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In a time-frequency biwavelet framework, we analysed the short-, medium-, and long-term impacts of COVID-19-related shocks
on ten energy commodities (i.e., Brent, crude oil, coal, heating oil, natural gas, gasoline, ethanol, naphtha, propane, and uranium)
from January 2020 to April 2022. We document intervals of high and low coherence between COVID-19 cases and the returns on
energy commodities across the short-, medium-, and long-term horizons. Low coherence at high frequencies indicated weak
correlation and signifed diversifcation, hedging, and safe-haven potentials in the short term of the pandemic. Our fndings
suggest that energy markets’ dynamics were highly driven by the pandemic, causing signifcant changes in market returns,
particularly across the medium- and low-frequency bands. Furthermore, the empirical results indicate dynamic lead-lag re-
lationships between COVID-19 cases and energy returns between the medium- and long-term horizons, signifying that di-
versifcation could be sought through crossinvestment in diferent energy commodities. Te results have signifcant implications
for market participants, regulators, and practitioners.

1. Introduction

Teemergence of the deadly COVID-19 pandemic inDecember
2019 took the world by shock. Te pandemic afected many
global markets and economic sectors as highlighted by several
studies [1–3]. Global commodities were no exception to the
large-scale pandemic-induced shocks. Te projected and actual
declines in economic activity, reported by the International
Monetary Fund (IMF), at the apogee of the pandemic tend to be
more severe than the resulting impact of the global fnancial
crisis in 2008/09. Although it is a fact that every sector of the
global economy has had its share of the efects of the outbreak of
this coronavirus pandemic [4], some economic sectors, such as
healthcare, etc., were relatively less afected by the pandemic (See
Bossman et al. [5] for an extensive review). Among the most
afected sectors, the energy sector recorded record-breaking
declines in prices (BBC. “Coronavirus: Oil price collapses to

lowest level in 18years.” https://www.bbc.com/news/business-
52089127) with persistently high volatilities in the early months
of the pandemic [6].

According to the International Energy Administration’s
report, energy demand declined on average by 25% for totally
confned countries and on average by 18% for partially con-
fned nations (“Global Energy Review 2020,” IEA, Paris https://
www.iea.org/reports/global-energy-review-2020). Tis energy
demand shock is the most important in the last 70 years and
seven times greater than the fnancial 2008–09 crisis, indicating
the severity of the pandemic’s impact on the global energy
market [7, 8]. Te stagnant economic growth induced by the
COVID-19 pandemic has been detrimental to energy con-
sumption and demand, causing high price and return vola-
tilities in leading and emerging energy markets. Intense market
volatility increases the downside risk, which is unsafe for
portfolio diversifcation.
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For efective risk management strategies in volatile
periods, investors and policymakers need to compre-
hend crossmarket links, which have signifcant impli-
cations for contagion risk and elements impacting
market stability [9]. Tis is signifcant to commodity
markets, which are frequently viewed by fnancial ana-
lysts and portfolio managers as a rich asset class that
includes a variety of commodities such as energy, metals,
and agricultural items capable of promoting di-
versifcation benefts [10]. It is interesting to note that,
during the past two decades, the volume of commodity
trades has increased, indicating decoupling from con-
ventional supply-demand dynamics and advancement
towards fnancialisation [11]. However, large swings in
volatility that are difcult to explain by economic fun-
damentals have confounded policymakers, economists,
and portfolio managers. In reality, many areas of em-
pirical fnance, including the pricing of assets and de-
rivatives, portfolio allocation, and risk management,
depend on the volatility of commodities and the dy-
namics of their cross-commodity connectivity [12].
Hence, for the beneft of decision-makers and policy-
makers concerned with the risk of contagion and
destabilisation in the commodity markets as well as the
factors afecting market integration, it is essential to
understand the spillover transmission between market
shocks and the return dynamics of diferent commod-
ities. From the several studies that have assessed the
impact of the COVID-19 pandemic-induced shocks on
global markets, little attention has been focused on
energy markets from the perspective of fnancial
investors.

Motivated by the above, we examine the impact of the
COVID-19 pandemic on global energy commodities.
Several studies have measured the COVID-19-induced
shocks with diferent proxies such as the pandemic fear
index [13], confrmed cases, the number of deaths [14, 15],
and news [16–18] or media coverage indices [19, 20].
Tese proxies are derived fundamentally from the
movements in COVID-19 cases and/or deaths. Hence, we
resort to the strand of literature that examines the pan-
demic’s impact using confrmed cases of COVID-19. We
extend the literature by providing fresh evidence on the
comovement patterns between marginal COVID-19 cases
and the global energy market.

Although the contributions of the earlier studies cannot
be sidelined, the tendency for the results and conclusions
drawn to be constrained by small samples needs to be
emphasised. Hence, as the dataset on market variables grows
in the pandemic era, there is the need to employ econometric
approaches on larger datasets to rigorously examine the
efect of pandemics on fnancial assets in various terminal
periods such as the short-, medium-, and long-term periods.
Te present study focuses on a leading commodity sector
(i.e., energy) due to the pivotal role of energy commodities in
several economic activities and sectors globally [21]. As the
pandemic is ongoing, ascertaining how pandemic-related
shocks afect these commodities across various economic
horizons is instrumental for efective policy and market

regulation. We ofer three main contributions to the liter-
ature as follows.

First, unlike the existing works that focus on a small
sample of energy commodities, we cover ten global energy
commodities, namely, Brent, coal, ethanol, crude oil, natural
gas, heating oil, gasoline, naphtha, propane, and uranium.
Tis study enriches existing literature by analysing the lead-
lag patterns between the COVID-19 pandemic and energy
commodity returns. Second, we conduct our analysis in the
time-frequency spectrum by applying the wavelet coherence
technique. By this approach, we account for the impact of
COVID-19 on energy returns not only across diferent time
periods but also across the frequency domain, enabling us to
observe how energy markets comoved with the levels of the
pandemic in the short-, medium-, and long-term horizons.
Additionally, the wavelet approach could reveal which en-
ergy commodity led or lagged COVID-19 shocks, allowing
us to ascertain the diversifcation potential of diferent en-
ergy commodities in times of pandemics [20, 22]. Note that
the wavelet analysis takes precedence over other approaches
such as Diebold and Yilmaz [23] and Barunı́k and Křehĺık
[24] and TVP-VAR among others due to the lead-lag at-
tribute that wavelet analysis possesses. It gives details on
both the frequency and the location of the features that are
present in the time series. Tese functions’ crucial quality,
which allows them to locally reveal the time series’ features,
is their confned temporal behavior. Because of this char-
acteristic, wavelets are especially helpful when analysing
turbulent or highly variable time-varying datasets. Te
wavelet functions are nonperiodic; thus, we characterise
them in terms of a “scale” rather than a period, which refers
to whether or not the wavelet is compact in time.Te wavelet
transform also employs varied time and frequency resolu-
tion for various scale sizes as opposed to the conventional
constant resolution. As such, it is the most appropriate
method of analysis for this study.

