
 

 

Since January 2020 Elsevier has created a COVID-19 resource centre with 

free information in English and Mandarin on the novel coronavirus COVID-

19. The COVID-19 resource centre is hosted on Elsevier Connect, the 

company's public news and information website. 

 

Elsevier hereby grants permission to make all its COVID-19-related 

research that is available on the COVID-19 resource centre - including this 

research content - immediately available in PubMed Central and other 

publicly funded repositories, such as the WHO COVID database with rights 

for unrestricted research re-use and analyses in any form or by any means 

with acknowledgement of the original source. These permissions are 

granted for free by Elsevier for as long as the COVID-19 resource centre 

remains active. 

 



Results in Physics 26 (2021) 104306

Available online 13 May 2021
2211-3797/© 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Predictability of COVID-19 worldwide lethality using 
permutation-information theory quantifiers 

Leonardo H.S. Fernandes a,*, Fernando H.A. Araujo b, Maria A.R. Silva c, 
Bartolomeu Acioli-Santos d 

a Department of Economics and Informatics, Federal Rural University of Pernambuco, Serra Talhada, PE 56909-535, Brazil 
b Department of Statistics and Informatics, Federal Rural University of Pernambuco, Recife, PE 52171-900, Brazil 
c Department of Biology, Federal Institute of Education, Science and Technology of Paraíba, Campus Cabedelo, PB 58103-772, Brazil 
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A B S T R A C T   

This paper examines the predictability of COVID-19 worldwide lethality considering 43 countries. Based on the 
values inherent to Permutation entropy (Hs) and Fisher information measure (Fs), we apply the Shannon-Fisher 
causality plane (SFCP), which allows us to quantify the disorder an evaluate randomness present in the time 
series of daily death cases related to COVID-19 in each country. We also use Hs and Fs to rank the COVID-19 
lethality in these countries based on the complexity hierarchy. Our results suggest that the most proactive 
countries implemented measures such as facemasks, social distancing, quarantine, massive population testing, 
and hygienic (sanitary) orientations to limit the impacts of COVID-19, which implied lower entropy (higher 
predictability) to the COVID-19 lethality. In contrast, the most reactive countries implementing these measures 
depicted higher entropy (lower predictability) to the COVID-19 lethality. Given this, our findings shed light that 
these preventive measures are efficient to combat the COVID-19 lethality.   

Introduction 

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is 
the infectious agent of the coronavirus disease-19 (COVID-19), that have 
caused pandemic outbreak disease with social and economic impacts 
around the world [1].The Coronaviridae family contains the SARS-CoV- 
2 and another two virus that causes severe acute respiratory syndrome: 
the SARS-CoV and the MERS- CoV. These two viruses had caused an 
epidemic outbreak with high pathogenicity and mortality in some 
countries of the world in the past [2]. 

COVID-19 uses the same mechanism for entering host cells than 
SARS, but at slower speeds and accumulates, leading to a more extended 
incubation period and more contagious. Simultaneously, SARS presents 
with more symptoms, and disease severity [3]. Due to its high trans-
missibility, COVID-19 has caused a more significant absolute number of 
deaths than the combination of epidemics produced by SARS-CoV and 
MERS-CoV [4]. 

About only a month later its discovery in China, the SARS-CoV-2 had 
reached several countries in Asia and Europe and in the US [5]. Only 

three months after its discovery, the COVID-19 was declared a pandemic 
by World Health Organization (WHO) [6]. The SARSCoV-2 then spread 
to about 216 countries and territories of the world. As of 13 January 
2021, a total of 92,111,432 cases are reported, with 1,973,059 deaths 
worldwide with the significant number of cumulative deaths in the 
United States of America (389.084), Brazil (208.246), India (152.275), 
Mexico (139.022) and the United Kingdom (88.590) (WHO, 2021). 

As demonstrated by WHO, the situation of COVID-19 infection and 
death has been changed throughout the year among the world’s regions. 
Africa and the Europe Regions have suffered with the first wave of 
COVID cases and death followed by a decreased in these numbers, but 
currently, the numbers increase again since mid-September 2020. The 
South-Weast Asia Region experienced only one wave of COVID-19 cases 
and deaths, while other Regions experienced a different pattern. 

