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Abstract: The Global Fear Index (GFI) is a measure of fear/panic based on the number of people
infected and deaths due to COVID-19. This paper aims to examine the interconnection or interdepen-
dencies between the GFI and a set of global indexes related to the financial and economic activities
associated with natural resources, raw materials, agribusiness, energy, metals, and mining, such as:
the S&P Global Resource Index, the S&P Global Agribusiness Equity Index, the S&P Global Metals
and Mining Index, and the S&P Global 1200 Energy Index. To this end, we first apply several common
tests: Wald exponential, Wald mean, Nyblom, and Quandt Likelihood Ratio. Subsequently, we apply
Granger causality using a DCC-GARCH model. Data for the global indices are daily from 3 February
2020 to 29 October 2021. The empirical results obtained show that the volatility of the GFI Granger
causes the volatility of the other global indices, except for the Global Resource Index. Moreover,
by considering heteroskedasticity and idiosyncratic shocks, we show that the GFI can be used to
predict the co-movement of the time series of all the global indices. Additionally, we quantify the
causal interdependencies between the GFI and each of the S&P global indices using Shannon and
Rényi transfer entropy flow, which is comparable to Granger causality, to confirm directionality more
robustly The main conclusion of this research is that financial and economic activity related to natural
resources, raw materials, agribusiness, energy, metals, and mining were affected by the fear/panic
caused by COVID-19 cases and deaths.

Keywords: global indices; co-movement; Granger causality; DCC-GARCH

1. Introduction

On 11 March, the World Health Organization (WHO) declared Coronavirus, or COVID-
19, a global pandemic [1]. This fact signified an unusual shock for the world, as it affected
most sectors of the economy [2,3]. Shortly after the beginning of the pandemic, stock mar-
kets around the world suffered significant declines compared to those that occurred during
the 2008 financial crisis, the 1987 market crash, and even the 1929 Great Depression [4].
Similarly, global commodity markets exhibited a significant drop due to supply chain
disruptions that caused supply and demand mismatches [5]. For example, in March 2020,
oil prices recorded their most considerable drop compared to other commodities [6].

In the financial context, the Dows Jones index fell by more than 2000 points on
3 March [7], with some sectors of the S&P 1500 index (natural gas, health care, software,
among others) posting positive returns [8], while others such as the tourism, entertainment,
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and hospitality sectors decreased [9,10]. At the same time, the pandemic, and in particular
the restrictive measures in place, had a negative impact on the management of natural
resources [11] and the price of metals [12].

Different studies and investigations analyze causality, impact, co-movement, volatility,
and uncertainty among economic/financial sectors, either by country, region, or a specific
industry, stock market, currency, or cryptocurrency [13–18]. They have also analyzed the
impact that the confirmed number of infected people or deaths had on different financial
and economic activities [19–23]. In this regard, it is also worth mentioning the pioneering
work of Baker et al. [4], who developed the Infectious Disease Equity Market Volatility
Tracker Index, which includes press news from the United States regarding COVID-19,
and which has been used in various investigations to measure the impact of news on the
volatility of different types of financial series [6,24–29].

On the other hand, Salisu and Akanni [30] developed, in 2020, the Global Fear Index
(GFI), which is a measure of fear/panic based on the number of people infected and
deaths due to COVID-19. One of the relevant characteristics of the GFI lies in its coverage,
since all the countries of the world are considered in its construction methodology, and
consequently, for all the regions and territories of the world. GFI is daily calculated on a
scale of 0–100, where zero means no fear/panic, and values closer to 100 are associated when
the population feels fear/panic. GFI has been used in many applications, for instance: (1) to
analyze its relationship with market volatility to determine an investment portfolio [31],
(2) to measure the efficiency and coverage in the Pakistan stock market [32], and (3) to
examine the influence of fear in the bond market for G7 countries [33]. In most cases, GFI
has shown an important relationship with many different financial variables.

This paper examines the co-movement of GFI towards the volatility of four global
indices: the S&P Global Resource Index (GRI), the S&P Global Agribusiness Equity Index
(GAEI), the S&P300 Metals and Mining Index (MMI), and, finally, the S&P Global 1200
Energy Index (GEI) through the Granger causality time series using a DCC-GARCH. The
DCC-GARCH model was proposed by Lu [34] and improved by Caporin and Costola [35]
through simulation to obtain better confidence levels needed to accept or reject causality. It
is worth mentioning that the DCC-GARCH has been widely used to analyze causality over
time between pairs of economic and financial time series [29,36–38].

The global indices that are analyzed in this research (GRI, GAEI, MMI, and GEI) are
directly and indirectly related to the primary sector of the economies. Consequently, many
industries are also related to them. The interaction between the GFI (COVID-19 fear/panic)
and the aforementioned global indices becomes an important issue, considering that the
primary sector makes up a large part of economies. In this case, the agricultural and mining
policymaker could manage its relative risk exposure in different global markets. This risk
management can improve the role played by natural resources, agribusiness, energy, metals,
and mining in the macroeconomic integration processes of the different sectors.

This research differs from others in that: (1) it uses a DCC-GARCH model that has several
advantages for determining Granger causality; (2) it allows for identifying any immediate
impact of news information on the stock market at any time, which asynchronously occurs due
to how information flows [38,39]; (3) it uses dynamic cross-correlation to assess causality based
on the time window width [34]; (4) it determines the causality in the mean and in a dynamic
way, and, finally, (5) it determines the volatility cluster where the causality occurs [40].