To the best of our knowledge, this is the frst study to test
the efect of pandemics on a large sample of fnancialised
energy commodities. Te large sample will be benefcial to
portfolio managers who seek to invest in energy com-
modities and even those energy commodities that are clearly
not representational but possess hedging attributes, to serve
as a form of risk management and assist policymakers in
their decision-making. We examine the terminal impact of
COVID-19 on the ten energy commodities based on the
wavelet analysis.

Tird, we extend the strand of literature that ascertains
the impact of pandemics on alternative asset classes, par-
ticularly fnancialised energy commodities. Te fndings
from this study will assist investors in terms of allocating
assets among various energy commodities, particularly
during crises. Policymakers and traders of energy com-
modities will also be informed about how energy com-
modities react to pandemics such as COVID-19.

Te empirical results showed predominantly low and
high levels of coherence between COVID-19 cases and the
sampled energy commodities. Te consistent red color
shown on the SWC across the medium and low frequencies
emphasised the strength of the pandemic in driving energy
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market returns. We observed low coherence between
COVID-19 cases and all the sampled energy commodities in
the early periods of 2020 when the pandemic was most
severe. Tis low coherence allows for diversifcation benefts
and a potential safe-haven in times of global crises such as
the COVID-19 pandemic.

Te rest of the study is organised as follows: we review
related literature in Section 2 and set out the methodology in
Section 3. Te main results are presented in Section 4, while
we conclude in Section 5.

2. Literature Review

Regarding the current status of academic studies on various
fnancial and economic efects of the COVID-19 pandemic,
including the formulation and execution of policies to aid
recovery from the COVID-caused slowdown, it is worth
noting that the literature has recently increased at a re-
markable pace. However, a large portion of academic works
discussing fnancial market reactions to the pandemic is
primarily concerned with traditional markets such as stocks
[25, 26], currencies [27, 28], and, to some extent, crypto-
currencies [29].

Te impact of the pandemic on global markets, though
discussed under diferent paradigms, takes into account only
a few commodities in the global energy market. E.g., Khan
et al. [30] examined the asymmetric behavior of energy
prices in relation to COVID-19 uncertainty in a quantile-on-
quantile regression wavelet-based framework. With a focus
on only three energy prices, namely, crude oil, heating oil,
and natural gas, the authors revealed that COVID-19’s
impact on energy prices is consistently negative across all
quantiles. Tey found that the degree of the impact increases
when the relationship changes from short to long run. Chien
et al. [31] also examined the comovement of energy and
stock market returns during the COVID-19 pandemic using
wavelet coherence analysis and the Granger causality test.
Shaikh [32] uncovered the efects of the COVID-19 pan-
demic on the energy markets in terms of energy stock in-
dexes, energy futures, ETFs, and implied volatility indexes
using the GJR-GARCH model and established that the
volatility of energy ETFs-stocks appears to be more resilient
in line with S & P 500 energy stocks. Te author revealed
further that the WTI crude oil market has shown an un-
precedented overreaction amid pandemic outbreaks and
traded with an extreme volatility level. Iqbal et al. [33]
examined extreme spillovers among the realised volatility of
various energies, metals, and agricultural commodities over
the period from September 23, 2008, to June 1, 2020. Using
high-frequency (5-min) price data on commodity futures,
they compute daily realised volatility and then apply
quantile-based connectedness measures. Te results indicate
that realised volatility shocks circulate more intensely during
extreme events compared to normal periods, endangering
the stability of the system of volatility connectedness under
extreme events like the COVID-19 outbreak. Te con-
nectedness measures estimated at the lower and upper
quantiles are signifcantly higher than those estimated at the
median. Given that the connectivity measures calculated at

the higher quantile are the highest, there is evidence of
a large asymmetry between the behavior of volatility spill-
overs in the lower and upper quantiles.

Wang et al. [34] analysed how well fve uncertainty
indices and seven economic conditions at the global level can
forecast the actual volatility of the natural gas and renewable
energy stock markets. Tey construct the monthly realised
volatility and apply several approaches, including shrinkage
methods, using the daily return data of four exchange-traded
funds to track the performance of the global clean energy
stock market and natural gas prices. Teir research studies
showed that clean energy realised volatility may be accu-
rately predicted by both uncertainty indices and global
economic situations. For clean energy and natural gas,
shrinkage approaches regularly outperform dimensionality
reduction methods and combination forecast methods.
However, the study they performed suggests that real eco-
nomic activities rather than text-based measures of un-
certainty should be considered when investors and
policymakers analyse the volatilities of clean energy and
natural gas. Ghazani et al. [35] investigated how many
commodities are connected in the wake of two well-known
events: the COVID-19 epidemic and the global fnancial
crisis (GFC) of 2008. For a few particular commodities, three
base metals (copper, zinc, and lead), two benchmark crude
oils (WTI and Brent), and gold, they employed a daily return
series. In order to analyse interconnectedness, three diferent
approaches have been taken into consideration: multi-
fractality, network theory, and wavelet coherences. Tey
observed an increase in crosscorrelation in the higher time
windows of the majority of time series by using the
detrending moving-average crosscorrelation analysis
(DMCA) approach. In general, they also note that the
benchmark crude oils have the strongest associations and
that base metals (copper, lead, and zinc) and base metals and
crude oils have the weakest relationships. However, when
the two crises occurred, notably between October 2018 and
April 2021 and in the frequency range of 4–128 days, the
large fuctuations and changes in the extent of in-
terconnections among data could be identifed. Tis oc-
currence demonstrates how the COVID-19 pandemic
contributed to the volatility environment in the commodity
markets. For investors, academic researchers, and policy-
makers, the study’s conclusions have major ramifcations.

Furthermore, Zhang et al. [18] investigated the spillover
efects of COVID-19 news coverage on crude oil, gold, and
bitcoin markets from a time and frequency domain. Te
fndings from the authors revealed that COVID-19-related
news had a stronger efect on crude oil, gold, and bitcoin
markets in the short-term horizon as compared to other
horizons. Similarly, Weng et al. [17] examined the role of
news during the COVID-19 pandemic on crude oil futures
using a genetic algorithm regularisation online extreme
learning machine with a forgetting factor. Te results from
their study showed that the news during the COVID-19
pandemic has more predictive information, which is crucial
for short-term volatility forecasting of crude oil futures.
Additionally, Niu et al. [16] examined the role of news in
forecasting the volatility of crude oil, specifcally fromChina.
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Te authors concluded that COVID-19 news can be sig-
nifcantly utilised to predict China’s crude oil volatility.
Bouri et al. [36] examined the dynamic connectedness
among the realised volatility of 15 commodity futures (gold,
heating oil, light crude oil, natural gas, copper, platinum,
cocoa, cofee, corn, cotton, orange juice, soybean, soybean
meal, sugar, and wheat) from September 22, 2008, toMay 28,
2020, using high-frequency data and connectedness mea-
sures based on a time-varying parameter vector autore-
gression (TVP-VAR) model. Te fndings demonstrate both
strong and moderate degrees of volatility connectivity be-
tween energy and metals, as well as moderate connectedness
levels within the group of agricultural commodities. It is
important to conduct realised volatility connectedness in-
side a model that allows realised volatilities to be computed
endogenously and simultaneously. In some circumstances,
crosscommodity connectedness can account for a signifcant
amount of volatility connectedness. Te degree of connec-
tivity is fexible for diferent requirements and changes over
time. However, the analysis shows that some of the drivers of
connectedness difer between the upper and lower quantiles.