Countries and territories suffered different impacts due to the SARS- 
COV-2 pandemic reflected by the cumulative deaths per 100 thousand 
population that varied enormously from 0.0 in Mongolia to 191.5 in San 
Marino [7]. Previous studies indicate different spread dynamics between 
diverse countries, maybe reflecting different degrees of efficiency in 

* Corresponding author. 
E-mail address: leonardo.henrique@ufrpe.br (L.H.S. Fernandes).  

Contents lists available at ScienceDirect 

Results in Physics 

journal homepage: www.elsevier.com/locate/rinp 

https://doi.org/10.1016/j.rinp.2021.104306 
Received 5 February 2021; Received in revised form 14 April 2021; Accepted 6 May 2021   

mailto:leonardo.henrique@ufrpe.br
www.sciencedirect.com/science/journal/22113797
https://www.elsevier.com/locate/rinp
https://doi.org/10.1016/j.rinp.2021.104306
https://doi.org/10.1016/j.rinp.2021.104306
https://doi.org/10.1016/j.rinp.2021.104306
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rinp.2021.104306&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Results in Physics 26 (2021) 104306

2

relation to the response to the pandemic [8,9]. It is essential to under-
stand COVID-19 lethality dynamics to design more robust strategies to 
the pandemic. 

Several methods has already been used to study COVID-19. We can 
highlight the application of mathematical modelling [10,11], statistical 
approaches [12], physics analysis [13,14], machine learning methods 
[15,16] and many others [17,18]. Recently, permutation entropy was 
used to predict viruses, has been used successfully to study the lethality 
of COVID-19 for Brazil [19]. 

Thus, the chief goal of this paper is to promote a systematic overview 
diagnosis into the COVID-19 worldwide lethality for 43 countries. For 
each country, we study the time series of COVID-19 daily death cases. In 
this way, we use evaluate the Permutation entropy (Hs) [20] and Fisher 
information measure (Fs) [21]. 

Our findings show that the countries that are located farther from the 
random ideal position in the SFCP such as Taiwan, Vietnam, New Zea-
land, Singapore, Iceland, Thailand, Cyprus, Estonia, Norway, and Latvia 
are characterized by a less entropy and low disorder, which leads in high 
predictability of the COVID-19 lethality. On the other hand, the coun-
tries that are located closer to the random ideal position in the SFCP such 
as Israel, Romania, Argentina, South Africa, Belgium, Iran, Czechia, 
India, Peru, Colombia, and Italy are characterized by high entropy and 
high disorder, which implies to low predictability of the COVID-19 
lethality. 

We provide insights that the dynamical analysis of COVID-19 
lethality is a crucial approach to support public policy makers’ work. 
In this way, it will be possible to devise more efficient strategies related 
to more restrictive or flexible measures to combat the COVID-19 
lethality. 

The rest of this paper is organized as follows. Section “Methods”, 
exposes the theoretical framework of the Permutation entropy, Fisher 
information measure, and Sliding window approach. Section “Data”, 
details the data set used in this paper. Section “Empirical results”, ex-
plains our empirical results. Section “Discussion”, discusses our empir-
ical findings. Section “Conclusions”, draws our conclusions. 

Methods 

In this section, we explain the methods that we use in this analysis. 
First, we present the theoretical framework of Permutation entropy (Hs). 
Then, we formalize the Fisher information measure (Fs). Finally, we 
consider the Sliding window approach to promoted a dynamical analysis 
considering the time-dependent between Hs and Fs. 

Permutation entropy 

Simplicity and effectiveness are adequate characteristics to contex-
tualize the Permutation entropy [20]. Initially, permutation entropy 
(Hs) was applied by Information Theory researchers in the most diverse 
studies related to Econophysics application [22], Bearing fault diagnosis 
[23], Geophysical analysis [24], Rainfall investigation [25], Biomedical 
study [26], and others [27–29]. 

Recent studies have presented empirical evidence that this 
complexity measure (Hs) correlated strongly with robust predictability 
related to ecological models [30], in anomaly detection in climatological 
data [31], infectious disease [32], and COVID-19 lethality [19]. The 
cornerstone of permutation entropy is to investigate the ordinal patterns 
in historical data. Thus, (Hs) taking into account an association of 
symbolic sequences to the segments of the historical data under 
examine, under investigation [33], based on the existence of local orders 
by comparing neighbouring values of the original series and employs the 

probability distribution function (PDF) related to these symbols, to 
measure the complexity quantifier [22]. 