This paper also demonstrates that the GFI can be considered to be a variable that could
help predict the co-movement of the daily time series of all of the indices considered in this
work. The results show that the GFI has a unidirectional co-movement through time with
the global indices. Therefore, the GFI serves as a variable to forecast the co-movement of
the rest of the variables one day in advance, which makes this anticipation relevant. Addi-
tionally, by using information-theoretic concepts, this investigation examines the causal
interdependencies between the GFI and each of the S&P global indices using Shannon and
Rényi directional transfer entropy flow, which is comparable to Granger causality.
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This work is organized as follows: Section 2 outlines the materials and methods;
Section 3 presents the results from classical time series analysis; Section 4 examines the
causal interdependencies between the GFI and each of the S&P global indices using Shan-
non and Rényi directional transfer entropy flow, which is comparable to Granger causality;
Section 5 presents a general discussion of the empirical results obtained; and, finally,
Section 5 provides the conclusions.

2. Materials and Methods

In the following section, four global indices (the S&P Global Resource Index (GRI), the
S&P Global Agribusiness Equity Index (GAEI), the S&P300 Metals and Mining Index (MMI),
and the S&P Global 1200 Energy Index (GEI)) and the fear/panic index (GFI) are analyzed.
The first global index is the GRI, which comprises 90 companies listed in natural resources
and raw materials. Investors can diversify their investments in three sectors: agribusiness,
energy and metals, and mining. The second is the GAEI, which includes 24 of the largest
agribusiness companies listed on the stock exchanges around the world; investment is
diversified in terms of production companies, distributors and processors, and suppliers
of equipment and materials. The third is the MMI index, made up of companies that are
classified in the Global Industry Classification Standard (GICS®). It belongs to the metals
and mining sector, which produces aluminum, gold, steel, precious metals, minerals and
metals, and diversified minerals. The latest global index is the GEI, which comprises energy
sector companies within GICS®. The series were obtained from https://www.refinitiv.com
(accessed on 30 December 2022).

The GFI is an index that is made up of two others: the COVID-19 cases index and
the index of reported worldwide COVID-19 deaths, both with equal weights in the GFI.
The series of S&P global indices are daily closing prices, and GFI is a daily index on a
scale of 0 to 100, from 3 February 2020 to 29 October 2021, with a total of 425 observations.
The series are transformed into logarithmic growth rates as yt = 100(ln(pt)− ln(pt−1)).
Figure 1 shows the data in nominal form and its logarithmic growth rate. It is observed
that, at the beginning of studied period, the four S&P global indices fall and then they have
an upward trend, declining with a valley around March 2020 and others later. The GFI
index shows several changes over time, highlighting a rise at the beginning of the analyzed
period with ups and downs in its trend. Regarding the rest of the variables, they present
greater volatility at the beginning of the period, and at the beginning of 2021.

We present in Table 1 the descriptive statistics of the logarithmic growth rates for each
time series.

Table 1. Descriptive statistics for daily observations.

Statistic/yt MMI GEI GAEI GRI GFI

Mean 0.02 0.00 0.06 0.05 0.04
Median 0.07 −0.04 0.10 0.14 −0.35

Min −10.36 −21.34 −10.31 −12.91 −25.76
Max 9.95 15.52 6.69 11.69 28.06

Variance 3.71 7.69 2.46 3.56 42.9
SD 1.93 2.77 1.57 1.89 6.55

Skewness −0.31 −1.3 −1.3 −1.41 0.18
Kurtosis 7.51 17.09 12.02 16.6 6.75

JB 369.54 *** 3681.0 *** 1683.10 *** 3667.70 *** 2018.80 ***
RALS-LM −26.06 *** −15.13 *** −11.07 *** −11.11 *** −7.00 ***

26 August 2021
01 August 2021

25 January 2021
23 February 2021

05 August 2020
19 August 2020

26 October 2020
25 February 2021

24 July 2020
03 December 2021

Note: (**) 5% of significance (***) 1% significance.

https://www.refinitiv.com
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Figure 1. Indices and their daily logarithmic growth rates. (GFI stands for Global Fear Index,
GRI stands for S&P Global Resource Index, and GAEI stands for the S&P Global Agribusiness
Equity Index).

All four of the S&P global series are left-skewed, and only the GFI is right-skewed. All
series are platykurtic. The Jarque-Bera statistic [41] shows that the series have a non-normal
distribution. To check whether the series is stationary, the RALS-LM non-parametric unit
root test [42] was applied, which determines the periods of change in both the slope and
the intercept. The unit root null hypothesis is rejected at 1% significance, with two periods
of change. This confirms that the series lacks a unit root (see Table 1).

In order to specify the econometric model and apply the corresponding tests, we first
analyzed the standardized residuals for each stationary series {yi,t}, i = 1, 2, t = 1, . . . , T,
defines the sample size from a univariate GARCH(1,1) model in order to remove any
autocorrelation effects. To analyze the dynamic correlation, we introduce a DCC-GARCH
(1,1) model

yt(j) =
(

y1,t
y2,t−j

)
(1)

where j is the lag order. As usual, the Hong test is defined as:

H1t(k) =
T ∑T−2

j=0 k2
(

j+1
M

)
r2

12,t(j)− C1T(k)√
2D1T(k)

(2)

where M is a positive integer and has a small impact on the size of the DCC-GARCH Hong
test (we also use M = 2, M = 5, and M = 10, but results remain relatively constant) and k(·)
is the kernel function. The other variables in Equation (2) are defined as

C1T(k) = ∑T−1
j=1

(
1− j

M

)
k2
(

j
M

)
(3)

and

D1T(k) = ∑T−1
j=1

(
1− j

M

)(
1− j + 1

T

)
k4
(

j
M

)
. (4)
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Notice that
H1,t(k) ∼ N(0, 1) (5)

If H1,t(k) is larger than the critical value of the normal distribution, then the null
hypothesis of no causality is rejected. Caporin and Costola [35] mentioned that the test
statistic proposed by Lu [34] must be conducted through simulations, which obtains better
critical values for the null hypothesis and contrasts them with the critical values under the
assumption of normality, which avoids possible type I errors.

