.

,e remainder of the study is outlined as follows. We
review related strands of empirical literature in Section 2.
Section 3 presents the datasets and a discussion of the
methodical frameworks. ,e main results are discussed in
Section 4 with their implications in Section 5, and Section 6
concludes the study.

2. Literature Review

Recent literature on commodities, stocks, or commodity-
stock nexus has gained focus owing to the reigning issue of
commodity financialisation and the possible consequences.
We review the main strands of works on this theme to
contextualise our study.

,ese main strands discourse the dynamic interrelations
between commodity classes only [36–40] and/or between
commodities and traditional assets (like equities and ex-
change-traded funds (ETFs)) [41–43]. Undoubtedly, these
works have been motivated fundamentally by high volatility
in commodity markets and the issue of commodity finan-
cialisation, which still lingers in the empirical literature [6].

Specifically, in the first strand of works that examine the
dynamic interdependencies between commodities classes,
Tiwari et al. [36] examined long memory’s persistence in
petroleum and crude products from which the authors
underscored weak (strong) efficiency in energy spot (Diesel
Fuel) markets, with Propane lacking efficiency. Using the
Generalised Hurst exponent method, the import of their
study was the emphasis on the appropriateness of a dynamic
model rather than static estimators. By employing datasets

spanning over seven centuries, Umar et al. [37] identified
high coherence between agricultural, energy, and industrial
commodity groups. ,e authors stressed the leading role of
energy across the time domain. When the TVP-VAR esti-
mator was employed for the volatility and return series of
precious metals amid the COVID-19 pandemic-induced
global panic indices, the findings of Umar et al. [38] evi-
denced silver’s resistance to global shocks, whilst the risk
reduction roles of palladium and platinum were reported
time-varying. With datasets on oil price shocks and agri-
cultural commodities, Umar et al. [39] examined their
volatility and return connectedness across the period be-
tween January 2002 and July 2020. ,eir findings—from the
dynamic spillover index approach—divulged peaked con-
nectedness in notable crisis periods such as the Global Fi-
nancial Crisis, the European Sovereign debt, and the
financial market meltdown in the era of the COVID-19
pandemic. ,e findings were similar to those reported by
Umar et al. [40] who investigated the return and volatility
linkages between crude oil and agricultural commodity
markets under the TVP-VAR connectedness measure. As
evidenced by their findings, the first strand of works em-
phasises the dynamic connectedness between commodity
classes.

From the second strand of works, which evaluated the
dynamic interrelations between commodity classes and other
asset classes, Naeem et al. [42] examined the linkages between
commodities and ETFs in a GARCH-based framework.
Specifically, the authors explored the heterogeneous depen-
dence between ETFs and crude oil. ,e findings emphasised
the conclusions held by the first strand of works on com-
modity classes in the recent literature. Umar et al. investigated
the link between crude oil shocks (risk, demand, and supply
shocks) and equity markets of BRICS and GCC. ,e authors
reported that the connectedness between oil shocks and
equities is averagely moderate but measured high in the
COVID-19 pandemic era. ,ey emphasised the high influ-
ence of oil exporters’ equities in their volatility connectedness
with oil shocks. Esparcia et al. [41] revisited the safe-haven
attribute of gold in a time-frequency paradigm covering the
COVID-19 era. ,e basis for the study was to examine the
role of gold in an equity-dominated portfolio using hybrid
wavelet- and GARCH-based approaches. ,ey added to the
second strand of works by examining the cross-linkage be-
tween commodities and other asset classes (i.e., equities) from
BRICS and G7 markets.

It is worthily noting that the two main strands of works
on commodities and other asset classes are influenced partly
by the recent strand of works which encompasses those
pieces of literature focused on investigating the financiali-
sation hypothesis and the plausible consequences to com-
modity-dominated or multiasset portfolios [6, 7, 44, 45].
Notwithstanding, the existing evidence is devoid of the links
between African markets and global commodities. In terms
of asset allocation, African stocks and global commodities
are surrogates for foreign investors. Portfolio benefits for
international portfolio management would very certainly be
wiped out if African stocks were to become integrated
during the financialisation of global commodities.

Mathematical Problems in Engineering 3



In the African context, Boako and Alagidede [29, 30]
examined the connectedness of commodity and equity
markets with a focus on their comovements, whereas Kablan
et al. [46] focused on the link between commodity exporters’
credit and commodities. From their analysis, these works
draw no knowledge concerning the efficiency levels of
commodity and equity markets. ,us, from the existing
literature, the issue of market efficiency between commodity
and equity markets is yet to be attended to. To provide
evidence from the African context, we examine the infor-
mation flow dynamics between African equities and global
commodity classes. ,is is relevant to policymakers, in-
vestors, regulators, and practitioners. International investors
who are interested in equities from emerging markets, such
as those from Africa, stand to benefit because of the rising
issues of commodity financialisation that compromises the
safe-haven properties of some commodity investments. For
policymakers and practitioners in Africa, the use of equity
markets to attract capital flows can be effectively strategized
when the mutual information transfer between international
commodities and African equities is acknowledged.

Methodically, the use of transfer entropies, which
quantifies the mutual information shared between financial
markets, has gained attention in recent finance literature
(see, e.g., [1, 9, 15, 16, 33, 47–50]). ,e relevance of entropy-
based assessment of market efficiency is envisaged from the
overflow of stressed market conditions in recent periods
[50]. Tiwari et al. [36] found weak efficiency in energy spot
markets, strong efficiency in Diesel Fuel markets, and an
absence of efficiency with Propane markets when they ex-
amined long memory’s persistence in petroleum and crude
products. ,eir finding signals that the efficiency level of
commodity markets could be based on the type of com-
modity. Similarly, out of financialisation, it is natural to
expect that the cross-market efficiency levels, which emanate
from commodity-dominated or multiasset portfolios [6],
would differ between commodity types and/or classes.

,erefore, in providing evidence from the African
context, we employ a transfer entropy-based approach to
examine the efficiency levels of global commodity classes
and African equity markets, focusing on major producers or
exporters of various commodities in Africa.

3. Materials and Methods

3.1. Data. We utilise daily datasets—stock and commodity
market indices—spanning from 22 February 2010 to 4
February 2022. A total of 13 African equity markets (Egypt,
Ghana, Ivory Coast, Kenya, Malawi, Morocco, Namibia,
Nigeria, South Africa, Tanzania, Uganda, Zambia, and
Zimbabwe) are segregated into 12 commodity-based sam-
ples categorised into precious metals (gold, silver, palladium,
and copper), softs (cocoa and coffee), grains (corn, rice, and
soybeans), energies (crude oil and natural gas), and palm oil,
which is unclassified in the broader categories of NASDAQ
[51]. ,e choice of each sample was based on available stock
market data for African countries. ,e constituent stock
markets for the 12 commodity-based samples were deter-
mined by the major exporters of the various commodities in

Africa. All data were supplied by EquityRT. ,e time-series
plots for these samples are pictorially shown in Figure 1 with
the numerical sample statistics in Table 1.

,e observations for the various samples were numbered
from 973 to 2022. All commodities recorded positive mean
returns except corn.,e return series portrays either mild or
negative skewness, explaining why most of the stock markets
recorded mean negative returns. ,e study period is filled
with notable financial market meltdowns, and, hence, it is
unsurprising that stock markets may—on average—record
negative returns.,is is also confirmatory of the results from
the Jarque–Bera test of normality, in which all return series
reject the hypothesis for normally distributed series. ,e
return series for all the variables showed a leptokurtic
character, which mimics the stylised fact about financial
assets [52]. ,e stationarity properties of the return series
were confirmed using the tests of Dickey and Fuller and
Phillips and Perron, both of which proved that the return
series are stationary at the 1% level of significance.

From Figure 1, as the raw series for the various indices
indicate either peaks and troughs across crisis periods, the
return series also display volatility clusters across diverse
time and events. Notably, after experiencing peaks or
troughs in crisis periods, the return series bounces back or
assumes their fundamental behaviour [2].