In this way, let a time series denoted by yq, q = 1, … , Q and regard 
Q − (d − 1) overlapping segments Yq = (yq, yq+1, …, yq+d− 1) of length d. 
Within each segment, the ranking of the values are carried out based in 
increasing order to find the indices s0, s1, ..., sd− 1 such that yq+s0 ≤

yq+s1 ≤ ...yq+sd− 1 . The respective d-tuples (or words) π = (s0, s1, ..., sd− 1) 
correspond to the original segments. We can assume any of the d! 
possible permutations of the set {0,1, ...,d − 1}. Given this, the Bandt & 
Pompe permutation entropy (order d ≥ 2) is: 

H(d) = −
∑

π
p(π)logp(π) (1)  

where {π} denoted the summation over all the d! possible permutations 
of order d and p(π) consists to the relative frequency of occurrences of 
the permutation π. The optimal d is directly associated with the under-
lying stochastic process. However, to stimulate a better statistical fit as a 
rule of thumb, the literature suggests choosing a maximum of d to satisfy 
n > 5d! [22]. 

Fisher information measure 

Fisher information measure (FIM) is a relevant approach to assess 
complexity [34] that presents interesting applications related to the 
analysis of historical data [35]. Specifically, the FIM is an effective 
statistical measure of indeterminacy that can be interpreted in three 
different perspectives: (i) as an adequate measure for estimating a 
parameter, (ii) as a qualitative measure associated with the amount of 
information extracted from a set of data, (iii) and as the measure that 
reveals the state of disorder of a system or phenomenon for more details, 
see [19]. According to Rosso et al. [36], the most relevant property of 
the FIM is called Cramer-Rao Bound (CRB), which is used to estimate 
nonlinear parameters. Therefore, the discrete normalized form of 
Fisher’s information measure (0 ≤ F ≤ 1), is given by 

F[P] = F0

∑N− 1

i=1

( ̅̅̅̅̅̅̅̅̅̅̅̅
pi + 1

√
−

̅̅̅̅
pi

√ )2
(2)  

where pi and pi + 1 are consecutive probabilities from discrete distri-
bution P and F0 is a normalization constant (F0 = 1 if p1 = 1 or pN = 1, 
and F0 = 1/2 otherwise). 

Then, we used the lexicographic ordering, which is a total ordering 
on vectors, to effectively distinguish the distinct dynamics in 2D-plane 
(Hs x Fs). In this sense, considering a vector of dimension d = 3, words 
xt+r0 ≤ xt+r1 ≤ xt+r2 is mapped into the index vector π = r0, r1, r2, with 
indices ri consider values from the set 0, 1, 2, and the six possible pat-
terns are ordered as π1 = 0, 1, 2, π2 = 0, 2, 1, π3 = 1, 0, 2, π4 = 1, 2, 0, π5 
= 2, 0, 1, and π6 = 2, 1, 0. 

It is essential to mention that Vignat and Bercher [37] introduced the 
Shannon-Fisher causality plane (SFCP) to evaluate information content 
and the historical data disorder underlying. Specific, it builds-up a 
mathematical space, which the abscissa axis represents (Hs) and the 
ordinate axis represents (Fs). Here, we apply the casual version [38], 
where both quantifiers are calculated for Bandt & Pompe method. It has 
been successfully used many applications of data analysis such as 
Physics [39,40,41], Finance [42], and Biomedical [43]. 

Sliding window approach 

We applied the sliding window approach to promote a time depen-
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dent analysis of H and F. The Sliding window approach is based on the 
following sequence. Considering a time series y1,...,yN, we construct the 

sliding windows kt = y1+tΔ,...,yw+tΔ,t = 0,1,...
[

N− w
Δ

]

. The term w ≤ N is 

the window size,Δ ≤ w is the sliding step, and [•] corresponds to taking 
the integer part of the argument. The values inherent of the time series in 
each window kt are used to calculate Permutation entropy and Fisher 
information measure, yielding the time evolution of window position in 
the SFCP plane. 

Data 

This analysis’s main source is the time series of daily death numbers 
related to COVID-19 for 43 countries. It is crucial to mention that the 
data employed in this study consider the date of death and not the death 
record. Thus, there are no gaps in our data. 