Yet, little is known about how the pandemic has afected
other energy commodities that are also fnancialized in
recent periods. We argue that the pandemic could also
infuence less-represented energy commodities; hence, in-
corporating them in the analysis could be useful for policy-
making and risk management. Besides, the tendency for the
conclusions from earlier studies, which mainly covered the
earlier days or months of the coronavirus outbreak, to be
constrained by small samples needs to be reiterated. Hence,
as the datasets onmarket variables grow in the pandemic era,
there is the need to employ econometric approaches on
larger datasets to rigorously examine the efect of pandemics
in various terminal periods such as the short-, medium-, and
long-term trading horizons.

Te abovementioned discussion highlights that although
the aforementioned studies are similar works that relate to
this study’s theme, they have a few limitations that could be
improved upon. First, in addition to being constrained by
shorter sample periods, the existing works consider a few
variables in the energy market, with much emphasis on
crude oil, gasoline, natural gas, and coal. Other energy
markets that have been fnancialised have been neglected in
the existing works. Besides, the efect of COVID-19
pandemic-induced shocks, measured by global or regional
cases, on these energy commodities is unknown. Several
studies have linked COVID-19 shocks with cases to examine
the impact of the pandemic on fnancial markets. In the
context of fnancialised energy commodities, little is known.
We extend the existing evidence by analysing COVID-19’s
efect on 10 global energy markets (i.e., Brent, crude oil,
heating oil, natural gas, coal, gasoline, propane, naphtha,
uranium, and ethanol). We include propane, naphtha,
uranium, and ethanol because while they can be used for
diversifcation, studies on such energy commodities are
quite scanty. By echoing the impact of COVID-19-induced
shocks on energy markets, this study assesses the pairwise
coherence between energy commodities’ returns and
COVID-19 shocks.

Methodologically, we chose the wavelet-based ap-
proach, which allows for analysis in the time-frequency
space, from among the several approaches used in the feld
of econometrics to explore the interrelationships between
COVID-19 and global energy markets. Te wavelet-based
framework allows for the generation of relationships in the
form of heat maps in the time-frequency space that contain
information on pairwise squared wavelet coherence and
phase diference of the studied pairs of variables
[20, 22, 31]. Because of this feature, such an analysis
technique makes it possible to consider data from both the
frequency and time domains at the same time. Te wavelet
transformation is frequently used in a variety of felds of
study with increasing utilisation in the fnance literature
recently (see, e.g., [20, 30–32, 35]).

To summarise, the wavelet technique’s aforementioned
properties certify it as a reliable econophysics tool, fre-
quently utilised to research coherence patterns caused by
jointly evaluating varied arrays of data. Terefore, novel to
the literature, we study the time- and frequency-varying
lead-lag interrelations between fuctuations in pandemic
levels and energy commodity returns using the wavelet
coherence technique.

3. Methods

Te squared wavelet coherence econometric approach and
the wavelet coherence phase diference were employed in
this study. Te use of the wavelet methodology has been
propagated in the fnance literature. We applied the wavelet
transformation to get the squared wavelet coherence as per
[20, 22, 31].Te resultant estimates from the squared wavelet
coherence across calendar times and frequencies (which are
parallel to the data point horizons that vary between 2 days
and 128 days) fall within the bounds of zero (0) and one (1).
Tese bounds, respectively, represent no comovement and
perfect positive comovement between the data series (i.e.,
marginal COVID-19 cases and the named energy returns)
being analysed. To complement our coherence setup and
gain a more in-depth understanding of the leads and lags by
COVID-19 and global energy prices, we applied the wavelet
coherence phase diference approach.

Given that x(t) and y(t) are two separate returns series,
the squared wavelet coherence approach between x(t) and
y(t) could be summarised in three diferent steps. In step 1,
the stand-alone cross wavelet transformations of the two
return series, which correspond to Wx

n(u, s) and Wy
n (u, s),

are converted to their joint crosswavelet transformations
[22, 37], as in the following equation:

W
xy
n (u, s) � W

x
n(u, s)

∗
W

y
n(u, s), (1)

where u denotes location, s represents scale, and the complex
conjugation is represented by ∗ . Te joint crosswavelet
transformation allows us to diferentiate the regions in the
time-frequency domain, embodied by the two return series’
comovements, even in the absence of their common strong
power. Tat is to say, at each scale, the joint coherence
wavelet transformation is the localised covariance of the data
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series [42]. E.g., a crosswavelet transformation near 1 sug-
gests that the two return series highly comove, while a cross
wavelet transformation of 0 denotes a lack of signifcant
comovement.

In step 2, the squared wavelet coherence, which defnes
the return series’ comovements, is expressed based on the
joint and respective cross wavelet transformations [22, 43]:

R
2
(u, s) �

S s
−1

W
xy

(u, s) 



2

S s
−1

W
x
(u, s)



2

 S s
−1

W
y
(u, s)



2

 
, (2)

where S denotes smoothing on the time-frequency scale.
Te squared wavelet coherence parameters can be

interpreted as a correlation measure in the time-frequency
space, with the respective range of values confned between
0 and 1. However, in contrast to the popular measure of the
correlation between two sets of data arrays (i.e., the Pearson
coefcient, which estimates the correlation within the in-
terval −1 and 1), the squared wavelet coherence by default
belongs to the 0 and 1 interval. As a result, this measure is
unable to detect whether the examined return series move in
similar or opposing directions. It also fails to distinguish
between negative and positive correlations.

Step 3 is structured to gain additional insights into the
two return series’ comovement analysis and their lead-
and-lag dynamics. Terefore, to aid in distinguishing be-
tween positive and negative comovements, we employed the
wavelet coherence phase diference analysis in line with
[22, 43]. Te wavelet coherence phase diference is expressed
as follows:

Φxy(u, s) � tan−1 Im S s
−1

W
xy

(u, s) 

Re S s
−1

W
xy

(u, s) 
⎛⎝ ⎞⎠, (3)

with Re and Im denoting the real and imaginary portions of
the joint smoothed coherence wavelet transformation, re-
spectively. A set of two data arrays with a null phase dif-
ference is an example of a perfectly comoving time series.

We adopted a standard visual representation of the data
based on heat map panels to represent both squared wavelet
coherence and wavelet coherence phase diference. In the
squared wavelet coherence heatmaps, arrowheads refect phase
connections between the two return series under the study.

Te data arrays act in either in-phase or antiphase mode,
representing a positive or negative correlation between these
time series, as indicated by the direction of the arrow
pointing either left or right. When an arrow points upward
or downward, it signifes that y(t) or x(t) is ahead of x(t) or
y(t) by π/2. Taking note of the guidelines spelled out
previously, it is simple to decipher themessage covered by an
arrow, regardless of the direction it points.