3.2. Methodologies

3.2.1. ICEEMDAN. ,e latest strand of the EMD family-
—the ICEEMDAN from Huang [20]—caters for noise that
usually dominates the short term [16, 19]. Its strengths
include efficiency, the noise-to-signal ratio (i.e., SNR),
compression of modal decomposition in dynamic signals,
and precision with reconstruction [1, 53]. ,e ICEEMDAN
strand of Colominas et al. [54], which has the best of these
properties, is summarised as follows:

Stage I: generate a new series by appending a white
noise τ1[ω(i)] to a signal α

α(i)
� α + ρ0 ω(i)

 , i � 1, 2, . . . , N, (1)

where ω(i) is the i-th white noise term added, ρ0 denotes
the SNR, and the number of added white noises is
represented by N.
Stage II: estimate the local average of α(i) by applying
the EMD to glean the opening residual

r1 �
1
N

  

N

i�1
M α(i)

 , (2)

from which the first IMF c1 � α − r1 could be deduced.
Stage III: in a recursive process, generate the k-th IMF
ck � rk−1 − rk, for k≥ 2, where

rk �
1
N

  

N

i�1
M rk−1 + ρk−1τk ω(i)

  . (3)

4 Mathematical Problems in Engineering



900

700

500

G
ha

na

300

0.1

0.0

-0.1

G
ha

na

-0.2

0.5

0.4

0.3Iv
or

y.
Co

as
t

0.2

0.10

0.00

0.05

-0.05

Iv
or

y.
Co

as
t

3000

2500

2000

14 16 18
Date

20 22 14 16 18
Date

20 22

Co
co

a

Co
co

a

0.10

0.00

0.05

-0.05

(a)

14 16 18
Date

20 22 14 16 18
Date

20 22

0.5
0.4

0.3

Iv
or

y.
Co

as
t

0.2

1.8
1.6
1.4Ke

ny
a

1.2

1.75
1.50
1.25

Ta
nz

an
ia

1.00
0.75

0.7
0.6
0.5U

ga
nd

a

0.4

2.5
2.0
1.5

Co
ffe

e

1.0

0.10
0.05
0.00

Iv
or

y.
Co

as
t

-0.05

0.2

0.0

Ke
ny

a

-0.2

0.4
0.2
0.0

Ta
nz

an
ia

-0.2
-0.4
0.1

0.0

U
ga

nd
a

-0.1

-0.2

-0.1
0.0
0.1
0.2

Co
ffe

e

(b)

12 15 18
Date

21 12 15 18 21
Date

4

3

2

Co
pp

er

750

1000

2000

3000

4000

500

250

Za
m

bi
a 0.05

0.10

0.00

-0.05

Za
m

bi
a

0.00

0.05

-0.05

-0.10So
ut

h.
A

fri
ca

So
ut

h.
A

fri
ca

100

200

300

400

N
am

ib
ia

-1

0

1

N
am

ib
ia

0.00
0.05
0.10

-0.05
-0.10

Co
pp

er

(c)

12 15 18 21
Date

12 15 18 21
Date

3500
4000

3000
2500Tu

ni
sia

1400
1600

1200
1000M

or
oc

co

1000

1250

750

Eg
yp

t

150
200
250

100
50

N
ig

er
ia

90
60
30Cr

ud
e.O

il

-0.10
-0.05

0.00
0.05
0.10

Tu
ni

sia

-0.05
0.00
0.05

-0.10
-0.15

M
or

oc
co

-0.2
-0.1
0.0
0.1

-0.3
-0.4

Eg
yp

t

-0.1
0.0
0.1

-0.2
-0.3

N
ig

er
ia

0.00
0.25

-0.25
-0.50Cr

ud
e.O

il

(d)

12 14 16 18
Date

20 22 12 14 16 18 20 22
Date

0.3
0.4
0.5
0.6
0.7

3
4
5
6
7
8

Co
rn

U
ga

nd
a

2000
3000
4000

So
ut

h.
A

fri
ca

50
100
150
200
250

N
ig

er
ia

20
30
40
50

M
al

aw
i

-0.4
-0.2
0.0
0.2

M
al

aw
i

-0.2
0.0
0.2

Ke
ny

a

1.0
1.5
2.0

Ke
ny

a

750
1000
1250

Eg
yp

t

-0.4
-0.2
0.0
0.2

Eg
yp

t

-0.3
-0.2
-0.1
0.0
0.1

N
ig

er
ia

0.0
0.1
-0.2
-0.1
0.0
0.1

-0.1
-0.3
-0.2Co

rn
U

ga
nd

a

-0.2
-0.1
0.0
0.1

So
ut

h.
A

fri
ca

(e)

13 16 19 22
Date

13 16 19 22
Date

15.0
17.5

10.0
12.5

7.5So
yb

ea
ns

1000
750
500
250Za

m
bi

a

-0.4

-0.2

0.0

0.0
-0.1

So
yb

ea
ns

Za
m

bi
a

-0.2
-0.1

0.1
0.0

U
ga

nd
a

0.3
0.4

0.7
0.6
0.5

U
ga

nd
a

50
100

250
200
150

N
ig

er
ia

400

1000
800
600G

ha
na

20

50
40
30M

al
aw

i

-0.3
-0.2

0.1
0.0

-0.1

N
ig

er
ia

G
ha

na

-0.4

0.2
0.0

-0.2

-0.2

0.0
0.1

-0.1

M
al

aw
i

(f)

Figure 1: Continued.
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Figure 1: Time-series plots of stock and commodity indices and returns. (a) Cocoa sample, (b) coffee sample, (c) copper sample, (d) crude
oil sample, (e) corn sample, (f ) soybeans sample, (g) palladium sample, (h) silver sample, (i) gold sample, (j) natural gas sample, (k) palm oil
sample, and (l) rice sample.

6 Mathematical Problems in Engineering



Table 1: Descriptive summary.

Obs. Min Max Mean SD Skewness Kurtosis Normtest.W ADF PP
Panel A: cocoa

Ghana 1972 −0.1844 0.1750 −0.0003 0.0101 0.0652 104.8500 0.6661a −17.528a −48.7839a

Ivory Coast 1972 −0.0823 0.1036 −0.0002 0.0121 0.1671 6.4977 0.9370a −46.8546a −47.0482a

Cocoa 1972 −0.0890 0.1149 0.0001 0.0180 −0.0475 1.7259 0.9878a −45.0131a −45.0131a

Panel B: coffee
Ivory Coast 1680 −0.0723 0.1091 −0.0003 0.0124 0.5190 8.4786 0.9190a −43.6861a −43.6501a

Kenya 1680 −0.3384 0.3205 0.0001 0.0173 −1.7359 184.4839 0.4779a −49.6608a −49.8064a

Tanzania 1680 −0.3807 0.3911 −0.0001 0.0190 0.2442 218.9706 0.4415a −37.4915a −58.0894a

Uganda 1680 −0.1995 0.1055 −0.0002 0.0126 −2.1530 44.1631 0.8072a −38.2268a −38.6505a

Coffee 1680 −0.1505 0.2180 0.0003 0.0239 0.5653 6.1437 0.9537a −43.0812a −43.0746a

Panel C: copper
Namibia 2514 −1.4841 1.5234 0.000 0.0476 0.9116 787.6078 0.2793a −38.9807a −93.3737a

South Africa 2514 −0.1214 0.0891 0.0001 0.0179 −0.5405 3.6386 0.9646a −49.6459a −49.8784a

Zambia 2514 −0.0851 0.1234 −0.0002 0.0122 0.3057 12.1004 0.8648a −41.7554a −41.7409a

Copper 2514 −0.1109 0.0988 0.0001 0.0155 −0.1475 3.8851 0.9636a −51.6736a −51.7484a

Panel D: corn
Egypt 1500 −0.4048 0.2659 −0.0002 0.0245 −3.7138 81.0439 0.6664a −34.8129a −34.6987a

Kenya 1500 −0.3384 0.3205 0.0002 0.0185 −1.6310 148.3292 0.5600a −43.1659a −43.0374a

Malawi 1500 −0.3944 0.3033 0.0003 0.0192 −8.9872 278.4907 0.2901a −19.7749a −39.7032a

Nigeria 1500 −0.3213 0.1037 −0.0002 0.0187 −5.3234 81.6910 0.6589a −35.6957a −36.3834a

South Africa 1500 −0.2240 0.0876 0.0001 0.0225 −1.9575 16.3399 0.8766a −40.4411a −40.4639a

Uganda 1500 −0.2022 0.1055 0.0000 0.0158 −1.5903 23.5141 0.8387a −37.3765a −37.7664a

Corn 1500 −0.2909 0.0858 −0.0001 0.0241 −2.9605 29.2003 0.7994a −36.4454a −36.3915a

Panel E: crude oil
Egypt 2023 −0.4048 0.1170 −0.0002 0.0216 −5.8759 100.6912 0.7104a −39.7403a −39.4535a

Morocco 2023 −0.1732 0.0556 0.0000 0.0102 −2.4088 44.2860 0.8518a −40.8932a −40.8884a

Nigeria 2023 −0.3426 0.0812 −0.0002 0.0163 −5.8521 110.6448 0.6922a −40.0702a −40.7037a

Tunisia 2023 −0.0951 0.1086 −0.0002 0.0096 −0.1891 16.8704 0.8915a −47.959a −47.959a

Crude oil 2023 −0.6856 0.3196 0.0001 0.0358 −3.8484 84.6567 0.7053a −24.5349a −49.6916a

Panel F: gold
Ghana 1765 −0.1844 0.1750 −0.0003 0.0103 −0.9313 111.4390 0.6378a −17.5152a −48.3704a

Ivory Coast 1765 −0.0663 0.1148 −0.0003 0.0126 1.0164 10.6749 0.8996a −43.911a −43.9843a

South Africa 1765 −0.1492 0.0840 0.0001 0.0182 −0.9988 7.6810 0.9333a −43.4889a −43.4889a

Tanzania 1765 −0.3807 0.3930 −0.0001 0.0186 0.4598 226.0898 0.4428a −38.6487a −60.0466a

Gold 1765 −0.0888 0.0525 0.0001 0.0101 −1.1150 9.7180 0.9124a −40.8272a −40.8123a

Panel G: natural gas
Egypt 1880 −0.4048 0.2548 −0.0003 0.0222 −3.0051 74.0860 0.7287a −38.0372a −37.9597a

Nigeria 1880 −0.3426 0.0893 −0.0002 0.0171 −5.8108 103.1627 0.6708a −38.6803a −39.3506a