The periods cover approximately 1 year from February 19th, 2020 
until January 06th 2021 with 352 observations. The data are obtained at 
https://covid19.who.int/. 

We investigate the time series of daily death cases to COVID-19 
instead of the daily number of confirmed cases. Specifically, we 
consider that the testing capacity covering all countries was not uniform, 
which implied much underreporting concerning the number of 
confirmed cases. Table 1 present the total death of COVID-19 by 
country. 

Empirical results 

For each country, the time series of daily death number related to 
COVID-19 contains 323 observations. Fig. 1 presents the timeline of 
daily death number related to COVID-19. 

We consider the Bandt & Pompe method to evaluate the information 
theory quantifiers (Hs) and (Fs). Therefore, we choose embedding 
dimension d = 4 to satisfying the condition T > 5d! to calculate the 
permutation entropy (Hs) and the Fisher information measure (Fs). 

Then, we use (Hs) and (Fs) to build-up the Shannon-Fisher causality 
plane (SFCP) to jointly quantify the disorder an evaluate randomness 
present in the time series of daily death cases related to COVID-19. Given 
this, we obtain a diagrammatic representation of the COVID-19 world-
wide lethality. 

We also study the behaviour dynamics of the shuffled time series of 
daily death related to COVID-19. Therefore, we apply the SFCP in these 
series, where the shuffling procedure with 1000 × N transpositions on 
each series. The diagrammatic representation considering the time se-
ries of daily death number for all 43 countries are shown in Fig. 2. 

Based on a purely mathematical perspective, Euclidean distance is a 
simple yet robust technique for measuring the distance between two 
distinct points in an n-dimensional Euclidean space. Although there are 
other distances (Mahalanobis and Manhattan), the Euclidean distance is 
the most used due to its ease of implementation. 

To provide more empirical evidence into the COVID-19 lethality, we 
use Hs and Fs to rank the COVID-19 lethality in these countries based on 
the complexity hierarchy. Table 2 shows the taxonomy of the COVID-19 
lethality based on the complexity hierarchy (Hs x Fs). 

Our results suggest that the higher value of (Hs) leads to a lower 
value of (Fs). Otherwise, the lower value of the permutation entropy (Hs) 
indicates the higher value about the fisher information (Fs). Thus, it is 
clear that the lower entropy implies in higher predictability and higher 
understanding into the COVID-19 lethality derived to the more amount 
of information that can be extracted from this complex phenomenon. 

We also promote dynamical analysis considering the daily cases of 
deaths for all periods considered in this study. In this sense, we apply the 
SFCP investigation in sliding window concerning an embedding 
dimension d = 4, window size = 120 (4 months), and sliding step Δ = 1 
week (7 days). Fig. 3 depicts the dynamical analysis of the COVID-19 
lethality using sliding window for these countries. 

The information theory quantifiers were employed to understanding 
the predictability behaviour of COVID-19 lethality. Fig. 4 shows the 
dynamical interplay between (Hs) and (Fs) considering the distance from 
vertex (1, 0) concerning an embedding dimension d = 4, window size =
120 (4 months), and sliding step Δ = 1 week (7 days). 

Discussion 

We present the ranking of predictability of countries concerning the 
daily deaths cases by COVID-19. The nine best-ranked countries had 
some common characteristics that were a few daily deaths over time 
Fig. 1. These countries have less than 25 deaths / 100 inhabitants 

Table 1 
Total death of COVID-19 by country.  