4. Data and Preliminary Results

4.1. Data and Sample Description. Tis study used datasets
comprising the return series of daily global COVID-19 cases
and the return series of 10 global energy commodities (i.e.,
Brent, crude oil, coal, ethanol, natural gas, gasoline, heating
oil, naphtha, propane, and uranium) ranging from January

23, 2020, to April 20, 2022. A pair-wise wavelet coherence
analysis was performed for returns on COVID-19 cases and
each of the 10 selected global energy commodities’ returns.
Te study period was determined by data availability. After
eliminating missing values, the full sampled COVID-19 and
the 10 selected energy market daily data comprised 565
observations. Te data for the 10 selected global energy
commodities were collected from EquityRT, and the total
COVID-19 cases were collected from the OWID database
(the supplementary fle (available here)). Te descriptive
statistics and pictorial trajectories of the return series are
detailed in Table 1 and Figure 1, respectively.

Table 1 exhibits the preliminary statistics of the sample.
Te energy commodity with the highest mean was coal, and
naphtha had the lowest. Te skewness statistics for Brent,
coal, crude oil, ethanol, gasoline, heating oil, and naphtha
indicate that the returns were negatively skewed, while the
remaining were positively skewed. All the return series were
non-normally distributed and heavily tailed. Notable vola-
tility clusters are observable in Figure 1, supporting the
stylized facts of asset returns.

4.2. Results and Discussion. Te plots in Figures 2–11 are
generated using the squared wavelet coherence and the
wavelet coherence phase diference techniques. Each plot is
a pair of COVID-19 cases (the robustness test using
COVID-19 deaths yields qualitatively similar results. Tese
are available upon request) (i.e., x(t)) and the returns on
a named energy commodity (i.e., y(t)). We examine the
comovement and lead-lag dynamics between COVID-19
and energy commodities across both the time and frequency
spectrums. From each plot, hotter colours are revealed for
stronger correlations and mild colours are for weaker cor-
relations. In the course of decision-making, attention is
given to the arrows that lie within the “cone of infuence.”
Using the dimensional arrows, rightward (leftward) pointed
arrows signify that the two variables are in-phase (out-
phase), whereas “downward and right” or “upward and left”
(“downward and right” or “upward and left”) pointed ar-
rows show that the second variable (a named energy
commodity) is leading COVID-19 cases. An in-phase re-
lationship means that the variables positively coexist, while
an out-phase relationship suggests a negative synchroni-
zation between the variables. From the plots, the area of
signifcance at 5% is where the arrows are located within
white contour lines. In line with the extant literature [40], we
defne the scales for data frequency of 7 days per week,
lj, lj � 1 . . . 7—of the wavelet factors as connected to the
respective times of “2–4 days (intraweek), 4–8 days (weekly),
8–16 days (fortnightly), 16–32 days (monthly), 32–64 days
(monthly-to-quarterly), and 64–128 days (quarterly-to-bi-
annual).” Intuitively, the intraweekly, weekly, fortnightly,
and monthly scales denote the short term.Temedium term
is represented by the monthly to quarterly scale, while the
long term is represented by the quarterly to biannual and
annual scales.

Figure 2 measures the SWC and WCPD between
COVID-19 cases and Brent returns. From the SWC
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(Figure 2(a)), we observe that the short term (around 4–8
daily cycles) depicted negative comovements between
COVID-19 cases and Brent returns in 2020. Te observed
comovements demonstrated a weak correlation between the
variables, as depicted by the bright blue-colored region in the
WCPD (Figure 2(b)). It is important to note that the neg-
ative comovements were led by Brent returns, indicating
a potential hedge attribute for Brent in the early periods of
the pandemic. Several comovements were led by COVID-19
around the 8–16 frequency bands, revealing the strength of
the COVID-19-related shocks.We observe, within the 32–64
daily frequency band, a cloud of ⟶ arrows, signifying
a positive relationship between the variables and a strong

correlation, as can be seen from the red color of the WCPD
(Figure 2(b)).Tis established the position that Brent returns
led its relationship with COVID-19 shocks and also implied
that portfolio diversifcation was eliminated in this instance.

In the early months of 2021, between the short-term
periods of 2 and 8 days, a cloud of← arrows from the SWC
(Figure 2(a)) demonstrated negative comovements between
COVID-19 cases and Brent returns, with COVID-19 cases
driving the relationship. It also showed a weak correlation as
indicated by the deep blue color of the WCPD (Figure 2(b)).
Similarly, in the period between 32 and 64 days (medium-
term), a cloud of ← arrows showed a negative relationship
between the variables where Brent led the relationship.Tere

Table 1: Descriptive statistics.

Obs. Min Max Range Mean Std.
dev Skewness Kurtosis Normtest. W

Brent 565 −0.308 0.1908 0.4987 0.001 0.0363 −1.813 18.1264 0.8083∗∗∗
Coal 565 −0.3986 0.2844 0.6829 0.0026 0.0349 −1.9204 41.7252 0.6876∗∗∗
Crude oil 565 −0.319 0.3196 0.6386 0.0017 0.0449 −0.1488 17.4772 0.7558∗∗∗
Ethanol 565 −0.2701 0.18 0.4501 0.0016 0.0341 −1.1023 12.2847 0.8∗∗∗
Gasoline 565 −0.2095 0.1691 0.3786 0.0012 0.0344 −1.1369 7.9617 0.8828∗∗∗
Heating oil 565 −0.2153 0.1091 0.3244 0.0012 0.0303 −0.9584 7.6616 0.9045∗∗∗
Naphtha 565 −0.6208 0.2814 0.9022 0.0009 0.04 −6.0152 108.8093 0.4998∗∗∗
Natural gas 565 −0.1364 0.2763 0.4127 0.0019 0.0407 0.6184 4.5134 0.9588∗∗∗
Propane 565 −0.2317 0.2044 0.4361 0.002 0.0268 0.0254 23.3309 0.6927∗∗∗
Uranium 565 −0.0813 0.1961 0.2773 0.0017 0.016 4.1747 44.3255 0.6474∗∗∗
COVID-19 cases 565 0.0009 0.6445 0.6436 0.017 0.0441 8.0221 87.6119 0.3127∗∗∗
COVID-19_deaths 565 0.0002 0.4685 0.4682 0.0157 0.0416 5.9945 46.9097 0.3517∗∗∗
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was also a cloud of⟶ arrows suggesting a positive re-
lationship led by COVID-19 cases. In this instance, the
variables exhibited a strong correlation as indicated by the
red color of the WCPD, which implied that diversifcation
was eliminated. Additionally, in the same year 2021, within
the 32 and 64 (medium-term) daily frequency bands, a cloud
of ← arrows from the SWC demonstrated a negative re-
lationship between the variables where COVID-19 was
leading. It also established a weak correlation between the
variables as shown by the blue-colored region in the WCPD.
Tis implies possible portfolio diversifcation and hedging
advantages. Lastly, around 64–128 (long-term frequency),
there were positive comovements between the variables,
with either Brent or COVID-19 cases leading. Also, both
exhibited a strong correlation between them as indicated by
the color yellow and the green-colored regions in
the WCPD.