3. Empirical Results from Classical Time Series Analysis

Figure 2 presents the points where the Granger causality occurs, and Table 2 shows
the dates where the causality occurs. Observe now that GFI Granger causes MMI until the
beginning of May 2021 in a unidirectional way. The same happens for GEI and GAEI, and
there is no Granger causality for GRI. Over time, the market suffered periods of abnormal
volatility due to the uncertainty generated by financial crises, political risks, or pandemics.
Policies are required from governments to react in advance of the markets or to mitigate the
impact to a certain extent, although the uncertainty generated by COVID-19 will continue
to be present [43]. Figure 2 presents the results of H1,t(k). It can be observed that GFI
Granger-causes MMI, GEI, and GAEI in a unidirectional way, except for GRI.
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Table 2. Date of Granger Causality.

GFI→MMI GFI→ GEI GFI→ GAEI

05 April 2020
05 May 2020
05 June 2020
05 July 2020
09 July 2020

01 July 2021 01 July 2021
01 August 2021

“→ ” indicates causality from one series to another.
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The results are in line with Ayyildiz [44], where the GFI is related to a series of
agricultural products to determine their Granger causality. Furthermore, Dogan et al. [45]
examined the effects of COVID-19 deaths and cases on natural resources and commodities,
causing an increase in volatility [3,46–48]. The present research also complements the
results of other studies about the relationship of COVID 19 and financial markets. For
instance, Sharif et al. [47] measured COVID-19 by the number of infected cases in the U.S.
Zaremba et al. [46] used government interventions, not drugs aimed at curbing the spread
of COVID-19. Zhang et al. [3] based their study on global coronavirus infections obtained
from the John Hopkins Coronavirus Resource Center.

Therefore, the sentiment generated by the GFI due to COVID-19 cases and deaths
could affect the psychological behavior of investors. In fact, some studies have analyzed the
impact of sentiment variables on stock market volatility [49,50], and others such as Jawadi
et al. [51] showed that investor sentiment is one of the leading causes of asymmetric returns
of the actions. Furthermore, the fear/panic caused by the combined COVID-19 cases
and deaths in GFI generates a pessimistic sentiment in the market [52–54]. In this sense,
Haroon and Rizvi [55] mentioned that the coronavirus pandemic resulted in unprecedented
information coverage and outpouring of opinion in this era of rapid information, and
this has created uncertainty in financial markets that leads to greater price volatility. The
pandemic triggered different behaviors in different economic sectors, which, with a solid
policy on the part of governments, can reduce the impact on the volatility of these series,
originating a renewed economy, which brings with it an optimistic growth forecast for the
coming year [43]. Compared to other public health crises that preceded this one, COVID-
19 significantly impacted different markets, regardless of developed or non-developed
countries [56,57].

It is worth noting that each country has a different level of COVID-19 infections and
deaths, health regulations, and media exposure, which in turn affects people’s perception
of fear/panic. Therefore, the perception may be different in developed and developing
countries. In this sense, the perceptions of market participants in industrialized countries
could have a stronger effect on global markets (or even on their own domestic markets)
than market participants in emerging countries.

At this point, it is important to note that the GFI may have affected specific industries.
For example, Food and Lodging Services, specifically the fast food industry, established
their contactless delivery policy to provide health security for their customers. Another
case was that of the restaurant sector, which began to offer its services outdoors. On the
other hand, hotels offered their customers pay online or rent now and stay later services, as
well as technology, to check in and checkout instead of doing it physically.

We next analyze whether the GFI serves as a variable to forecast the co-movement of
the series of the S&P global indices studied. A one-day forecast is considered, applying
the Granger causality test with variations in time as in [58]; which can determine local pro-
jections assuming heteroscedasticity and idiosyncratic shocks. This test allows a bivariate
model to not be constrained like the recursive or mobile window models of [59], which
depend on the chosen window size selection [60].

The tests are based on four statistics: the Wald exponential test (ExpW), the Wald mean
(MeanW), Nyblom (Nyblom), and the Quandt Likelihood Ratio (SupLR) test, considering
the Schwarz Information Criterion (SIC). An Autoregressive Vector was estimated with
one lag, and a cut of 15% for the extremes. Longer lags were not statistically significant
at an appropriate level. The null hypothesis is that the Wald statistics on the GFI do not
cause the global indices; thus it must be rejected. Table 3 presents the results of the four
tests applied to each bivariate series of the GFI considered in this study.
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Table 3. Univariate Granger causality statistics.

Bivariate Series
Statistics

ExpW MeanW Nyblom SupLR

GFI→MMI 88.53 *** 55.34 *** 2.23 * 186.94 ***
GFI→ GEI 20.21 *** 21.11 *** 1.76 50.94 ***

GFI→ GAEI 29.94 *** 25.53 *** 2.06 71.14 ***
GFI→ GRI 65.23 *** 40.21 *** 1.90 139.60 ***

Note: (*) 10%, (**) 5% and (***) 1% level of significance.

Figure 3 presents the sequential analysis through the time of the Wald statistic, where
the Granger causality is presented one day ahead as a forecast. We observed that, among
the four different tests, three were significant (except Nyblom).
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The above findings demonstrate that the GFI is a variable that can help determine the
co-movement of the other indices one day ahead. The GFI begins to forecast co-movement
toward MMI in March 2021 until the end of the period. Regarding the GEI, GAEI, and
GRI, the co-movement starts from the beginning of the period to the end, with some points
where the Granger causality with heteroscedasticity and idiosyncratic shocks is not found.
This shows that GFI is a variable that has a co-movement on the volatility of the indices
analyzed in this study. This also indicates that the volatility of these series is sensitive to the
behavior of GFI, which is based on cases and deaths from COVID-19, so the co-movement
in the volatility of these indices may cause investors to not only react because of the GFI,
but to the economic/financial policies that were applied during the pandemic, in order
to mitigate market risk. However, false news about cases and deaths from COVID-19
should not be put aside, since they could cause an overreaction, which would generate
high volatility and uncertainty in these financial markets.