i Contries Death Record 

1 Argentina 41,025 
2 Australia 911 
3 Belgium 20,002 
4 Brazil 198,974 
5 China 2923 
6 Colombia 44,723 
7 Cyprus 156 
8 Czechia 12,436 
9 Estonia 273 
10 France 66,986 
11 Germany 37,897 
12 Greece 5099 
13 Hungary 10,198 
14 Iceland 41 
15 India 150,336 
16 Iran 55,830 
17 Israel 3529 
18 Italy 76,877 
19 Korea, South 1046 
20 Latvia 754 
21 Lithuania 2036 
22 Malaysia 509 
23 Mexico 127,548 
24 New Zealand 25 
25 Norway 465 
26 Peru 30,285 
27 Poland 30,055 
28 Portugal 7377 
29 Romania 16,299 
30 Russia 59,137 
31 Singapore 29 
32 South Africa 31,368 
33 Spain 55,270 
34 Sweden 9035 
35 Switzerland 8320 
36 Taiwan 6 
37 Thailand 67 
38 Turkey 22,070 
39 Ukraine 20,171 
40 United Arab Emirates 689 
41 United Kingdom 77,346 
42 US 361,123 
43 Vietnam 46  
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Fig. 1. Timeline of daily death number related to COVID-19 from February 19th, 2020 until January 06th 2020.  
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Fig. 1. (continued). 
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Fig. 2. For each country, the locations in the SFCP considering the time series of daily death cases related to COVID-19 from February 19th, 2020 until January 06th 
2021. The red dots reflects the random ideal position (Hs = 1, Fs = 0). The higher distance to this random ideal position reveals an epidemic scenario characterized by 
a less entropy and low disorder (high predictability). In contrast, the lower distance to this random ideal position reveals an epidemic scenario characterized by a 
high entropy and high disorder (low predictability). (A) The focus in the 13 countries which present the higher distance to the random ideal position (high pre-
dictability) (B) The focus in the 30 countries which present the lower distance to this random ideal position (lower predictability). (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the web version of this article.) 
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accumulated; at no time did they show an explosion in deaths. In this 
case, we could not speak of a wave of death cases as in other countries. 
Consequently, comparatively, these countries have always remained 
well-ranked over time since the beginning of the pandemic Fig. 3. 
Probably it occured due to the consistent proactivity of these countries 
throughout the pandemic period. Lu et al.[44] highlighted the rapid 
response to the pandemic for Taiwan and Singapore. Baker et al.[45] 
also highlighted New Zealand’s fast and effective response to SARS-CoV- 
2, as well as La et al.[46] verified cooperation between civil society, 
government, and private individuals in Vietnam’s rapid and sustainable 
response to the coronavirus epidemic. 

Otherwise, the nine countries that presented the lowest predictabil-
ity in the face of the COVID-19 pandemic exhibited many daily deaths 
over the time analyzed Table 1. Except for India, which presented the 
accumulated number>50 deaths per 100 thousand inhabitants [7]. 
Unlike the best-ranked countries Table 2, they presented one or more 
moments of an explosion in the daily number of deaths, and it can be 
said that these countries experienced one, two or three waves over the 
analyzed time Fig. 1. Italy was the first western country to experience 

the COVID-19 epidemic, and in the first few months, the country 
experienced exponential growth in the number of deaths and cases [47]. 

Although Brazil and the United States have a high number of deaths 
accumulated by COVID-19 over the analyzed time, these countries’ 
predictability is greater than that of several countries studied. In Brazil’s 
case, where we know better the epidemic situation of COVID-19, we 
believe that this is because SARS-CoV-2 initially arrived in large cities 
and, later on, it became internalized throughout the country differently. 
That it had for a long time a high and consistent number of deaths, 
sometimes initially fed by large urban centers, sometimes later by 
smaller cities. Thus, the country has not experienced several waves in 
the number of deaths. In a preliminary study, we analyzed the number of 
fatalities per Brazilian state where we could see this difference in viral 
dynamics between states [19]. 

Conclusions 

This paper provides relevant empirical evidence on the predictability 
of COVID-19 worldwide lethality that contributes to a better under-
standing of this complex viral disease. Therefore, we have analyzed the 
time series of daily death cases related to COVID-19 for 43 countries. We 
use the Bandt & Pompe method to estimate the permutation entropy (Hs) 
and the Fisher information measure (Fs). Based on this information 
theory quantifiers, we build-up the SFCP, making it possible to quantify 
the disorder and evaluate the randomness in time series of daily death 
cases relate to COVID-19. 

Our results indicate that the countries that are located in the SFCP 
near the ideal random position are characterized by a high entropy and 
high disorder (low predictability). Otherwise, countries that are more 
distant from ideal random position are characterized by a less entropy 
and low disorder (high predictability). It suggests that the countries 
were most proactive in implementing social distancing, closure of 
educational institutions, facemasks, lockdown, testing symptomatic and 
asymptomatic loads and hygienic measures to limit the impacts COVID- 
19 present lower entropy (higher predictability) to the COVID-19 
lethality. On the other hand, the worst reactive countries in imple-
menting these measures present higher entropy (lower predictability). 