Tanzania 1880 −0.1907 0.1778 0.0000 0.0137 0.7186 56.4202 0.6514a −53.2264a −52.2806a

Natural gas 1880 −0.2866 0.2637 0.0000 0.0386 0.3514 7.6845 0.9118a −46.9268a −47.3475a

Panel H: palladium
South Africa 973 −0.1264 0.0840 0.0001 0.0187 −0.8466 5.4978 0.9396a −31.8417a −31.8349a

Zimbabwe 973 −0.9230 0.1656 0.0001 0.0499 −11.6507 200.3893 0.3812a −13.995a −28.0297a

Palladium 973 −0.2298 0.1814 0.0008 0.0234 −0.7266 15.9859 0.8704a −27.4854a −27.3236a

Panel I: palm oil
Ghana 1971 −0.1899 0.1750 −0.0003 0.0102 −0.2971 108.8040 0.6714a −15.0156a −49.813a

Ivory Coast 1971 −0.0663 0.1114 −0.0002 0.0122 0.6882 8.7048 0.9200a −47.3046a −47.416a

Kenya 1971 −0.3384 0.3205 0.0000 0.0153 −0.9127 234.9609 0.5133a −55.1105a −55.6653a

South Africa 1971 −0.1400 0.0840 0.0001 0.0178 −0.6833 5.2416 0.9544a −46.3204a −46.3017a

Palm oil 1971 −0.1219 0.1304 0.0003 0.0179 −0.1353 5.5025 0.9511a −47.2528a −47.2528a

Panel J: rice
Egypt 1849 −0.4048 0.2548 −0.0003 0.0224 −2.9181 72.2304 0.7279a −38.0794a −38.0155a

Nigeria 1849 −0.3426 0.0893 −0.0002 0.0173 −5.6259 99.9010 0.6705a −38.1888a −38.8014a

Tanzania 1849 −0.1907 0.1778 0.0000 0.0139 0.8522 56.0470 0.6438a −52.7263a −51.8117a

Rice 1849 −4.6766 4.8092 0.0001 0.1575 1.2361 887.3842 0.0565a −22.3664a −309.259a

Panel K: silver
Namibia 2724 −1.4841 1.5234 0.0000 0.0458 0.9491 852.4708 0.2763a −40.5522a −97.5834a

Zambia 2724 −0.1055 0.1234 −0.0002 0.0119 0.3309 14.1308 0.8546a −44.8787a −44.994a

Silver 2724 −0.1979 0.1472 0.0001 0.0195 −0.8753 10.8045 0.8996a −38.5115a −50.5268a
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We summarise the algorithm for ICEEMDAN in Figure 2.
In line with existing works [55, 56], the number of IMFs and
the selected IMFs to represent the short-, medium-, and long-
term dynamics are presented in Table 2.

3.2.2. Rényi Transfer Entropy. Let I, with marginal proba-
bility p(i), and J, with marginal probability p(j), represent
two discrete random time series. ,eir joint probability is
then defined as p(i, j). At order k (process I) and I

(process J), we also assume dynamic stationarity for the
Markov process. As stated by the Markov property, the
probability at which I is observed in state i and time t + 1
conditioned on k preceding data points is

p it+1|it, . . . , it−k+1(  � p it+1|it, . . . , it−k( . (4)

,emean bits needed for encoding the data point at t + 1
after knowing k observations are given as

hj(k) � − 
i

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

(k)
t , (5)

where i
(k)
t � (it, . . . , it−k+1) (correspondingly for process J).

Information flow to I from J is examined in a bivariate
case by quantifying the variance from the Markov property
p(it+1|i

(k)
t ) � p(it+1|i

(k)
t , j

(I)
t ). Shannon entropy is then

expressed as

TJ⟶I(k, l) �  P it+1, i
(k)
t , j

(I)
t log

P it+1|i
(k)
t , j

(I)
t 

P it+1|i
(k)
t 

, (6)

where TJ⟶I aggregates the information flow towards I from
J. Analogously, the flow of information to J from I, which is
TJ⟶I, can be obtained.,e net estimate of information flow
is computed as the excess of TJ⟶I over TI⟶J, which serves
as the central information flow path.

,e expediency of S-TE in the area of finance cannot
be overemphasised, but it does not attribute equal weights

Table 1: Continued.

Obs. Min Max Mean SD Skewness Kurtosis Normtest.W ADF PP
Panel L: soybeans

Ghana 2022 −0.1844 0.1750 −0.0003 0.0104 −1.0241 104.6118 0.6534a −18.6538a −51.1332a

Malawi 2022 −0.3946 0.2992 0.0003 0.0164 −10.9823 393.8550 0.2505a −44.9919a −45.8344a

Nigeria 2022 −0.3426 0.0947 −0.0002 0.0158 −7.4810 143.8948 0.6165a −40.091a −40.8739a

Uganda 2022 −0.1995 0.1055 0.0000 0.0138 −1.5791 29.4339 0.8302a −45.0267a −45.3517a

Zambia 2022 −0.3908 0.1505 −0.0004 0.0149 −8.3849 239.6836 0.6076a −41.7939a −41.8346a

Soybeans 2022 −0.1668 0.0726 0.0001 0.0149 −1.4990 13.6953 0.9033a −42.6755a −42.6686a

Notes. ap< 0.001.
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α [n] + β0E1 (w(1) [n])

M (α [n] + β0E1 (w(1) [n]))
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Figure 2: Flowchart of the ICEEMDAN algorithm [1, 16, 54].
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to all probable expectations in a probability distribution.
Note that fat tails are pervasive in asset pricing, but S-TE
does not overcome this assumption. ,erefore, we resort
to Rényi’s [57] transfer entropy, which uses a weighting
value q, to overcome the shortfall of S-TE. R-TE is
computed as

H
q
J �

1
1 − q

log2 
j

P
q
(j), (7)

with q> 0. For q⟶ 1, R-TE and S-TE converge. For
0< q< 1, more weight is assigned to low probability events,
whilst for q> 1, outputs j with higher initial probabilities are
favoured by the weights. Resultantly, based on q, R-TE
facilitates the assignment of different weights to unequal
regions of the distribution [1, 35, 58]. ,is feature of R-TE
makes it superior to S-TE and, hence, its desirability in
finance.

,e “escort distribution” ∅q(j) � pq(j)/jp
q(j) for

q> 0 is applied to normalise the weighted distributions [59],
from which R-TE is estimated as

RTJ⟶I(k, l) �
1

1 − q
p it+1, i

(k)
t , j

(I)
t 

· log2
i∅q i

(k)
t P

q
it+1|i

(k)
t 

i,j∅q i
(k)
t , j

(I)
t P

q
it+1|i

(k)
t , j

(I)
t 

.

(8)

Note that negative estimates could be provided by the
R-TE. Acknowledging J’s record, in this case, connotes
significantly more uncertainty than acknowledging only I’s
record would imply.

TE estimations are subject to biases in small samples
[60].,e effective transfer entropy (i.e., ETE) can resolve this
and is derived as

ETEJ⟶I(k, l) � TJ⟶I(k, l) − TJshuffle d⟶I(k, l), (9)

where the TE using faltered forms of the data series J is
represented as TJshuffle d⟶I(k, l). ,e procedure removes
the data series’ serial reliance of J, whilst the statistical
linkages amid J and I are preserved through repetitive
random draws from the given return series J and rear-
ranging them to produce a fresh return series. We utilise
the package “RTransferEntropy” in R programming.

Table 2: Number of IMFs and selected IMFs from the ICEEMDAN
algorithm.

Number of IMFs Selected IMFs
Panel A: cocoa

Ghana 11 1, 5, 11
Ivory Coast 11 1, 5, 11
Cocoa 10 1, 5, 10

Panel B: coffee
Ivory Coast 10 1, 5, 10
Kenya 10 1, 5, 10
Tanzania 11 1, 5, 11
Uganda 10 1, 5, 10
Coffee 10 1, 5, 10

Panel C: copper
Namibia 12 1, 5, 12
South Africa 10 1, 5, 10
Zambia 11 1, 5, 11
Copper 10 1, 5, 10

Panel D: corn
Egypt 10 1, 5, 10
Kenya 10 1, 5, 10
Malawi 11 1, 5, 11
Nigeria 11 1, 5, 11
South Africa 10 1, 5, 10
Uganda 11 1, 5, 11
Corn 12 1, 5, 12

Panel E: crude oil
Egypt 11 1, 5, 11
Morocco 10 1, 5, 10
Nigeria 12 1, 5, 12
Tunisia 10 1, 5, 10
Crude oil 11 1, 5, 11

Panel F: gold
Ghana 10 1, 5, 10
Ivory Coast 11 1, 5, 11
South Africa 10 1, 5, 10
Tanzania 11 1, 5, 11
Gold 11 1, 5, 11

Panel G: natural gas
Egypt 11 1, 5, 11
Nigeria 12 1, 5, 12
Tanzania 11 1, 5, 11
Natural gas 11 1, 5, 11

Panel H: palladium
South Africa 10 1, 5, 10
Zimbabwe 11 1, 5, 11
Palladium 9 1, 5, 9

Panel I: palm oil
Ghana 10 1, 5, 10
Ivory Coast 10 1, 5, 10
Kenya 11 1, 5, 11
South Africa 11 1, 5, 11
Palm oil 10 1, 5, 10

Panel J: rice
Egypt 11 1, 5, 11
Nigeria 12 1, 5, 12
Tanzania 12 1, 5, 12
Rice 11 1, 5, 11

Panel K: silver
Namibia 11 1, 5, 11

Table 2: Continued.