The effect of cases and deaths may present a negative sentiment among economic
agents, this would imply greater volatility compared to positive news. However, these
agents could overreact due to the pandemic in specific periods. However, as more informa-
tion arrives, the market corrects itself [61,62]. Finally, one important question is what the
side effects will be on these global indices once the pandemic is over; even though different
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markets can be replenished, most likely it seems that uncertainty will prevail as long as the
pandemic continues, and economic policies are not taken to mitigate this uncertainty.

4. Robustness Check with an Information-Theoretic Analysis (Shannon and
Rényi Entropy)

In this section, to verify Granger causality more robustly, we follow Jizba et al. [63]
by using information-theoretic concepts such as Shannon [64] and Rényi [65] information
measures. We shall explore the directional information flow between the GFI and each
of the S&P Global Indices. That is, we inspect Shannon and Rényi transfer entropy flow
between the pairs of series. The transfer entropy flow quantifies causal interdependencies
in pairs of time series. This makes the Granger causality and the Shannon and Rényi
transfer entropy flow comparable.

Table 4 presents the results of the statistics of the test. Shannon’s entropy transfer
results are shown in panel A and Renyi’s in panel B. Column 1 provides the direction of the
information flow (→). Column 2 contains the Shannon and Rényi statistics, respectively,
and column 3 is the effective entropy transfer, which was calculated using 300 shuffles.
To the right of each panel are the quantiles of entropy transfer, each with its respective
direction. This calculation is based on Bootstrap samples for entropy transfer estimates and
non-effective transfer estimates.

Table 4. Shannon and Rényi transfer entropy flow between the GFI and each of the S&P Global Indices.

PANEL A

Shannon Transfer Entropy Bootstrapped TE Quantiles

Direction TE Eff. TE Direction 0% 25% 50% 75% 100%

GFI→MMI 2.5343 *** 0.06 GFI→MMI 1.88 2.03 2.07 2.11 2.23
GFI→ GEI 2.2945 *** 0.06 GFI→ GEI 1.75 1.87 1.91 1.95 2.11

GFI→ GAEI 2.4526 *** 0.07 GFI→ GAEI 1.83 1.98 2.01 2.05 2.17
GFI→ GRI 2.6126 *** 0.09 GFI→ GRI 1.94 2.14 2.19 2.23 2.38

PANEL B

Rényi Transfer Entropy Bootstrapped TE Quantiles

Direction TE Eff. TE Direction 0% 25% 50% 75% 100%

GFI→MMI 1.8436 *** 0.05 GFI→MMI 1.36 1.48 1.53 1.57 1.80
GFI→ GEI 1.7925 *** 0.05 GFI→ GEI 1.33 1.46 1.50 1.54 1.70

GFI→ GAEI 1.921 *** 0.06 GFI→ GAEI 1.43 1.52 1.56 1.61 1.74
GFI→ GRI 2.0353 *** 0.07 GFI→ GRI 1.46 1.68 1.74 1.80 1.98

Note: (*) 10%, (**) 5%, and (***) 1% level of significance. To calculate Shannon effective transfer entropy, the
number of shuffles is 100. The bins are defined by using the 5% and 95% empirical quantiles. The weighting
parameter to estimate Rényi transfer entropy is q = 3, which accentuates the central part of the distribution. The
number of bootstrap replications for each direction of the estimated transfer entropy is 300. The number of
observations that are dropped from the beginning of the bootstrapped Markov chain is 40. Lags lx = ly = 1.

Finally, it is worth noting that the empirical results show that the GFI entropy causes
all the other global indices (MMI, GEI, GAEI, and GRI) with the direction of the information
flow from the GFI to all the global indices, while GFI Granger causes the MMI, GEI, and
GAEI in a unidirectional way, except for the GRI.

5. General Discussion of the Empirical Results Obtained

From the above analysis, it can be seen that GFI Granger causes the MMI, GEI, and
GAEI in a unidirectional way, except for the GRI. The results are in line with Ayyildiz [44]
and Dogan et al. [45]. The empirical results obtained complement the results of other
studies regarding the relationship of COVID-19 and financial markets, as in Sharif et al. [47]
and Zhang et al. [3].

The obtained results suggest that the feelings generated by the GFI due to COVID-19
cases and deaths affect the psychological behavior of investors, as shown in Jawadi et al. [51],
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who proposed that investor sentiment was one of the leading causes of asymmetric returns
of the actions. In this sense, Haroon and Rizvi [55] noted that the COVID-19 pandemic
produced uncertainty in financial markets that led to greater price volatility.

Another relevant finding detected was that the GFI is a variable that can help determine
the co-movement of the other indices (GEI, GAEI, and GRI,) one day ahead. In other words,
the GFI is a variable that has co-movement on the volatility of the indices analyzed in this
study. This also indicates that the volatility of the other indices is sensitive to the behavior
of the GFI.

Finally, we verified Granger causality in a more robust way by using information-
theoretic concepts such as Shannon and Rényi information measures. The empirical results
showed that the GFI entropy causes all the other global indices (MMI, GEI, GAEI, and GRI)
with a direction of the information flow from the GFI to all the global indices, in such a
way that GFI Granger causes the MMI, GEI, and GAEI in a unidirectional way, except for
the GRI.