Figure 3 displays the SWC and WCPD between
COVID-19 cases and coal returns. From the SWC
(Figure 3(a)), we observe that the short term (around 4–8
daily cycles) depicted negative comovements between
COVID-19 cases and coal returns in 2020. Te observed
comovements demonstrated a weak correlation between the
variables, as depicted by the bright blue-colored region in the
WCPD (Figure 3(b)). It is worth noting that the negative
comovements were led by coal returns, indicating a potential
hedge attribute for coal in the early periods of the pandemic.
For around the 4–8 daily cycles in 2021, we observe positive
comovements between COVID-19 cases and coal returns.
Te observed comovements indicated that coal returns were
driven by COVID-19 shocks. Also, we observed a strong
correlation between the variables, as depicted by the green-
colored region in theWCPD. In the same period, around the
16–32 daily frequency bands, negative comovements were
observed between COVID-19 and coal. Te observed
comovements revealed a strong correlation between the
variables, as demonstrated by the green-colored region in
the WCPD. Te strong correlation between the variables
signifes that portfolio diversifcation cannot be undertaken.
Similarly, around mid-2021, within the 16–32 daily

frequency bands, a cloud of ← arrows demonstrated neg-
ative comovements between COVID-19 cases and coal
returns. Te observed comovements indicated a weak cor-
relation between the variables, as indicated by the bright
blue-colored region in the WCPD. Tese negative
comovements were led by COVID-19 cases, and they
revealed a potential hedge attribute for coal against
pandemic-related shocks. We observe in the later months of
2021 around 64–128 daily cycles of positive comovements
between COVID-19 and coal. Tese positive comovements
indicated that COVID-19 cases drove coal returns. Te
fndings also demonstrated a strong correlation between
COVID-19 cases and coal returns, as depicted by the green-
colored region in the WCPD, hence eliminating any di-
versifcation prospects.

Figure 4 depicts the SWC and WCPD between
COVID-19 cases and crude oil returns. From the SWC
(Figure 4(a)), we observe that the short term (around 4–8
daily cycles) depicted negative comovements between
COVID-19 cases and crude oil in 2020. Te observed
comovements demonstrated a weak correlation between the
variables, as depicted by the bright blue-colored region in the
WCPD (Figure 4(b)). It is important to note that the neg-
ative comovements were led by crude oil returns, indicating
a potential hedge attribute for crude oil in the early periods
of the pandemic. However, in the later months of 2020,
around the 2–4 frequency bands, we observed positive
comovements between COVID-19 cases and crude oil
returns. Tese positive comovements between the variables
demonstrated a strong correlation, as indicated by the green
color from the WCPD, with COVID-19 cases driving the
relationship.Tis observation is consistent with the reality at
the peak stages of the pandemic, where social distancing and
lockdown measures caused intense shocks to fnancial
markets globally. Te strong correlation between the vari-
ables signifes that portfolio diversifcation will be eliminated
in the later months of 2020. Meanwhile, around the 32–64
daily cycles, we observed positive comovements between
COVID-19 cases and crude oil returns. Te positive
comovements revealed crude oil returns driving the
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Figure 2: Wavelet analysis: COVID-19 cases and Brent returns. Panel (a): squared wavelet coherence between COVID-19 cases and Brent
returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and Brent returns.
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relationship between the two variables. It is also important to
note that the positive comovements also demonstrated
a weak correlation between the two variables, which is
depicted by the bright blue-colored region in the WCPD.
Hence, a potential hedge was attributed to crude oil returns.

In the early months of 2021, between the short-term
period (4–8 days), a cloud of ← arrows from the SWC
(Figure 4(a)) demonstrated negative comovements between
COVID-19 cases and crude oil returns, with COVID-19
cases driving the relationship. Tis showed a weak corre-
lation, as indicated by the deep blue color of the WCPD
(Figure 4(b)). Furthermore, in the period between 32 and 64
daily frequencies (medium-term), a cloud of ← arrows
showed a negative relationship between the variables where
crude oil returns led the relationship and also indicated
a cloud of⟶ arrows, suggesting a positive relationship
where COVID-19 cases led the relationship. In this instance,
both exhibited a weak correlation, as indicated by the bright
blue-colored region in theWCPD, which implied a potential
hedging attribute for crude oil returns. Also, we observed in

the later months of 2021, around the 4–8 frequency bands,
positive comovements between COVID-19 cases and crude
oil returns. Tese positive comovements revealed a strong
correlation between the variables, as depicted by the red-
colored region in the WCPD. Te conclusion drawn from
the positive comovements is the fact that crude oil drives the
relationship, and portfolio diversifcation was eliminated in
this instance.

Figure 5 shows the SWC and WCPD between
COVID-19 cases and ethanol returns. From the SWC
(Figure 5(a)), we observe that the short term (around 4–8
daily cycles) depicted positive comovements between
COVID-19 cases and ethanol returns in 2020. Te observed
comovements demonstrated a weak correlation between the
variables, as depicted by the bright blue-colored region in the
WCPD (Figure 5(b)). It is important to note that the neg-
ative comovements were led by COVID-19 cases, indicating
a potential hedge attribute for ethanol in the early periods of
the pandemic. In mid- 2020, around the 8–16 daily fre-
quency band, we observed negative comovements driven by
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Figure 3: Wavelet analysis: COVID-19 cases and coal returns. Panel (a): squared wavelet coherence between COVID-19 cases and coal
returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and coal returns.

COVID-19_cases and Crude Oil

2

128

64

32

16

8

4

Fr
eq

ue
nc

y 
(D

ai
ly

)

2021 2022
Time (Year)

1.0

0.8

0.6

0.4

0.2

0.0

W
av

ele
t C

oh
er

en
ce

(a)

COVID-19_cases and Crude Oil

2

128

64

32

16

8

4

Fr
eq

ue
nc

y 
(D

ai
ly

)

2021 2022
Time (Year)

π

0.6π

0.2π

–0.2π

–0.6π

–π

ph
as

e d
iff

er
en

ce
 le

ve
ls

(b)

Figure 4: Wavelet analysis: COVID-19 cases and crude oil returns. Panel (a): squared wavelet coherence between COVID-19 cases and
crude oil returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and crude oil returns.
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ethanol returns. However, the negative comovements be-
tween the variables demonstrated a strong correlation be-
tween the variables, as depicted by the green-colored region
in the WCPD. Te conclusion drawn from the strength of
the correlation signifes that portfolio diversifcation cannot
take place in this situation. Similarly, the 16–32 daily cycles
demonstrated positive comovements between COVID-19
cases and ethanol returns, where COVID-19 cases drive the
relationship between the variables. Also, the positive
comovements revealed a strong correlation between the
variables, signifying the absence of portfolio diversifcation.