Number of IMFs Selected IMFs
Zambia 11 1, 5, 11
Silver 10 1, 5, 10

Panel L: soybeans
Ghana 11 1, 5, 11
Malawi 11 1, 5, 11
Nigeria 11 1, 5, 11
Uganda 11 1, 5, 11
Zambia 11 1, 5, 11
Soybeans 10 1, 5, 10
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4. Empirical Results

4.1. Multiscale Analysis of Transfer Entropies. We examine
the causal influence between global commodities and Af-
rican stock market returns. Fat tails are pervasive in asset
pricing and need to be accounted for. As a result, within the
confidence bound of 95%, we use Rényi’s TE approach by
specifying a weighting value q � 0.30, which helps to ac-
count for fat tails [2, 16, 22].

We follow the extant literature to represent the short
term with IMF1, the medium term with IMF5, and the long
term with the residual IMF [55, 56]. Estimation results are
detailed in Figures 3–6 (with numerical ETEs in Table 3) (the
ETEs for the remaining IMFs are quantitatively similar and
are available upon request.). ETEs for signal (composite) and
IMFs are both reported for comparison. Frequency-domain
(signal/composite) ETEs are demonstrated by black dots
located in blue (red) bars. ,e ends of blue or red bars
represent the 95% confidence bounds. ,erefore, the hy-
pothesis of “no information flow” is not supported by any
confidence bounds that fully fit in either the positive or
negative region. ETEs are statistically nonsignificant if the
confidence boundaries cross the origin. High-risk (low-risk)
assets are depicted by negative (positive) ETEs.

From Figure 3, the composite or signal ETEs show
differing directions, magnitudes, and significance. Infor-
mation flow between commodities and equities for the
samples cocoa, copper, natural gas, palladium, and silver
samples are statistically insignificant. For the coffee sample,
Tanzania (Kenya) receives negative information flow from
the coffee market. Uganda and Ivory Coast transmit negative
flow towards coffee. ,us, the results communicate high
uncertainties in African stock returns when the coffee
market is hit by a crisis. Nigeria is the only market that
receives significant flow from corn at the composite level.
,e Egyptian market receives (transmits) negative flow from
(towards) crude oil, suggesting that the information flow
between crude oil and stockmarkets’ returns is bidirectional.
,e Moroccan and Nigerian markets also transmit signifi-
cant negative flow to the crude oil market returns.

From the gold sample, the South African (Ivorian)
market receives (transmits) negative flows from (towards)
gold returns. ,e bidirectional interplay of information flow
found for the crude oil sample also holds for palm oil, where
Kenya is both a receiver and transmitter of negative ETE. For
the rice sample, when shocks befall the rice market, the
Egyptian and Tanzanian stock markets are negatively af-
fected, but the same does not hold when shocks befall the
stock markets and, hence, makes investments in the
Egyptian and Tanzanian markets more uncertain. Zambia
receives a negative ETE from soybeans whilst Ghana receives
a positive ETE.

Although the signal (composite) ETEs are important to
examine how each variable learns the state of the other
through observation [28], it conceals relevant information
that may be relevant for time-based investors. ,erefore, the
frequency-domain ETEs are further analysed.

Figure 4 depicts the short-term ETEs from which we find
that Kenya and Ivory Coast receive negative ETEs from

coffee. Namibia (Egypt) responds negatively to information
flow from copper (corn) in the short term. ,e bidirectional
interplay between crude oil and stocks is strengthened in the
short term, as shown by the increased number of negative
ETE transmissions between crude oil and the stock markets
of Morocco, Egypt, and Nigeria in the short term. ,e signal
ETEs only reveal Egypt as the significant variable, but the
frequency-domain ETEs unravel the potential of additional
markets. ,is further substantiates the need for frequency-
domain analysis, as employed in this study.

Bicausality is also found for the ETEs between South
Africa and gold and Zambia and soybeans in the short term.
Egypt (Nigeria) receives (transmits) negative flows from
(towards) natural gas in the short term. South Africa
(Nigeria) receives (transmits) negative flows from (towards)
palladium (rice), whilst Uganda and Malawi also receive
negative flows from soybeans. ,e number of negative ETEs
increases in the short term, indicating that returns from
equities markets stand high uncertainties given shocks from
their respective dominant commodity markets.

,e transmission of ETEs in the medium term is
depicted in Figure 5. From the cocoa sample, the negative
ETE recipient status of Ivory Coast was found significant in
the medium term; meanwhile, it was insignificant at the
signal or composite level. Kenya and Uganda (Ivory Coast)
receive (transmit) negative flows from (towards) coffee in
the medium term. Malawi (South Africa) is a negative ETE
recipient (transmitter) from (towards) the corn sample. In
the medium term, Nigeria, Tunisia, and Morocco receive
negative ETEs from crude oil with Morocco also trans-
mitting negative flows to crude oil. ,e findings reignite the
bidirectional causality in the case of crude oil. Ivory Coast
and Tunisia receive negative ETEs from gold whilst South
Africa transmits a negative ETE to gold.

Egypt and Tanzania (Egypt and Nigeria) receive
(transmit) negative ETEs from (towards) natural gas. ,e
bidirectional (bicausality) interplay is once again revealed
between the Egyptian and natural gas ETEs. ,is is the same
as the case of the ETEs between Zambia and palladium,
Namibia and silver, and Malawi and soybeans, all in the
medium term. It is important to note that we find that South
Africa (Tanzania) transmits a negative ETE towards palla-
dium (rice), whilst Ivory Coast, Ghana, and South Africa all
transmit negative flows towards palm oil. From the silver
sample, when shocks befall the equities markets of dominant
African silver producers or exporters, Namibia transmits a
negative ETE to silver, whilst Zambia transmits a positive
ETE to silver. With the high and low-risk status of Namibia
and Zambia, respectively, they could serve as diversifiers for
one another during such a market condition. A similar
observation holds for the soybeans sample between Malawi
(high risk) and Uganda (low risk) in the medium term.

,e ETEs between residual IMFs for equities and
commodity markets are detailed in Figure 6. Virtually all
ETEs are negative in the long term. South Africa and Zambia
reveal exceptional positive ETEs in the palladium and silver
samples, respectively, all of which are insignificant. Aside
from these exceptional nonsignificant ETEs, all other ETEs
from all commodity-based samples in the long term were
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Figure 3: Continued.
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Figure 3: Signal ETEs between stock and commodity markets’ returns.
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Table 3: Numerical ETEs.

Market Direction
Signal/composite IMF1 (short term) IMF5 (medium term) Residual IMF (long term)

β SE t-stats β SE t-stats β SE t-stats β SE t-stats
Panel A: cocoa sample

Ghana Cocoa->stocks −0.0339 0.0435 −0.7801 −0.0458 0.0496 −0.9236 0.0529 0.0600 0.8810 −0.0293 0.0436 −0.6713
Ghana Stocks->cocoa 0.0203 0.0430 0.4732 0.0848 0.0567 1.4961 −0.0218 0.0554 −0.3935 −0.0401 0.0358 −1.1206
Ivory Coast Cocoa->stocks −0.0344 0.0439 −0.7838 −0.0196 0.0498 −0.3928 −0.1445 0.0529 −2.7317 −0.0296 0.0431 −0.6861
Ivory Coast Stocks->cocoa −0.0278 0.0439 −0.6336 0.0151 0.0571 0.2643 −0.0027 0.0545 −0.0490 −0.0550 0.0225 −2.4454

Panel B: coffee sample
Ivory Coast Coffee->stocks −0.0512 0.0417 −1.2291 −0.0932 0.0540 −1.7256 −0.0671 0.0552 −1.2155 −0.0379 0.0431 −0.8787
Ivory Coast Stocks->coffee −0.0768 0.0464 −1.6546 −0.0390 0.0607 −0.6427 −0.1341 0.0579 −2.3164 −0.0436 0.0514 −0.8476
Kenya Coffee->stocks 0.0902 0.0469 1.9216 −0.0942 0.0558 −1.6873 −0.1151 0.0543 −2.1175 −0.0588 0.0462 −1.2712
Kenya Stocks->coffee −0.0017 0.0458 −0.0368 −0.0872 0.0690 −1.2625 −0.0658 0.0589 −1.1168 −0.0578 0.0424 −1.3626
Tanzania Coffee->stocks −0.0886 0.0442 −2.0028 −0.0872 0.0555 −1.5718 −0.0109 0.0563 −0.1933 −0.0369 0.0423 −0.8730
Tanzania Stocks->coffee 0.0211 0.0438 0.4828 −0.0439 0.0690 −0.6356 −0.0283 0.0565 −0.5015 −0.0432 0.0513 −0.8416
Uganda Coffee->stocks −0.0618 0.0421 −1.4679 −0.0436 0.0554 −0.7859 −0.1137 0.0557 −2.0411 −0.0544 0.0404 −1.3460
Uganda Stocks->coffee −0.0896 0.0470 −1.9074 −0.0784 0.0640 −1.2242 −0.0488 0.0620 −0.7873 −0.0472 0.0458 −1.0315