6. Conclusions

Our work analyzed the co-movement of the GFI, considered negative news regarding
COVID-19, through Granger causality, using a DCCC-GARCH model with variations in
time, during the COVID-19 pandemic period towards the volatility of the MMI, GEI, GAEI,
and GRI.

The empirical results found were a unidirectional causality of the GFI towards the
global indices, except for the GRI. Subsequently, we analyzed Granger causality over time
with a model that included heteroscedasticity and idiosyncratic shocks to forecast a forward
period of the GFI towards each of the global indices. In this case, we applied four different
tests, of which three were significant. Additionally, we obtained that causality was only
found from March 2021 in the GFI to the MMI. The rest of the pairs presented causality from
the beginning to the end of the period. This work indicates that the GFI has a co-movement
with the volatility of the other indices, and can serve as a forecast variable within these
markets. Additionally, to verify Granger causality more robustly, we showed that the GFI
entropy causes all the other global indices (MMI, GEI, GAEI, and GRI) with the direction of
the information flow from the GFI to all of the global indices,

Finally, a limitation of this investigation could be that other economic variables should
have been considered: such as the exchange rate, Gross Domestic Product, among oth-
ers; and/or other indices that have emerged regarding COVID-19, such as EMV-ID, the
Vaccination Index, Ciustk.cmp, among others; as well as other financial markets. These
could be considered in future works. In this study, we only focused on the co-movement
of the volatility of these global indices and the GFI. It should also be noted that the use of
the GFI as a predictor variable has another important limitation. For example, people’s
fear/panic due to COVID-19 may change as they learn to live with the virus as time passes,
and therefore, people may react less to a given index value on different dates.

Author Contributions: Conceptualization, data gathering, simulations, numerical tests, methodology,
formal analysis, investigation and writing original draft preparation P.C.-A., V.G., S.C., J.N.M. and
F.V.-M. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Data Availability Statement: The test results data presented in this study are available on request
from the corresponding author.

Acknowledgments: We thank the 3 reviewers for their professional work on the review, which really
improved the final version.

Conflicts of Interest: The authors declare no conflict of interest.



Entropy 2023, 25, 313 10 of 12

References
1. World Health Organization Rolling Updates on Coronavirus Disease (COVID-19). Available online: https://www.who.int/

emergencies/diseases/novel-coronavirus-2019/events-as-they-happen (accessed on 30 December 2022).
2. Ashraf, B.N. Stock Markets’ Reaction to COVID-19: Cases or Fatalities? Res. Int. Bus. Financ. 2020, 54, 101249. [CrossRef]

[PubMed]
3. Zhang, D.; Hu, M.; Ji, Q. Financial Markets under the Global Pandemic of COVID-19. Financ. Res. Lett. 2020, 36, 101528.

[CrossRef] [PubMed]
4. Baker, S.R.; Bloom, N.; Davis, S.J.; Kost, K.; Sammon, M.; Viratyosin, T. The Unprecedented Stock Market Reaction to COVID-19.

Rev. Asset Pricing Stud. 2020, 10, 742–758. [CrossRef]
5. Zhang, Y.; Wang, R. COVID-19 Impact on Commodity Futures Volatilities. Financ. Res. Lett. 2022, 47, 102624. [CrossRef]
6. Bouri, E.; Demirer, R.; Gupta, R.; Pierdzioch, C. Infectious Diseases, Market Uncertainty and Oil Market Volatility. Energies 2020,

13, 4090. [CrossRef]
7. Scherf, M.; Matschke, X.; Rieger, M.O. Stock Market Reactions to COVID-19 Lockdown: A Global Analysis. Financ. Res. Lett. 2022,

45, 102245. [CrossRef]
8. Ganie, I.R.; Wani, T.A.; Yadav, M.P. Impact of COVID-19 Outbreak on the Stock Market: An Evidence from Select Economies. Bus.

Perspect. Res. 2022, 1–15. [CrossRef]
9. Mazur, M.; Dang, M.; Vega, M. COVID-19 and the March 2020 Stock Market Crash. Evidence from S&P1500. Financ. Res. Lett.

2021, 38, 101690. [CrossRef]
10. Shapoval, V.; Hägglund, P.; Pizam, A.; Abraham, V.; Carlbäck, M.; Nygren, T.; Smith, R.M. The COVID-19 Pandemic Effects

on the Hospitality Industry Using Social Systems Theory: A Multi-Country Comparison. Int. J. Hosp. Manag. 2021, 94, 102813.
[CrossRef]

11. Muche, M.; Yemata, G.; Molla, E.; Muasya, A.M.; Tsegay, B.A. COVID-19 Lockdown and Natural Resources: A Global Assessment
on the Challenges, Opportunities, and the Way Forward. Bull. Natl. Res. Cent. 2022, 46, 20. [CrossRef]

12. Rajput, H.; Changotra, R.; Rajput, P.; Gautam, S.; Gollakota, A.R.K.; Arora, A.S. A Shock like No Other: Coronavirus Rattles
Commodity Markets. Environ. Dev. Sustain. 2021, 23, 6564–6575. [CrossRef]

13. Ramelli, S.; Wagner, A.F. Feverish Stock Price Reactions to COVID-19. Rev. Corp. Financ. Stud. 2020, 9, 622–655. [CrossRef]
14. Sibley, C.G.; Greaves, L.M.; Satherley, N.; Wilson, M.S.; Overall, N.C.; Lee, C.H.J.; Milojev, P.; Bulbulia, J.; Osborne, D.;

Milfont, T.L.; et al. Effects of the COVID-19 Pandemic and Nationwide Lockdown on Trust, Attitudes toward Government, and
Well-Being. Am. Psychol. 2020, 75, 618–630. [CrossRef]