In the early months of 2021, between the short-term
period of 8 and 16 days, a cloud of⟶ arrows from the SWC
(Figure 5(a)) demonstrated positive comovements between
COVID-19 cases and ethanol returns, with COVID-19 cases
driving the relationship. Te SWC also showed a strong
synchronization between the variables, as indicated by the
green color of the WCPD (Figure 5(b)). Furthermore, in the
period between 32 and 64 daily (medium-term) frequencies,
a cloud of⟶ arrows showed a positive relationship be-
tween the variables where COVID-19 cases led the re-
lationship. We also spot a cloud of ← arrows, signifying
a negative relationship led by ethanol returns. Both instances
exhibit a strong correlation as shown by the green-colored
region in the WCPD. In the late months of 2021, around the
16–32 and 64–128 daily frequency bands, positive
comovements were demonstrated between COVID-19 cases
and ethanol returns. Tese positive comovements revealed
a strong relationship between the variables as indicated by
the green-colored region in the WCPD, with COVID-19
cases driving the relationship in both instances. Hence, it is
worth noting that portfolio diversifcation was eliminated.
Lastly, in the early months of 2022, between 2–4 daily cycles,
we observe positive comovements between COVID-19 cases
and ethanol returns. Tese positive comovements demon-
strated a strong correlation between the variables, where
COVID-19 cases led the relationship. Additionally, the
strong correlation between the variables indicated by the
yellow-colored region in the WCPD signifed that portfolio

diversifcation was eliminated. Within the same period, we
observe positive comovements between COVID-19 cases
and ethanol around the 8–16 daily frequency bands. Te
positive comovements demonstrated a strong correlation
between the two variables, as depicted by the red-colored
region in the WCPD, with ethanol driving the relationship.
Hence, the strong correlation concludes the absence of di-
versifcation in that period.

Figure 6 presents the SWC and WCPD between
COVID-19 cases and gasoline returns. From the SWC
(Figure 6(a)), we observe that the short term (around 2–4
daily cycles) depicted negative comovements between
COVID-19 cases and gasoline returns in 2020. Te observed
comovements demonstrated a weak correlation between the
variables, as depicted by the deep blue-colored region in the
WCPD (Figure 6(b)). It is important to note that the neg-
ative comovements were led by COVID-19 cases, indicating
a potential hedge attribute for gasoline returns in the early
periods of the pandemic. Additionally, in the same period,
around the 32–64 daily frequency bands, a cloud of⟶
arrows depicted positive comovements between COVID-19
cases and gasoline returns, where COVID-19 returns led the
relationship. However, it is important to note that these
positive comovements between the variables resulted in
a strong correlation, as confrmed by the green-colored
region in the WCPD. Terefore, we conclude that there
was an absence of diversifcation during that period. Mid-
2020, around the 8–16 frequency bands, we observed neg-
ative comovements between COVID-19 returns and gaso-
line returns, indicating gasoline returns driving the
relationship. However, the negative comovements between
the variables demonstrated a weak correlation between the
variables, as depicted by the bright blue-colored region in the
WCPD. In the late months of 2020, around 2–8 daily cycles,
we observed positive comovements between COVID-19
cases and gasoline returns, with gasoline returns driving the
relationship. Te positive comovements between the vari-
ables demonstrated a strong correlation as indicated by the
green-colored region in the WCPD, revealing an absence of
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Figure 5: Wavelet analysis: COVID-19 cases and ethanol returns. Panel (a): squared wavelet coherence between COVID-19 cases and
ethanol returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and ethanol returns.
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portfolio diversifcation. Also, within the same period, i.e.,
the late months of 2020, around the 32–64 frequency bands,
a cloud of⟶ arrows depicted positive comovements be-
tween COVID-19 and gasoline returns. Tese positive
comovements demonstrated a strong correlation between
the variables, as shown by the red-colored region in the
WCPD, with gasoline leading the relationship. Hence, we
conclude an absence of diversifcation within this period.

In 2021, around 32–64 (medium-term frequency), the
SWC (Figure 6(a)) showed negative comovements between
the variables, with gasoline returns leading. Tis exhibited
a weak correlation between them, as indicated by the bright
blue-colored region in the WCPD (Figure 6(b)). Hence, we
conclude a potential hedge is attributed to gasoline returns,
and portfolio diversifcation was available to investors
during this period. In the late months of 2021, around 4–16
(short-term frequency), there were positive comovements
between the variables, with either gasoline returns or
COVID-19 cases leading. Tis exhibited a strong correlation
between them, as indicated by the red and green-colored
regions in the WCPD. Terefore, portfolio diversifcation
was eliminated during this period. Lastly, in the early period
of 2022, around the 32–64 frequency bands, there was
a negative relationship between COVID-19 cases and gas-
oline returns, with COVID-19 cases driving the relationship.
We also observed that the negative comovements demon-
strated a weak correlation between the variables as indicated
by the deep blue-colored region in the WCPD, signifying
a potential hedge attribute for gasoline and possible portfolio
diversifcation to investors.

Figure 7 portrays the SWC and WCPD between
COVID-19 cases and heating oil returns. From the SWC
(Figure 7(a)), we observe that the short term (around 4–8
daily cycles) depicted negative comovements between
COVID-19 cases and heating oil returns in 2020. Te ob-
served comovements demonstrated a weak correlation be-
tween the variables, as depicted by the deep blue-colored
region in the WCPD (Figure 7(b)). It is important to note
that the negative comovements were led by COVID-19

cases, indicating a potential hedge attribute for heating oil in
the early periods of the pandemic. However, in the late
months of 2020, around 2–4 daily cycles, a cloud of ←
arrows revealed negative comovements between COVID-19
cases and heating oil returns, with heating oil returns driving
the relationship. Tis negative comovement demonstrated
a strong correlation between the variables, as shown by the
green-colored region in the WCPD, signifying an absence of
portfolio diversifcation for investors. Similarly, around the
32–64 frequency band, a cloud of⟶ arrows demonstrated
positive comovements between COVID-19 cases and
heating oil returns, with heating oil returns driving the
relationship. Te positive comovements between the vari-
ables revealed a strong correlation as indicated by the red-
colored region in the WCPD. Terefore, we conclude that
portfolio diversifcation was eliminated. Additionally, in the
same year 2020, around the 64–128 daily frequency band, we
observe negative comovements between COVID-19 cases
and heating oil returns, with heating oil returns driving the
relationship. Tese negative comovements indicated a weak
correlation between the variables as shown in the WCPD,
signifying the presence of portfolio diversifcation for in-
vestors from the potential hedge attribute possessed by the
heating oil in this period.

In 2021, around the 32–64 frequency bands, a cloud of←
arrows from the SWC (Figure 7(a)) demonstrated negative
comovements between COVID-19 cases and heating oil
returns, with heating oil returns leading the relationship.
Tese comovements revealed a weak correlation between
both variables, as shown by the bright blue-colored region in
the WCPD (Figure 7(b)). It is worth noting that there was
a potential hedge attribute for heating oil and the presence of
portfolio diversifcation for investors. Similarly, around the
64–128 frequency band, a cloud of⟶ arrows demonstrated
positive comovements between COVID-19 cases and
heating oil returns, with COVID-19 cases driving the re-
lationship. Tese comovements between the variables
revealed a strong correlation between the variables, which is
very visible from the green-colored region in the WCPD.
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Figure 6: Wavelet analysis: COVID-19 cases and heating oil returns. Panel (a): squared wavelet coherence between COVID-19 cases and
heating oil returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and heating oil returns.
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Also, in the fnal months of 2021, around 4–8 daily cycles,
a cloud of⟶ arrows revealed positive comovements be-
tween COVID-19 cases and heating oil returns. Tese
positive comovements demonstrated a strong correlation, as
confrmed by the red-colored region in the WCPD, with
heating oil returns driving the relationship. Hence, we
conclude that possible portfolio diversifcation for investors
was eliminated.