Panel C: copper sample
Namibia Copper->stocks −0.0071 0.0393 −0.1811 −0.1047 0.0445 −2.3531 −0.0456 0.0562 −0.8113 −0.0529 0.0460 −1.1500
Namibia Stocks->copper −0.0672 0.0408 −1.6456 −0.0296 0.0553 −0.5343 −0.0712 0.0554 −1.2848 −0.0771 0.0199 −3.8685
South Africa Copper->stocks −0.0557 0.0385 −1.4456 −0.0615 0.0433 −1.4200 −0.0819 0.0549 −1.4929 −0.0522 0.0466 −1.1215
South Africa Stocks->copper −0.0528 0.0420 −1.2595 −0.0318 0.0434 −0.7338 −0.0063 0.0573 −0.1094 −0.0404 0.0381 −1.0596
Zambia Copper->stocks 0.0295 0.0405 0.7278 −0.0513 0.0444 −1.1568 −0.0925 0.0591 −1.5656 −0.0532 0.0463 −1.1488
Zambia Stocks->copper −0.0076 0.0442 −0.1712 −0.0299 0.0493 −0.6074 −0.0501 0.0532 −0.9405 −0.0773 0.0207 −3.7395

Panel D: corn sample
Egypt Corn->stocks −0.0721 0.0465 −1.5504 −0.1153 0.0658 −1.7536 −0.0200 0.0574 −0.3488 −0.0592 0.0405 −1.4632
Egypt Stocks->corn 0.0093 0.0446 0.2085 −0.0952 0.0696 −1.3674 −0.0687 0.0580 −1.1851 −0.0467 0.0438 −1.0660
Kenya Corn->stocks −0.0203 0.0451 −0.4511 −0.0799 0.0682 −1.1714 0.0611 0.0585 1.0432 −0.0471 0.0393 −1.1974
Kenya Stocks->corn −0.0291 0.0451 −0.6458 −0.0322 0.0693 −0.4651 0.0475 0.0624 0.7618 −0.0456 0.0501 −0.9097
Malawi Corn->stocks 0.0542 0.0496 1.0925 −0.0259 0.0634 −0.4091 −0.1122 0.0579 −1.9370 −0.0610 0.0386 −1.5790
Malawi Stocks->corn −0.0510 0.0473 −1.0772 −0.1169 0.0757 −1.5446 −0.0348 0.0590 −0.5894 −0.0877 0.0228 −3.8530
Nigeria Corn->stocks −0.0920 0.0481 −1.9124 −0.0915 0.0681 −1.3439 0.0216 0.0565 0.3823 −0.0611 0.0387 −1.5807
Nigeria Stocks->corn −0.0623 0.0514 −1.2122 −0.0924 0.0719 −1.2856 −0.0685 0.0554 −1.2367 −0.0874 0.0232 −3.7640
South Africa Corn->stocks 0.0723 0.0477 1.5145 0.0032 0.0707 0.0447 0.0666 0.0545 1.2216 −0.0303 0.0398 −0.7614
South Africa Stocks->corn −0.0178 0.0443 −0.4025 −0.0349 0.0621 −0.5628 −0.1014 0.0529 −1.9172 −0.0288 0.0510 −0.5646
Uganda Corn->stocks −0.0064 0.0468 −0.1358 −0.1056 0.0678 −1.5566 −0.0853 0.0565 −1.5117 −0.0452 0.0387 −1.1695
Uganda Stocks->corn 0.0044 0.0471 0.0926 −0.0815 0.0685 −1.1903 −0.0403 0.0585 −0.6878 −0.0449 0.0526 −0.8550

Panel E: crude oil sample
Egypt Crude oil->stocks −0.0914 0.0450 −2.0328 −0.1222 0.0611 −1.9996 −0.0860 0.0545 −1.5767 −0.0818 0.0359 −2.2765
Egypt Stocks->crude oil −0.0819 0.0472 −1.7356 −0.1447 0.0676 −2.1402 −0.0705 0.0581 −1.2126 −0.0815 0.0360 −2.2626
Morocco Crude oil->stocks −0.0520 0.0485 −1.0727 −0.1266 0.0598 −2.1177 −0.1510 0.0542 −2.7858 −0.0692 0.0349 −1.9827
Morocco Stocks->crude oil −0.0760 0.0433 −1.7538 −0.1019 0.0570 −1.7868 −0.1346 0.0552 −2.4383 −0.0763 0.0348 −2.1903
Nigeria Crude oil->stocks −0.0482 0.0472 −1.0212 −0.1117 0.0569 −1.9614 −0.1228 0.0567 −2.1657 −0.0564 0.0348 −1.6208
Nigeria Stocks->crude oil −0.1112 0.0450 −2.4713 −0.1125 0.0622 −1.8092 0.0434 0.0575 0.7555 −0.0812 0.0228 −3.5580
Tunisia Crude oil->stocks −0.0114 0.0456 −0.2493 −0.0502 0.0617 −0.8141 −0.1519 0.0548 −2.7706 −0.0560 0.0357 −1.5669
Tunisia Stocks->crude oil 0.0043 0.0416 0.1028 −0.0202 0.0544 −0.3715 −0.0188 0.0566 −0.3323 −0.0811 0.0225 −3.6040

Panel F: gold sample
Ghana Gold->stocks −0.0004 0.0463 −0.0083 −0.0203 0.0634 −0.3196 0.0050 0.0614 0.0809 −0.0581 0.0484 −1.2005
Ghana Stocks->gold 0.0334 0.0453 0.7378 0.0385 0.0627 0.6138 −0.0049 0.0615 −0.0800 −0.0850 0.0220 −3.8660
Ivory Coast Gold->stocks −0.0224 0.0445 −0.5023 −0.0444 0.0640 −0.6935 −0.1627 0.0600 −2.7135 −0.0582 0.0497 −1.1706
Ivory Coast Stocks->gold −0.1110 0.0454 −2.4426 −0.0984 0.0615 −1.5997 −0.0330 0.0624 −0.5299 −0.0856 0.0214 −3.9954
South Africa Gold->stocks −0.1258 0.0428 −2.9361 −0.1304 0.0601 −2.1698 −0.0707 0.0585 −1.2070 −0.0581 0.0484 −1.2019
South Africa Stocks->gold −0.0669 0.0479 −1.3958 −0.1601 0.0602 −2.6583 −0.1988 0.0545 −3.6462 −0.0846 0.0226 −3.7395
Tanzania Gold->stocks 0.0404 0.0442 0.9133 −0.0561 0.0607 −0.9236 −0.1334 0.0561 −2.3795 −0.0838 0.0470 −1.7826
Tanzania Stocks->gold −0.0232 0.0462 −0.5026 0.0118 0.0671 0.1751 −0.0088 0.0599 −0.1476 −0.0842 0.0492 −1.7101

Panel G: natural gas sample
Egypt Natural gas->stocks 0.0154 0.0412 0.3730 −0.1336 0.0586 −2.2821 −0.1690 0.0562 −3.0083 −0.0431 0.0490 −0.8797
Egypt Stocks->natural gas 0.0326 0.0482 0.6754 −0.0657 0.0681 −0.9646 −0.1464 0.0572 −2.5601 −0.0648 0.0231 −2.8029
Nigeria Natural gas->stocks −0.0296 0.0448 −0.6616 0.0271 0.0558 0.4850 −0.0026 0.0565 −0.0451 −0.0432 0.0491 −0.8795
Nigeria Stocks->natural gas −0.0478 0.0476 −1.0036 −0.1284 0.0598 −2.1474 −0.1000 0.0609 −1.6429 −0.0657 0.0221 −2.9717
Tanzania Natural gas->stocks 0.0315 0.0412 0.7636 −0.0488 0.0592 −0.8241 −0.1003 0.0579 −1.7308 −0.0463 0.0486 −0.9527
Tanzania Stocks->natural gas −0.0319 0.0475 −0.6730 −0.0137 0.0636 −0.2150 0.0292 0.0602 0.4846 −0.0417 0.0421 −0.9906

Panel H: palladium sample
South Africa Palladium->stocks −0.0041 0.0580 −0.0709 −0.1290 0.0735 −1.7560 0.0094 0.0539 0.1745 −0.0793 0.0445 −1.7838
South Africa Stocks->palladium −0.0127 0.0620 −0.2047 −0.0379 0.0689 −0.5496 −0.1664 0.0510 −3.2633 0.0222 0.0419 0.5294
Zimbabwe Palladium->stocks 0.0254 0.0550 0.4612 −0.0119 0.0749 −0.1587 −0.1037 0.0516 −2.0101 −0.0317 0.0430 −0.7375
Zimbabwe Stocks->palladium −0.1002 0.0670 −1.4956 −0.1011 0.0762 −1.3262 −0.1204 0.0582 −2.0702 −0.0746 0.0281 −2.6515
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found to be negative with differing magnitudes and sig-
nificance. As indicated earlier, we find that the number of
negative ETEs increases with increasing timescales or in-
vestment horizons. In a similar vein, the number of sig-
nificant ETEs increased along with the trading horizons.
,is explains why from the long-term ETEs in Figure 6 the
number of significant ETEs is higher than those in Figures 4
and 5 (medium- and long-term horizons, resp.).