15. Narayan, P.K.; Iyke, B.N.; Sharma, S.S. New Measures of the COVID-19 Pandemic: A New Time-Series Dataset. Asian Econ. Lett.
2021, 2, 1–13. [CrossRef]

16. Amewu, G.; Owusu Junior, P.; Amenyitor, E.A. Co-Movement between Equity Index and Exchange Rate: Fresh Evidence from
COVID-19 Era. Sci. Afr. 2022, 16, e01146. [CrossRef]

17. Sazzad Jeris, S.; Deb Nath, R. COVID-19, Oil Price and UK Economic Policy Uncertainty: Evidence from the ARDL Approach.
Quant. Financ. Econ. 2020, 4, 503–514. [CrossRef]

18. Chiang, T.C. Evidence of Economic Policy Uncertainty and COVID-19 Pandemic on Global Stock Returns. J. Risk Financ. Manag.
2022, 15, 28. [CrossRef]

19. Udeaja, E.A.; Isah, K.O. Stock Markets’ Reaction to COVID-19: Analyses of Countries with High Incidence of Cases/Deaths in
Africa. Sci. Afr. 2022, 15, e01076. [CrossRef]

20. Abu, N.; Gamal, A.A.M.; Sakanko, M.A.; Mateen, A.; Joseph, D.; Amaechi, B.O.O. How Have COVID-19 Confirmed Cases and
Deaths Affected Stock Markets? Evidence from Nigeria. Contemp. Econ. 2021, 15, 76–99. [CrossRef]

21. Al-Awadhi, A.M.; Alsaifi, K.; Al-Awadhi, A.; Alhammadi, S. Death and Contagious Infectious Diseases: Impact of the COVID-19
Virus on Stock Market Returns. J. Behav. Exp. Financ. 2020, 27, 100326. [CrossRef]

22. Mishra, P.K.; Mishra, S.K. Corona Pandemic and Stock Market Behaviour: Empirical Insights from Selected Asian Countries.
Millenn. Asia 2020, 11, 341–365. [CrossRef]

23. Onali, E. COVID-19 and Stock Market Volatility. SSRN Electron. J. 2020, 1–24. [CrossRef]
24. Corbet, S.; Larkin, C.; Lucey, B. The Contagion Effects of the COVID-19 Pandemic: Evidence from Gold and Cryptocurrencies.

Financ. Res. Lett. 2020, 35, 101554. [CrossRef]
25. Li, Y.; Liang, C.; Ma, F.; Wang, J. The Role of the IDEMV in Predicting European Stock Market Volatility during the COVID-19

Pandemic. Financ. Res. Lett. 2020, 36, 101749. [CrossRef] [PubMed]
26. Coronado, S.; Martinez, J.N.; Romero-Meza, R. Time-Varying Multivariate Causality among Infectious Disease Pandemic and

Emerging Financial Markets: The Case of the Latin American Stock and Exchange Markets. Appl. Econ. 2021, 54, 3924–3932.
[CrossRef]

27. Romero-Meza, R.; Coronado, S.; Ibañez-Veizaga, F. COVID-19 y Causalidad en la volatilidad del mercado accionario chileno.
Estud. Gerenc. 2021, 37, 242–250. [CrossRef]

28. Bouri, E.; Gkillas, K.; Gupta, R.; Pierdzioch, C. Forecasting Power of Infectious Diseases-Related Uncertainty for Gold Realized
Variance. Financ. Res. Lett. 2021, 42, 101936. [CrossRef]

29. Gupta, R.; Subramaniam, S.; Bouri, E.; Ji, Q. Infectious Disease-Related Uncertainty and the Safe-Haven Characteristic of US
Treasury Securities. Int. Rev. Econ. Financ. 2021, 71, 289–298. [CrossRef]

https://www.who.int/emergencies/diseases/novel-coronavirus-2019/events-as-they-happen
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/events-as-they-happen
http://doi.org/10.1016/j.ribaf.2020.101249
http://www.ncbi.nlm.nih.gov/pubmed/34170989
http://doi.org/10.1016/j.frl.2020.101528
http://www.ncbi.nlm.nih.gov/pubmed/32837360
http://doi.org/10.1093/rapstu/raaa008
http://doi.org/10.1016/j.frl.2021.102624
http://doi.org/10.3390/en13164090
http://doi.org/10.1016/j.frl.2021.102245
http://doi.org/10.1177/22785337211073635
http://doi.org/10.1016/j.frl.2020.101690
http://doi.org/10.1016/j.ijhm.2020.102813
http://doi.org/10.1186/s42269-022-00706-2
http://doi.org/10.1007/s10668-020-00934-4
http://doi.org/10.1093/rcfs/cfaa012
http://doi.org/10.1037/amp0000662
http://doi.org/10.46557/001c.23491
http://doi.org/10.1016/j.sciaf.2022.e01146
http://doi.org/10.3934/QFE.2020023
http://doi.org/10.3390/jrfm15010028
http://doi.org/10.1016/j.sciaf.2021.e01076
http://doi.org/10.5709/ce.1897-9254.437
http://doi.org/10.1016/j.jbef.2020.100326
http://doi.org/10.1177/0976399620952354
http://doi.org/10.2139/ssrn.3571453
http://doi.org/10.1016/j.frl.2020.101554
http://doi.org/10.1016/j.frl.2020.101749
http://www.ncbi.nlm.nih.gov/pubmed/32908465
http://doi.org/10.1080/00036846.2021.2018127
http://doi.org/10.18046/j.estger.2021.159.4412
http://doi.org/10.1016/j.frl.2021.101936
http://doi.org/10.1016/j.iref.2020.09.019