Figure 8 measures the SWC and WCPD between
COVID-19 cases and naphtha returns. From the SWC
(Figure 8(a)), we observe that the short term (around 4–8
daily cycles) depicted negative comovements between
COVID-19 cases and naphtha returns in 2020, with either
naphtha returns or COVID-19 cases leading. Te observed
comovements demonstrated a weak correlation between the
variables, as depicted by the bright blue color and deep blue-
colored region in the WCPD (Figure 8(b)). Note that the
negative comovements indicated a potential hedge attribute
for naphtha in the early periods of the pandemic. However,
in the fnal months of 2020, around 2–4 daily cycles, we
observed positive comovements between COVID-19 cases
and naphtha returns, with COVID-19 cases leading the
relationship. Tese comovements demonstrated a strong
correlation between the variables, signifying an absence of
portfolio diversifcation for investors. Similarly, around the
32–64 frequency bands in 2020, a cloud of⟶ demonstrated
positive comovements between COVID-19 cases and
naphtha returns. Tese positive comovements depicted
a strong correlation between the variables, as shown by the
red-colored region in the WCPD, with naphtha returns
driving the relationship. Terefore, we conclude that port-
folio diversifcation was eliminated.

In the year 2021, around the 32–64 frequency bands,
a cloud of ← arrows from the SWC (Figure 8(a)) demon-
strated negative comovements between COVID-19 cases
and naphtha returns, with naphtha returns driving the re-
lationship. Te negative comovements revealed a strong
correlation between the variables, as shown by the green-
colored region in the WCPD (Figure 8(b)), signifying an

absence of diversifcation possibilities for investors. Addi-
tionally, in the fnal months of 2021, around 32–64
(medium-term frequency), a cloud of ← arrows demon-
strated negative comovements between COVID-19 cases
and naphtha returns, with COVID-19 cases leading the
relationship. Tese negative comovements depicted a weak
correlation between the variables as shown by the bright
blue-colored region in the WCPD, indicating a potential
hedge attribute for naphtha and possible portfolio di-
versifcation for investors as well. In the early months of
2022, around 32–64 (medium-term frequency), we observed
negative comovements between COVID-19 cases and
naphtha returns, with COVID-19 cases driving the re-
lationship. Tese negative comovements exhibit the same
attributes as the fnal months of 2021 (around the 32–64
daily frequency band).

Figure 9 shows the SWC and WCPD between
COVID-19 cases and natural gas returns. From the SWC
(Figure 9(a)), we observe that the short term (around 4–8
daily cycles) depicted negative comovements between
COVID-19 cases and natural gas returns in 2020. Te ob-
served comovements demonstrated a weak correlation be-
tween the variables, as depicted by the deep blue-colored
region in the WCPD (Figure 9(b)). It is important to note
that the negative comovements were led by COVID-19
cases, indicating a potential hedge attribute for natural gas in
the early periods of the pandemic. However, in 2021, around
the 4–16 frequency bands, we observe positive comovements
between COVID-19 cases and natural gas returns, with
COVID-19 cases leading. Tese positive comovements
demonstrated a strong correlation between the variables, as
shown by the green-colored region in theWCPD.Terefore,
portfolio diversifcation was eliminated during this period.
Similarly, in 2021, around 64–128 (long-term frequency), we
observe, from the SWC (Figure 9(a)), positive comovements
between COVID-19 cases and natural gas returns, with
COVID-19 cases driving the relationship. Tese positive
comovements demonstrated a strong correlation between
the variables, as shown by the green-colored region in the
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Figure 7: Wavelet analysis: COVID-19 cases and gasoline returns. Panel (a): squared wavelet coherence between COVID-19 cases and
gasoline returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and gasoline returns.
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WCPD (Figure 9(b)), signifying an absence of portfolio
diversifcation.

Additionally, around the 32–64 frequency bands in the
fnal months of 2021, we observe negative comovements
between COVID-19 cases and natural gas returns, with
natural gas returns leading the relationship. Tese
comovements revealed a weak correlation between the
variables as indicated by the bright blue-colored region in
the WCPD, signifying the presence of portfolio di-
versifcation for investors and a possible hedge attribute for
natural gas. In the frst quarter of 2022, around 2–8 daily
cycles, we observe positive comovements between
COVID-19 cases and natural gas returns. Tese positive
comovements demonstrated a strong correlation between
the variables as depicted by the green-colored region in the
WCPD.Terefore, we conclude that portfolio diversifcation
was eliminated during this period.

Figure 10 presents the SWC and WCPD between
COVID-19 cases and propane returns. From the SWC

(Figure 10(a)), we observe that the short term (around 4–8
daily cycles) depicted negative comovements between
COVID-19 cases and propane returns in 2020. Te observed
comovements demonstrated a weak correlation between the
variables, as depicted by the deep blue-colored region in the
WCPD (Figure 10(b)). It is important to note that the
negative comovements were led by COVID-19 cases, in-
dicating a potential hedge attribute for propane in the early
periods of the pandemic. However, around the 32–64
(medium-term) frequency, we observe positive comove-
ments between COVID-19 cases and propane returns, with
COVID-19 cases driving the relationship. Tese positive
comovements between the variables depicted a strong re-
lationship, as confrmed by the green-colored region in the
WCPD.Terefore, we conclude that portfolio diversifcation
was absent during this period. Additionally, in the same year
2020, around 64–128 (long-term frequency), a cloud of ←
arrows demonstrated negative comovements between
COVID-19 cases and propane returns. Tese negative
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Figure 8: Wavelet analysis: COVID-19 cases and naphtha returns. Panel (a): squared wavelet coherence between COVID-19 cases and
naphtha returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and naphtha returns.
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Figure 9: Wavelet analysis: COVID-19 cases and natural gas returns. Panel (a): squared wavelet coherence between COVID-19 cases and
natural gas returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and natural gas returns.
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comovements depicted a weak correlation between the
variables, as shown by the deep blue-colored region in the
WCPD, with COVID-19 cases driving the relationship. It is
worth noting that, during this period, we conclude a po-
tential hedge attribute for propane as well as possible
portfolio diversifcation for investors.