4.2. Results Discussion. Findings of the extent to which one
variable learns the state of the other through observation are
essential to provide additional insights into the intrinsic
information dynamics between the studied variables in a
single system [28]. Results from such an analysis help to
examine market efficiency in terms of asset pricing [11–13].
,e findings from the Rényi ETEs suggest bicausal infor-
mation flows between global commodity and African equity
markets’ returns. Across both the signal and frequency-
domain ETEs, the findings suggest that commodity markets
transmit negative ETEs to equities just as most equities
transfer negative ETEs to the respective commodities.

,e revelation of negative ETEs implies that knowing the
history of the corresponding variable brings more uncer-
tainty than when the history of the recipient variable only is
known [15]. Impliedly, the receival of negative ETEs by

equities markets suggests that returns on investment in
African equities markets bear high risk. ,erefore, knowing
the history of various commodity market returns results in
more uncertainty than when an investor sticks to the history
of stock market returns in Africa. ,is means that once the
returns from a particular market are highly risky, adding on
assets whose returns bear high-risk results in more uncer-
tainty and portfolio risks. Similarly, when there are negative
flows from equities’ returns to a particular commodity,
knowledge about the commodity’s returns bears less un-
certainty than when the returns from equities are incor-
porated in terms of asset allocation and policy management.

By taking a distinct focus from the previous studies that
only focused on connectedness between either African stocks
[61, 62] or commodities [34, 48, 63] or between commodities
and African stock markets [29, 46], our study provides fresh
evidence about the multiscale information flow between
global commodities and African equities markets. Our
findings corroborate the existing works that emphasise the
essence of dynamic estimators as opposed to static measures
in examining the interdependencies between either com-
modity classes only (see, e.g., [36–40]) or between com-
modities and other traditional assets (see, e.g., [34, 41, 42]).
More importantly, our findings corroborate those of Tiwari
et al. [36] who found that the efficiency levels of commodity
markets are nonhomogeneous for different commodities.

Table 3: Continued.

Market Direction
Signal/composite IMF1 (short term) IMF5 (medium term) Residual IMF (long term)

β SE t-stats β SE t-stats β SE t-stats β SE t-stats
Panel I: palm oil sample

Ghana Palm oil->stocks 0.0024 0.0455 0.0536 −0.0596 0.0588 −1.0143 0.0078 0.0581 0.1350 −0.0814 0.0349 −2.3307
Ghana Stocks->palm oil −0.0274 0.0462 −0.5917 −0.1121 0.0569 −1.9685 −0.1130 0.0572 −1.9763 −0.0821 0.0371 −2.2141
Ivory Coast Palm oil->stocks 0.0633 0.0424 1.4937 −0.0346 0.0568 −0.6089 −0.0827 0.0584 −1.4166 −0.0279 0.0346 −0.8053
Ivory Coast Stocks->palm oil 0.0464 0.0449 1.0321 −0.0973 0.0599 −1.6226 −0.1126 0.0574 −1.9610 −0.0269 0.0485 −0.5551
Kenya Palm oil->stocks −0.0901 0.0458 −1.9689 −0.1149 0.0597 −1.9240 0.0108 0.0600 0.1805 −0.0276 0.0365 −0.7563
Kenya Stocks->palm oil −0.1034 0.0463 −2.2339 −0.0278 0.0573 −0.4856 −0.0651 0.0576 −1.1308 −0.0263 0.0469 −0.5605
South Africa Palm oil->stocks −0.0613 0.0433 −1.4161 −0.0968 0.0591 −1.6368 −0.0341 0.0587 −0.5804 −0.0421 0.0364 −1.1560
South Africa Stocks->palm oil −0.0144 0.0446 −0.3220 −0.0529 0.0505 −1.0462 −0.1029 0.0575 −1.7884 −0.0598 0.0237 −2.5258

Panel J: rice sample
Egypt Rice->stocks −0.0815 0.0469 −1.7353 −0.0142 0.0599 −0.2370 0.0370 0.0431 0.8593 −0.0964 0.0213 −4.5308
Egypt Stocks->rice 0.0545 0.0480 1.1354 0.0363 0.0618 0.5870 −0.0291 0.0584 −0.4983 −0.0967 0.0220 −4.3866
Nigeria Rice->stocks −0.0289 0.0478 −0.6043 −0.0408 0.0554 −0.7353 −0.0350 0.0391 −0.8936 −0.0964 0.0214 −4.5140
Nigeria Stocks->rice −0.0284 0.0493 −0.5750 −0.1090 0.0579 −1.8833 0.0004 0.0563 0.0074 −0.0969 0.0219 −4.4203
Tanzania Rice->stocks −0.0793 0.0458 −1.7335 −0.0031 0.0639 −0.0493 0.0461 0.0435 1.0593 −0.0745 0.0236 −3.1611
Tanzania Stocks->rice 0.0115 0.0493 0.2327 0.0011 0.0620 0.0170 −0.0976 0.0577 −1.6900 −0.0211 0.0453 −0.4668

Panel K: silver sample
Namibia Silver->stocks −0.0451 0.0395 −1.1417 −0.0323 0.0441 −0.7314 −0.0913 0.0550 −1.6600 −0.0396 0.0318 −1.2436
Namibia Stocks->silver −0.0312 0.0434 −0.7190 −0.0464 0.0486 −0.9541 −0.1046 0.0580 −1.8035 −0.0399 0.0454 −0.8787
Zambia Silver->stocks −0.0228 0.0402 −0.5674 0.0391 0.0439 0.8900 −0.0666 0.0509 −1.3071 0.0347 0.0324 1.0732
Zambia Stocks->silver 0.0047 0.0400 0.1165 0.0208 0.0516 0.4032 0.1114 0.0553 2.0144 −0.0657 0.0201 −3.2717

Panel L: soybeans sample
Ghana Soybeans->stocks 0.0199 0.0444 0.4476 −0.0607 0.0569 −1.0674 −0.0787 0.0564 −1.3943 −0.0375 0.0405 −0.9261
Ghana Stocks->soybeans 0.0926 0.0467 1.9830 −0.0602 0.0508 −1.1849 −0.0219 0.0587 −0.3725 −0.0538 0.0334 −1.6069
Malawi Soybeans->stocks 0.0242 0.0461 0.5242 −0.0914 0.0542 −1.6865 −0.1130 0.0544 −2.0789 −0.0433 0.0379 −1.1421
Malawi Stocks->soybeans 0.0211 0.0480 0.4387 0.0201 0.0620 0.3244 −0.1447 0.0607 −2.3829 −0.0555 0.0467 −1.1867
Nigeria Soybeans->stocks 0.0147 0.0432 0.3397 −0.0300 0.0545 −0.5504 −0.0424 0.0572 −0.7410 −0.0378 0.0439 −0.8608
Nigeria Stocks->soybeans −0.0244 0.0408 −0.5970 −0.0228 0.0588 −0.3878 0.0021 0.0541 0.0395 −0.0541 0.0349 −1.5494
Uganda Soybeans->stocks −0.0113 0.0477 −0.2374 −0.1250 0.0590 −2.1193 0.1195 0.0546 2.1884 −0.0427 0.0417 −1.0241
Uganda Stocks->soybeans −0.0171 0.0465 −0.3670 −0.0741 0.0620 −1.1952 −0.0477 0.0565 −0.8438 −0.0547 0.0495 −1.1062
Zambia Soybeans->stocks −0.0909 0.0433 −2.0988 −0.1502 0.0587 −2.5605 −0.0856 0.0585 −1.4647 −0.0372 0.0421 −0.8835
Zambia Stocks->soybeans −0.0121 0.0455 −0.2654 −0.1275 0.0611 −2.0881 −0.0615 0.0585 −1.0511 −0.0544 0.0355 −1.5321

Notes. β signifies effective transfer entropy estimates, SE is the estimate’s standard error, and t-stats are the test statistics.
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Figure 4: ETEs between stock and commodity markets’ returns at IMF1.
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Figure 5: Continued.
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Figure 5: ETEs between stock and commodity markets’ returns at IMF5.
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Figure 6: Continued.
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Figure 6: ETEs between stock and commodity markets’ returns at residual IMF.
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5. Implications of Results

,rough the transfer entropy analysis, this research revealed
that trade between African equities and global commodities
results in more uncertainties across investment timescales.
Although the implications of this finding do not differ across
timescales, the significance is strengthened in the long term,
as provided by the residual ETEs, which depict the un-
derlying behaviour of global commodity and African equity
markets’ returns. ,us, the number of negative and sig-
nificant ETEs is found to be more at lower frequencies,
which represent the long term. Additional implications
could be drawn from the perspective of market efficiency as
follows.

Fama et al. [11] contend that distressed economic con-
ditions impact asset prices via the flow of information to in-
vestors, which then influences investor behaviour. ,us, for
markets to be efficient, it is expected that the extent to which a
variable learns the behaviour of the other through observation
is similar among all variables in a given system [28]. Impliedly,
a group of stock markets should have a similar response to the
flow of information from a given commodity.,e results from
this research suggest that the quantification of information flow
between commodities and equities’ returns yields differing
magnitudes, directions, and significance. ,e implication is
that the efficiency levels of various commodity and equities
markets are quantitatively dissimilar or nonhomogeneous
across commodity types. Hence, these markets are nonefficient
based on the mutual information they share.