Entropy 2023, 25, 313 11 of 12

30. Salisu, A.A.; Akanni, L.O. Constructing a Global Fear Index for the COVID-19 Pandemic. Emerg. Mark. Financ. Trade 2020, 56,
2310–2331. [CrossRef]

31. Li, W.; Chien, F.; Kamran, H.W.; Aldeehani, T.M.; Sadiq, M.; Nguyen, V.C.; Taghizadeh-Hesary, F. The Nexus between COVID-19
Fear and Stock Market Volatility. Econ. Res. Ekon. Istraživanja 2022, 35, 1765–1785. [CrossRef]

32. Tao, R.; Su, C.W.; Yaqoob, T.; Hammal, M. Do Financial and Non-Financial Stocks Hedge against Lockdown in COVID-19? An
Event Study Analysis. Econ. Res. Ekon. Istraz. 2021, 35, 2405–2426. [CrossRef]

33. Paule-Vianez, J.; Orden-Cruz, C.; Escamilla-Solano, S. Influence of COVID-Induced Fear on Sovereign Bond Yield. Econ. Res.
Ekon. Istraz. 2021, 35, 2173–2190. [CrossRef]

34. Lu, F.; Hong, Y.; Wang, S.; Lai, K.; Liu, J. Time-Varying Granger Causality Tests for Applications in Global Crude Oil Markets.
Energy Econ. 2014, 42, 289–298. [CrossRef]

35. Caporin, M.; Costola, M. Time-Varying Granger Causality Tests in the Energy Markets: A Study on the DCC-MGARCH Hong
Test. Energy Econ. 2022, 111, 106088. [CrossRef]

36. Cevik, E.I.; Atukeren, E.; Korkmaz, T. Oil Prices and Global Stock Markets: A Time-Varying Causality-in-Mean and Causality-in-
Variance Analysis. Energies 2018, 11, 2848. [CrossRef]

37. Gupta, R.; Kanda, P.; Wohar, M.E. Predicting Stock Market Movements in the United States: The Role of Presidential Approval
Ratings. Int. Rev. Financ. 2021, 21, 324–335. [CrossRef]

38. Coronado, S.; Gupta, R.; Hkiri, B.; Rojas, O. Time-Varying Spillovers between Currency and Stock Markets in the USA: Historical
Evidence from More than Two Centuries. Adv. Decis. Sci. 2020, 24, 1–33.

39. Kanda, P.; Burke, M.; Gupta, R. Time-Varying Causality between Equity and Currency Returns in the United Kingdom: Evidence
from over Two Centuries of Data. Physical A Stat. Mech. Its Appl. 2018, 506, 1060–1080. [CrossRef]

40. Jammazi, R.; Ferrer, R.; Jareño, F.; Shahzad, S.J.H. Time-Varying Causality between Crude Oil and Stock Markets: What Can We
Learn from a Multiscale Perspective? Int. Rev. Econ. Financ. 2017, 49, 453–483. [CrossRef]

41. Bera, A.K.; Jarque, C.M. Efficient Tests for Normality, Homoscedasticity and Serial Independence of Regression Residuals. Econ.
Lett. 1981, 7, 313–318. [CrossRef]

42. Meng, M.; Lee, J.; Payne, J.E. RALS-LM Unit Root Test with Trend Breaks and Non-Normal Errors: Application to the Prebisch-
Singer Hypothesis. Stud. Nonlinear Dyn. Econom. 2017, 21, 31–45. [CrossRef]

43. Sadiq, M.; Hsu, C.-C.; Zhang, Y.; Chien, F. COVID-19 Fear and Volatility Index Movements: Empirical Insights from ASEAN
Stock Markets. Environ. Sci. Pollut. Res. 2021, 28, 67167–67184. [CrossRef] [PubMed]

44. Ayyildiz, M. Asymmetrical Relationship between COVID-19 Global Fear Index and Agricultural Commodity Prices. Emir. J. Food
Agric. 2022, 34, 239–247. [CrossRef]

45. Dogan, E.; Majeed, M.T.; Luni, T. Analyzing the Nexus of COVID-19 and Natural Resources and Commodities: Evidence from
Time-Varying Causality. Resour. Policy 2022, 77, 102694. [CrossRef]

46. Zaremba, A.; Kizys, R.; Aharon, D.Y.; Demir, E. Infected Markets: Novel Coronavirus, Government Interventions, and Stock
Return Volatility around the Globe. Financ. Res. Lett. 2020, 35, 101597. [CrossRef]

47. Sharif, A.; Aloui, C.; Yarovaya, L. COVID-19 Pandemic, Oil Prices, Stock Market, Geopolitical Risk and Policy Uncertainty Nexus
in the US Economy: Fresh Evidence from the Wavelet-Based Approach. Int. Rev. Financ. Anal. 2020, 70, 101496. [CrossRef]

48. Lyócsa, Š.; Baumöhl, E.; Výrost, T.; Molnár, P. Fear of the Coronavirus and the Stock Markets. Financ. Res. Lett. 2020, 36, 101735.
[CrossRef]

49. Naseem, S.; Mohsin, M.; Hui, W.; Liyan, G.; Penglai, K. The Investor Psychology and Stock Market Behavior during the Initial Era
of COVID-19: A Study of China, Japan, and the United States. Front. Psychol. 2021, 12, 1–10. [CrossRef]

50. Xiang, Y.-T.; Yang, Y.; Li, W.; Zhang, L.; Zhang, Q.; Cheung, T.; Ng, C.H. Timely Mental Health Care for the 2019 Novel
Coronavirus Outbreak Is Urgently Needed. Lancet Psychiatry 2020, 7, 228–229. [CrossRef]

51. Jawadi, F.; Namouri, H.; Ftiti, Z. An Analysis of the Effect of Investor Sentiment in a Heterogeneous Switching Transition Model
for G7 Stock Markets. J. Econ. Dyn. Control 2018, 91, 469–484. [CrossRef]