In 2021, around 4–8 daily cycles, a cloud of ← arrows
spotted from the SWC (Figure 10(a)) demonstrated negative
comovements between COVID-19 cases and propane
returns, with COVID-19 cases driving the relationship.
Tese negative comovements indicated a weak correlation
between the variables as shown by the deep blue-colored
region in the WCPD (Figure 10(b)). Terefore, we conclude
a potential hedge attribute for propane and possible port-
folio diversifcation for investors in this period. However,
around the 8–16 frequency bands, we observe positive
comovements between COVID-19 cases and propane
returns, with either COVID-19 cases or propane returns
leading. Tese positive comovements demonstrated a strong
relationship between the variables, as shown by the green
and red-colored regions in the WCPD. Terefore, these
fndings revealed the elimination of portfolio diversifcation
during this period. Also, around the 16–32 frequency bands,
we observe positive comovements between COVID-19 cases
and propane returns, with COVID-19 cases driving the
relationship between the variables. Tese positive comove-
ments demonstrated a strong relationship between the
variables as shown by the green-colored region in the
WCPD. Terefore, portfolio diversifcation was eliminated
during this period. Lastly, in the fnal months of 2021,
around 32–64 (medium-term frequency), we observed
negative comovements between COVID-19 cases and pro-
pane returns, with COVID-19 cases driving the relationship.
Tese negative comovements depicted a weak relationship
between the two variables as indicated by the deep blue color
shown in the WCPD. Terefore, we identifed a potential
hedge attribute for propane and possible diversifcation for
investors within this period. Additionally, around 64–128
(long-term frequency), a cloud of⟶ arrows demonstrated

positive comovements between COVID-19 cases and pro-
pane returns, with COVID-19 cases driving the relationship.
Te positive comovements revealed a strong relationship
between the variables as indicated by the green-colored
region in the WCPD. Hence, we conclude that portfolio
diversifcation was extinct in this period.

Figure 11 reveals the SWC and WCPD between
COVID-19 cases and uranium returns. From the SWC
(Figure 11(a)), we observe that the short term (around 4–8
daily cycles) depicted positive comovements between
COVID-19 cases and uranium returns in 2020.Te observed
comovements demonstrated a strong correlation between
the variables, as depicted by the green-colored region in the
WCPD (Figure 11(b)). It is important to note that the
positive comovements were led by COVID-19 cases, in-
dicating the elimination of portfolio diversifcation. How-
ever, within 2020, around the 8–16 frequency bands, a cloud
of ← arrows demonstrated negative comovements between
COVID-19 cases and uranium returns. Tese negative
comovements revealed a weak correlation between the
variables, as shown by the bright blue-colored region in the
WCPD, with COVID-19 cases driving the relationship.
Terefore, it is worth noting a potential hedge attribute for
uranium during this period. Additionally, we observe,
within the frequency band of 32–64, positive comovements
between COVID-19 cases and uranium, with COVID-19
cases driving the relationship. Tese positive comovements
demonstrated a strong relationship between the two vari-
ables as indicated by the green-colored region in theWCPD.
Terefore, we conclude that portfolio diversifcation was
absent during this period.

In 2021, around 4–8 daily cycles, we observed, from the
SWC (Figure 11(a)), negative comovements between
COVID-19 cases and uranium returns, with COVID-19
cases leading the relationship. Tese negative comovements
established a weak relationship between the variables as
indicated by the bright blue-colored region in the WCPD
(Figure 11(b)). Hence, we conclude a potential hedge at-
tribute for uranium and possible diversifcation for investors
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Figure 10: Wavelet analysis: COVID-19 cases and propane returns. Panel (a): squared wavelet coherence between COVID-19 cases and
propane returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and propane returns.
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within this period. Also, around the 16–32 frequency bands,
we observe positive comovements between COVID-19 cases
and uranium returns, with COVID-19 cases driving the
relationship. Tese positive comovements demonstrated
a strong relationship between the variables, as indicated by
the green-colored region in the WCPD. Terefore, we
conclude portfolio diversifcation was eliminated during this
period.

 . Conclusions

Tis study examined the impact of COVID-19 on ten global
energy commodities (i.e., Brent, crude oil, coal, heating oil,
natural gas, ethanol, gasoline, naphtha, uranium, and pro-
pane) from January 2020 to April 2022. We employed the
squared wavelet coherence (SWC) and wavelet coherence
phase-diference (WCPD) methodologies.

Our analysis showed predominantly low and high levels
of coherence between COVID-19 cases and the sampled
energy commodities. Te consistent red color shown on the
SWC across the medium and low frequencies emphasised
the strength of the pandemic in driving energy market
returns. High coherence implies a strong correlation be-
tween COVID-19 cases and energy commodity returns,
while low coherence implies a weak correlation between the
two variables. Key fndings from the study revealed strong
and weak correlations between COVID-19 cases and energy
commodity returns across diferent time-frequency scales.
We observed low coherence between COVID-19 cases and
all the sampled energy commodities in the early periods of
2020 when the pandemic was most severe. Te diferences in
time scales for the various energy commodities and
COVID-19 cases are necessary since they induce the de-
cisions of market participants. Tese diferences also
highlight the need for crossmarket and crossasset in-
vestments. In terms of the strength of coherence, low co-
herence, for instance, allows for diversifcation benefts and
a potential safe-haven in times of global crises such as the
COVID-19 pandemic. On the one hand, the fnding of high

coherence is consistent with existing works that underscore
increased crossasset connectedness in the COVID-19 era
[19, 20, 30, 32], while on the other hand, the plausible di-
versifcation found for most energy commodities at high
frequencies underscores the leading role of energy com-
modities due to their relevance in several economic
sectors [21].

Te fndings support investors pursuing diversifcation
and hedge strategies in times of global catastrophic events.
During times of crisis, information fows and spillovers are
predominant. Due to the actions of rational, albeit irrational
investors, any COVID-19 news item, particularly cases and
deaths, that is released would be reacted to. Tis reaction
from investors results in the formation of transient links
inside and across fnancial markets [16, 18]. In the
COVID-19 pandemic era, the count of confrmed cases,
proposed policy measures, retirement plans, levels of un-
employment, etc., are all potential factors that drive harsh
fnancial market decisions [14, 42, 43] and could, therefore,
be linked to the increased spillover transmission from
COVID-19-based shocks to energy commodity markets.
Additionally, our analyses matter to investors and policy-
makers who are concerned with the stability of commodity
markets. Te results from the study indicate the role of the
COVID-19 pandemic in creating a volatile situation in the
commodity markets which induces the decisions of in-
vestors, portfolio managers, and policymakers across various
investment horizons [33, 35].

Te fndings from our study have important implications
for investors, portfolio managers, policymakers, and future
research. Key fndings from this study will be useful to
investors, such that they can pursue diversifcation in times
of catastrophic happenings like the ongoing COVID-19
pandemic and assist in the predictability of future com-
modity prices, suggesting the importance of identifying the
determinants of price volatility [36]. Furthermore, the
heterogeneous lead-lag dynamics found in this study stresses
the need for a timely rebalancing of portfolios. Portfolio
managers can pursue hedging strategies to minimise
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Figure 11: Wavelet analysis: COVID-19 cases and uranium returns. Panel (a): squared wavelet coherence between COVID-19 cases and
uranium returns. Panel (b): wavelet coherence phase diference between COVID-19 cases and uranium returns.
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portfolio risks in times of pandemics. On the other hand,
policymakers can use the results from this study to re-
structure or redesign policies that will help reduce energy
market volatility in the event of any catastrophic happenings
such as the COVID-19 pandemic. Lastly, future research can
focus on the extension of our fndings by trying alternative
approaches and measuring the consequences of including
energy investments in a portfolio. Te hedging efectiveness
of including energy commodities may also be ascertained
using other econometric approaches.
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