Whilst these results are contrary to the EMH [11–13],
they corroborate the alternative hypothesis to market effi-
ciency (AHME) [64]. ,e AHME is a more simplistic hy-
pothesis that suggests that rational and irrational investor
attitudes are dependent on states of nature and individual
investors. It is worth noting that the negative ETEs found in
the long term rather lend support to the long-run market
efficiency of Fama [13]. Virtually all the ETEs in the long
term are negative with most ETEs proving significant. ,is
communicates the principle that, in the long term, when all
markets are saturated with available information, the situ-
ated information flow between commodities and equities
results in comparable magnitudes, direction, and, to a large
extent, significance [1, 2, 16, 65]; hence, no undue advantage
could be envisaged from the trade between global com-
modities and African equities.

Investors who are interested in short- and medium-term
gains could compete for similar African equities based on the
type of commodity they hold in their portfolios. In doing so,
market participants should be wary of the tendency of high
cross-market linkages between African equities either amid
crisis periods or in the long term. ,is is explained by the
competitive markets hypothesis [2], such that the quest for
safe assets may lead to increased multiasset connectedness
during stressed market conditions. In such periods, high
connectivity would annul any diversification benefits in the
short- and medium-term periods. In their quest to attract
capital flows, African policymakers should incorporate the
efficiency levels of their stock markets as well as global
commodities when devising policy actions.

6. Conclusions

,e study examined information transfer between global
commodity and African equity markets’ returns with daily
datasets spanning from 22 February 2010 to 4 February 2022.
Specifically, we tested the efficiency of global commodity and
African equity markets’ returns in a novel Econophysics
approach of a decomposition-based (ICEEMDAN) transfer
entropy paradigm. By taking a unique path, we contribute to
the strands of literature that examine cross-market linkages.
Our specific contribution rests with the literature that ex-
amines the connectedness between global commodities and
African equity markets by incorporating market efficiency
analysis among African equities and global commodities.

In our multiscale analysis, we found significant effective
transfer entropies (ETEs) across the short-, medium-, and
long-term horizons. Indicatively, the significance of ETEs
was mostly found in the frequency domain, which sub-
stantiated the need to examine the efficiency of commodity
and equity markets across economic trading horizons rather
than in a static paradigm (i.e., the signal or at the composite
level only). ,e findings suggest that investing in a single
commodity market results in more uncertainty when an
investor accounts for the return pattern of African equities.
Similarly, investing in any single African equity results in
high return uncertainties.

,e studied commodity and equity markets negatively
observe each other through the mutual intrinsic information
they share. With more significant negative transfer entro-
pies, for any given commodity sample, investment in one
equity market results in additional uncertainties—in terms
of asset returns—when investments are held in their ac-
companying equities or commodities since they all receive
negative ETEs. We conclude that, in the long term, based on
the mutual information shared by commodity and equity
markets, for any investment in either equity or commodity,
adding on similar equities or commodities from the same
unified system increases the risk associated with market
returns. Our findings divulged that information transfer
between commodity and equity markets’ returns is bidi-
rectional across diverse frequencies.

In the context of market efficiency, the nature of in-
formation transfer between the studied global commodity
and African equity markets implies that there are little or
negligible chances for any equity-commodity combination
to reduce risk or uncertainty associated with market returns.
However, with notable variations in the significance of ETEs
across the short- and medium-term frequencies, we expli-
cate that the studied commodity and African equity markets
are significantly efficient in the situated information flow
between them. Specifically, we underscore the operability of
the alternative hypothesis to market efficiency and the
competitive markets hypothesis in the short- and medium-
term horizons, whereas the efficient market hypothesis and
the long-term market efficiency operate in the long-term
economic trading horizon.

,e intrinsic information content possessed by markets
serves as a guide to predicting the efficiency levels of
markets. ,rough information transfer, short-term traders
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could monitor the loopholes in the market efficiency levels
between global commodities and African equities to take
advantage of arbitrage when needed. Long-term investors
like institutional investors are assured of efficient market
dynamics between global commodity markets and African
equities. ,erefore, investments in global commodities and
African stocks could be monitored on their information
content to predict market performance across trading ho-
rizons. Given the uncertainty in returns based on infor-
mation content, investors are urged to explore other assets
that bear low uncertainties with global commodity and
African stock markets’ returns.

Hinged on our findings, future works could ascertain the
efficiency levels of the studiedmarkets across different market
conditions using quantile-based techniques (see, e.g.,
[1, 52, 66]). Additionally, the risk levels of the studied markets
could be forecasted to meet the proactive needs of market
players. For this purpose, elicitable models (see, e.g., [67, 68])
could be employed. To supplement the findings under an
entropy paradigm, future works could examine this issue by
employing the reverse dispersion entropy (see, [69, 70]).

Data Availability

All data used to support the findings of the study can be
obtained from the corresponding author upon request.

Conflicts of Interest

,e authors declare that there are no financial or nonfi-
nancial conflicts of interest.

References

[1] A. Bossman, S. K. Agyei, P. Owusu Junior et al., “Flights-to-
and-from-quality with Islamic and conventional bonds in the
COVID-19 pandemic era: ICEEMDAN-based transfer en-
tropy,” Complexity, vol. 2022, pp. 1–25, 2022.

[2] P. Owusu Junior, I. P. Alagidede, and A. K. Tiwari, “On the
elicitability and risk model comparison of emerging markets
equities,” Mathematical and Computational Applications,
vol. 26, no. 3, p. 63, 2021.

[3] S. Karingi, “Commodity markets in Africa to remain volatile
amid COVID-19,” 2021, https://www.telesurenglish.net/
news/Commodity-Markets-In-Africa-To-Remain-Volatile-
Amid-COVID-19-20211007-0004.html.

[4] Uneca, “Commodity markets in Africa to remain volatile
amid COVID-19. TeleSUR world news,” 2021, https://
www.telesurenglish.net/news/Commodity-Markets-In-
Africa-To-Remain-Volatile-Amid-COVID-19-20211007-
0004.html.

[5] M. Z. Rehman, “,e macroeconomic and institutional drivers
of stock market development: empirical evidence from BRICS
economies,” Journal of Asian Finance, Economics and Busi-
ness, vol. 8, no. 2, pp. 0077–0088, 2021.

[6] A. Zaremba, Z. Umar, and M. Mikutowski, “Commodity
financialisation and price co-movement: lessons from two
centuries of evidence,” Finance Research Letters, vol. 38,
Article ID 101492, 2021.

[7] K. Tang and W. Xiong, “Index investment and the financi-
alization of commodities,” Financial Analysts Journal, vol. 68,
no. 6, pp. 54–74, 2012.

[8] S. K. Agyei, Z. Isshaq, S. Frimpong, A. M. Adam, A. Bossman,
and O. Asiamah, “COVID-19 and food prices in sub-Saharan
Africa,” African Development Review, vol. 33, no. S1,
pp. S102–S113, 2021.

[9] S. K. Agyei, A. M. Adam, A. Bossman et al., “Does volatility in
cryptocurrencies drive the interconnectedness between the
cryptocurrencies market? Insights from wavelets,” Cogent
Economics & Finance, vol. 10, no. 1, 2022.

[10] A. Bossman, Z. Umar, and T. Teplova, “Modelling the
asymmetric effect of COVID-19 on REIT returns: a quantile-
on-quantile regression analysis,” =e Journal of Economic
Asymmetries, vol. 26, Article ID e00257, 2022.

[11] E. F. Fama, L. Fisher, M. C. Jensen, and R. Roll, “,e ad-
justment of stock prices to new information,” International
Economic Review, vol. 10, no. 1, pp. 1–21, 1969.

[12] E. F. Fama, “Efficient Capital Markets: A Review of ,eory
and Empirical Work,” =e Journal of Finance, vol. 25, no. 2,
pp. 383–417, 1970.

[13] E. F. Fama, “Market efficiency, long-term returns, and be-
havioral finance1,e comments of Brad Barber, David
Hirshleifer, S.P. Kothari, Owen Lamont, Mark Mitchell,
Hersh Shefrin, Robert Shiller, Rex Sinquefield, Richard,aler,
,eo Vermaelen, Robert Vishny, Ivo Welch, and a referee
have been helpful. Kenneth French and Jay Ritter get special
thanks.1,” Journal of Financial Economics, vol. 49, no. 3,
pp. 283–306, 1998.

[14] P. Mongars and C. Marchal-Dombrat, “Commodities: an
asset class in their own right? Bank of France,” pp. 31–38,
2006, https://abc-economie.banque-france.fr/sites/default/
files/medias/documents/financial-stability-review-09_2006-
12.pdf#page�31.

[15] A. M. Adam, E. N. Gyamfi, K. A. Kyei, S. Moyo, and R. S. Gill,
“A new EEMD-effective transfer entropy-based methodology
for exchange rate market information transmission in
Southern Africa Development Community,” Complexity,
vol. 2021, Article ID 3096620, 22 pages, 2021.

[16] A. Bossman, “Information flow from COVID-19 pandemic to
Islamic and conventional equities: an ICEEMDAN-induced
transfer entropy analysis,” Complexity, vol. 2021, pp. 1–20,
2021.