52. Dash, S.R.; Maitra, D. The COVID-19 Pandemic Uncertainty, Investor Sentiment, and Global Equity Markets: Evidence from the
Time-Frequency Co-Movements. N. Am. J. Econ. Financ. 2022, 62, 101712. [CrossRef]

53. Zhang, H.; Ding, Y.; Li, J. Impact of the COVID-19 Pandemic on Economic Sentiment: A Cross-Country Study. Emerg. Mark.
Financ. Trade 2021, 57, 1603–1612. [CrossRef]

54. Su, Z.; Liu, P.; Fang, T. Pandemic-Induced Fear and Stock Market Returns: Evidence from China. Glob. Financ. J. 2021, 54, 100644.
[CrossRef]

55. Haroon, O.; Rizvi, S.A.R. COVID-19: Media Coverage and Financial Markets Behavior—A Sectoral Inquiry. J. Behav. Exp. Financ.
2020, 27, 100343. [CrossRef]

56. Schell, D.; Wang, M.; Huynh, T.L.D. This Time Is Indeed Different: A Study on Global Market Reactions to Public Health Crisis.
J. Behav. Exp. Financ. 2020, 27, 100349. [CrossRef]

57. Huynh, T.L.D.; Foglia, M.; Nasir, M.A.; Angelini, E. Feverish Sentiment and Global Equity Markets during the COVID-19
Pandemic. J. Econ. Behav. Organ. 2021, 188, 1088–1108. [CrossRef]

58. Rossi, B.; Wang, Y. Vector Autoregressive-Based Granger Causality Test in the Presence of Instabilities. Stata J. 2019, 19, 883–899.
[CrossRef]

http://doi.org/10.1080/1540496X.2020.1785424
http://doi.org/10.1080/1331677X.2021.1914125
http://doi.org/10.1080/1331677X.2021.1948881
http://doi.org/10.1080/1331677X.2021.1934509
http://doi.org/10.1016/j.eneco.2014.01.002
http://doi.org/10.1016/j.eneco.2022.106088
http://doi.org/10.3390/en11102848
http://doi.org/10.1111/irfi.12258
http://doi.org/10.1016/j.physa.2018.05.037
http://doi.org/10.1016/j.iref.2017.03.007
http://doi.org/10.1016/0165-1765(81)90035-5
http://doi.org/10.1515/snde-2016-0050
http://doi.org/10.1007/s11356-021-15064-1
http://www.ncbi.nlm.nih.gov/pubmed/34245412
http://doi.org/10.9755/ejfa.2022.v34.i3.2798
http://doi.org/10.1016/j.resourpol.2022.102694
http://doi.org/10.1016/j.frl.2020.101597
http://doi.org/10.1016/j.irfa.2020.101496
http://doi.org/10.1016/j.frl.2020.101735
http://doi.org/10.3389/fpsyg.2021.626934
http://doi.org/10.1016/S2215-0366(20)30046-8
http://doi.org/10.1016/j.jedc.2017.10.004
http://doi.org/10.1016/j.najef.2022.101712
http://doi.org/10.1080/1540496X.2021.1897005
http://doi.org/10.1016/j.gfj.2021.100644
http://doi.org/10.1016/j.jbef.2020.100343
http://doi.org/10.1016/j.jbef.2020.100349
http://doi.org/10.1016/j.jebo.2021.06.016
http://doi.org/10.1177/1536867X19893631


Entropy 2023, 25, 313 12 of 12

59. Shi, S.; Phillips, P.C.B.; Hurn, S. Change Detection and the Causal Impact of the Yield Curve. J. Time Ser. Anal. 2018, 39, 966–987.
[CrossRef]

60. Coronado, S.; Gupta, R.; Nazlioglu, S.; Rojas, O. Time-varying causality between Bond and Oil Markets of the United States:
Evidence from over One and Half Centuries of Data. Int. J. Financ. Econ. 2021, 1–9. [CrossRef]

61. Aggarwal, S.; Nawn, S.; Dugar, A. What Caused Global Stock Market Meltdown during the COVID Pandemic–Lockdown
Stringency or Investor Panic? Financ. Res. Lett. 2021, 38, 101827. [CrossRef]

62. Mishra, R.; Sharma, R.; Karedla, Y.; Patel, N. Impact of COVID-19 Cases, Deaths, Stringency and Vaccinations on the US Stock
Market. Vis. J. Bus. Perspect. 2022. [CrossRef]

63. Jizba, P.; Lavicka, H.; Tabachová, Z. Causal Inference in Time Series in Terms of Rényi Transfer Entropy. Entropy 2022, 24, 855.
[CrossRef] [PubMed]

64. Shannon, C.E. A mathematical theory of communication. Bell Syst. Tech. J. 1948, 27, 379–423, 623–656. [CrossRef]
65. Rényi, A. On measures of entropy and information. In Proceedings of the Fourth Berkeley Symposium on Mathematical Statistics

and Probability, Davis, CA, USA, 20 June–30 July 1960; Volume 1, p. 547.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1111/jtsa.12427
http://doi.org/10.1002/ijfe.2534
http://doi.org/10.1016/j.frl.2020.101827
http://doi.org/10.1177/09722629221074901
http://doi.org/10.3390/e24070855
http://www.ncbi.nlm.nih.gov/pubmed/35885081
http://doi.org/10.1002/j.1538-7305.1948.tb01338.x

	Introduction 
	Materials and Methods 
	Empirical Results from Classical Time Series Analysis 
	Robustness Check with an Information-Theoretic Analysis (Shannon and Rényi Entropy) 
	General Discussion of the Empirical Results Obtained 
	Conclusions 
	References