[17] L. Kristoufek, “Fractal markets hypothesis and the global
financial crisis: wavelet power evidence,” Scientific Reports,
vol. 3, no. 1, pp. 1–7, 2013.

[18] A. S. Kumar and S. Padakandla, “Testing the safe-haven
properties of gold and bitcoin in the backdrop of COVID-19:
a wavelet quantile correlation approach,” Finance Research
Letters, vol. 47, Article ID 102707, 2022.

[19] J. B. Ramsey and C. Lampart, “,e decomposition of eco-
nomic relationships by time scale using wavelets: expenditure
and income,” Studies in Nonlinear Dynamics & Econometrics,
vol. 3, no. 1, 1998.

[20] Z. Huang, “Extensions to the k-means algorithm for clus-
tering large data sets with categorical values,” Data Mining
and Knowledge Discovery, vol. 2, no. 3, pp. 283–304, 1998.

[21] A. Dey, R. Chhibba, D. V. Ratnam, and N. Sharma, “A
combined iCEEMDAN and VMD method for mitigating the
impact of ionospheric scintillation on GNSS signals,” Acta
Geophysica, vol. 69, no. 5, pp. 1933–1948, 2021.

[22] E. Asafo-Adjei, P. Owusu Junior, and A. M. Adam, “Infor-
mation flow between global equities and cryptocurrencies: a
VMD-based entropy evaluating shocks from COVID-19
pandemic,” Complexity, vol. 2021, 2021.

26 Mathematical Problems in Engineering



[23] Z. Kou, F. Yang, J. Wu, and T. Li, “Application of ICE-
EMDAN energy entropy and AFSA-SVM for fault diagnosis
of hoist sheave bearing,” Entropy, vol. 22, no. 12, p. 1347, 2020.

[24] F. Yang, Z. Kou, J. Wu, and T. Li, “Application of mutual
information-sample entropy based MED-ICEEMDAN de-
noising scheme for weak fault diagnosis of hoist bearing,”
Entropy, vol. 20, no. 9, p. 667, 2018.

[25] T. Schreiber, “Measuring information transfer,” Physical
Review Letters, vol. 85, no. 2, pp. 461–464, 2000.

[26] F. I. Dretske, “Knowledge and the Flow of InformationFred
I. Dretske Cambridge, MA: MIT Press, 1981. Pp. xiv, 273.
$18.50 (U.S.),” Dialogue, vol. 21, no. 4, pp. 778-779, 1982.

[27] J. Pearl, “Causal inference in statistics: an overview,” Statistics
Surveys, vol. 3, no. none, pp. 96–146, 2009.

[28] S. Benthall, “Situated information flow theory,” Proceedings of
the 6th Annual Symposium on Hot Topics in the Science of
Security - HotSoS ’19, New York, NY, United States, April
2019.

[29] G. Boako and I. P. Alagidede, Commodities price Cycles and
=eir Interdependence with Equity Markets (No. 457; African
Economic Research Consortium), 2021.

[30] G. Boako and P. Alagidede, “Co-movement of Africa’s equity
markets: Regional and global analysis in the frequency-time
domains,” Physica A: Statistical Mechanics and its Applica-
tions, vol. 468, pp. 359–380, 2017.

[31] A. D. Ahmed and R. Huo, “Volatility transmissions across
international oil market, commodity futures and stock
markets: empirical evidence from China,” Energy Economics,
vol. 93, Article ID 104741, 2021.

[32] E. Bouri, X. Lei, N. Jalkh, Y. Xu, and H. Zhang, “Spillovers in
higher moments and jumps across US stock and strategic
commodity markets,” Resources Policy, vol. 72, Article ID
102060, 2021.

[33] H. Niu and Z. Hu, “Information transmission and entropy-
based network between Chinese stock market and commodity
futures market,” Resources Policy, vol. 74, Article ID 102294,
2021.

[34] Z. Umar, Y. Riaz, and A. Zaremba, “Patterns of spillover in
energy, agricultural, and metal markets: a connectedness
analysis for years 1780-2020,” Finance Research Letters,
vol. 43, Article ID 101999, 2021.

[35] A. M. Adam, “Susceptibility of stock market returns to in-
ternational economic policy: evidence from effective transfer
entropy of Africa with the implication for open innovation,”
Journal of Open Innovation: Technology, Market, and Com-
plexity, vol. 6, no. 3, p. 71, 2020.

[36] A. K. Tiwari, Z. Umar, and F. Alqahtani, “Existence of long
memory in crude oil and petroleum products: Generalised
Hurst exponent approach,” Research in International Business
and Finance, vol. 57, Article ID 101403, 2021.

[37] Z. Umar, A. Zaremba, and D. Olson, “Seven centuries of
commodity co-movement: a wavelet analysis approach,”
Applied Economics Letters, vol. 29, no. 4, pp. 355–359, 2020.

[38] Z. Umar, S. Aziz, and D. Tawil, “,e impact of COVID-19
induced panic on the return and volatility of precious metals,”
Journal of Behavioral and Experimental Finance, vol. 31,
Article ID 100525, 2021.

[39] Z. Umar, M. Gubareva, M. Naeem, and A. Akhter, “Return
and volatility transmission between oil price shocks and
agricultural commodities,” PLoS One, vol. 16, no. 2, Article ID
e0246886, 2021.

[40] Z. Umar, F. Jareño, and A. Escribano, “Agricultural com-
modity markets and oil prices: an analysis of the dynamic

return and volatility connectedness,” Resources Policy, vol. 73,
Article ID 102147, 2021.

[41] C. Esparcia, F. Jareño, and Z. Umar, “Revisiting the safe haven
role of Gold across time and frequencies during the COVID-
19 pandemic,”=e North American Journal of Economics and
Finance, vol. 61, Article ID 101677, 2022.

[42] M. Naeem, Z. Umar, S. Ahmed, and E.M. Ferrouhi, “Dynamic
dependence between ETFs and crude oil prices by using
EGARCH-Copula approach,” Physica A: Statistical Mechanics
and its Applications, vol. 557, Article ID 124885, 2020.

[43] Z. Umar, N. Trabelsi, and A. Zaremba, “Oil shocks and equity
markets: the case of GCC and BRICS economies,” Energy
Economics, vol. 96, Article ID 105155, 2021.

[44] I.-H. Cheng, W. Xiong, and T. Hall, =e Financialization of
Commodity Markets (No. 19642; NBERWorking Paper Series),
http://www.nber.org/papers/w19642, 2013.

[45] R. Demirer, H. T. Lee, and D. Lien, “Does the stock market
drive herd behavior in commodity futures markets?” Inter-
national Review of Financial Analysis, vol. 39, pp. 32–44, 2015.

[46] S. Kablan, Z. Ftiti, and K. Guesmi, “Commodity price cycles
and financial pressures in African commodities exporters,”
Emerging Markets Review, vol. 30, pp. 215–231, 2017.

[47] P. Ferreira, A. Dionı́sio, D. Almeida, D. Quintino, and
F. Aslam, “A new vision about the influence of major stock
markets in CEEC indices: a bidirectional dynamic analysis
using transfer entropy,” Post-communist Economies, vol. 34,
no. 2, pp. 267–282, 2021.

[48] P. Ferreira, D. Almeida, A. Dionı́sio, E. Bouri, and
D. Quintino, “Energy markets - Who are the influencers?”
Energy, vol. 239, Article ID 121962, 2022.

[49] C. Liu, X. Sun, J. Wang, J. Li, and J. Chen, “Multiscale in-
formation transmission between commodity markets: an
EMD-Based transfer entropy network,” Research in Inter-
national Business and Finance, vol. 55, Article ID 101318,
2021.

[50] J. Wang and X. Wang, “Covid-19 and financial market effi-
ciency: evidence from an entropy-based analysis,” Finance
Research Letters, vol. 42, Article ID 101888, 2021.

[51] Nasdaq, “Commodities market data & news,” 2021, https://
www.nasdaq.com/market-activity/commodities.

[52] Z. Umar, A. Bossman, S. Choi, and T. Teplova, “Does geo-
political risk matter for global asset returns? Evidence from
quantile-on-quantile regression,” Finance Research Letters,
vol. 48, Article ID 102991, 2022.

[53] P. J. J. Luukko, J. Helske, and E. Räsänen, “Introducing
libeemd: a program package for performing the ensemble
empirical mode decomposition,” Computational Statistics,
vol. 31, no. 2, pp. 545–557, 2016.

[54] M. A. Colominas, G. Schlotthauer, and M. E. Torres, “Im-
proved complete ensemble EMD: a suitable tool for bio-
medical signal processing,” Biomedical Signal Processing and
Control, vol. 14, pp. 19–29, 2014.

[55] K. Ijasan, P. Owusu Junior, G. Tweneboah, T. Oyedokun, and
A. M. Adam, “Analysing the relationship between global
REITs and exchange rates: fresh evidence from frequency-
based quantile regressions,” Advances in Decision Sciences,
vol. 25, no. 3, pp. 58–91, 2021.

[56] P. Owusu Junior and G. Tweneboah, “Are there asymmetric
linkages between African stocks and exchange rates?” Re-
search in International Business and Finance, vol. 54, Article
ID 101245, 2020.
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