In this sense, we can observe an inverse relationship between the 
Permutation entropy and Fisher information measure. Thus, it is 
essential to emphasize that the lower entropy reflects higher predict-
ability and, consequently, in higher understanding into the COVID-19 
lethality derived from the more information extracted from the under-
lying stochastic process. 

We also use the Sliding window approach to investigate the 
dynamical interplay between (Hs) and (Fs) considering the distance from 
vertex (1, 0) concerning an embedding dimension d = 4, window size =
120 (4 months), and sliding step Δ = 1 week (7 days). From a public 
health perspective, it is a useful tool to promote dynamic monitoring 
into the account the COVID-19 worldwide lethality. Thus, we shed light 
on the thorny problem related to the effectiveness of the combat mea-
sures adopted by the different countries to combat the pandemic, and 
lethality of COVID-19. Our findings can support decision-making by 
public agents regarding measures to deal with this pandemic. 
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Table 2 
Ranking of COVID-19 lethality in the Brazilian States , values of permutation 
entropyHs, Fisher Information measure Fs and distance from vertex (1, 0) 
considering d = 4.  

Ranking Countries Entropy (Hs)  FIM (Fs)  Distance to (1,0) 

1 Taiwan  0.063282  0.409063  1.022141 
2 Vietnam  0.167289  0.434619  0.939309 
3 New Zealand  0.190772  0.356163  0.88414 
4 Singapore  0.2432  0.35174  0.834546 
5 Iceland  0.246985  0.333474  0.823551 
6 Thailand  0.315777  0.306833  0.749871 
7 Cyprus  0.473067  0.255378  0.585557 
8 Estonia  0.560095  0.217535  0.490753 
9 Norway  0.644435  0.248665  0.43389 
10 Latvia  0.6583  0.167272  0.380446 
11 China  0.687347  0.1518  0.347556 
12 Malaysia  0.718901  0.167291  0.327113 
13 Australia  0.718954  0.135957  0.312203 
14 Lithuania  0.743749  0.155213  0.299592 
15 US  0.873111  0.119503  0.174303 
16 Brazil  0.871647  0.112035  0.170371 
17 Spain  0.883766  0.105854  0.157212 
18 Korea, South  0.885162  0.101643  0.15336 
19 Switzerland  0.891262  0.0812  0.135711 
20 Mexico  0.897305  0.087091  0.134652 
21 Turkey  0.903421  0.086396  0.129584 
22 Sweden  0.913372  0.064042  0.10773 
23 France  0.948987  0.087099  0.100938 
24 United Arab Emirates  0.91793  0.056577  0.099682 
25 Ukraine  0.924473  0.06492  0.099594 
26 Poland  0.932858  0.053933  0.086121 
27 Russia  0.937225  0.056106  0.084193 
28 Hungary  0.932416  0.038102  0.077585 
29 Greece  0.935879  0.039477  0.075299 
30 Portugal  0.955316  0.060184  0.074959 
31 Germany  0.942478  0.046657  0.074065 
32 United Kingdom  0.951739  0.051181  0.070347 
33 Israel  0.94879  0.042207  0.066362 
34 Romania  0.952975  0.040439  0.062022 
35 Argentina  0.962639  0.047274  0.060255 
36 South Africa  0.954242  0.034871  0.057531 
37 Belgium  0.961272  0.040603  0.056111 
38 Iran  0.959119  0.035256  0.053984 
39 Czechia  0.959041  0.033278  0.052773 
40 India  0.961958  0.035091  0.051754 
41 Peru  0.967616  0.038096  0.05 
42 Colombia  0.963055  0.025222  0.044734 
43 Italy  0.977617  0.023812  0.032681  
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Fig. 3. (A) It shows the dynamical analysis of the COVID-19 lethality using the sliding window for these countries from February 19, 2020, until March 25, 2020. (B) 
It shows the dynamical analysis of the COVID-19 lethality using the sliding window for these countries from April 01, 2020, until May 06, 2020. (C) It presents the 
dynamical analysis of the COVID-19 lethality using the sliding window for these countries from May 13, 2020, until June 17, 2020. (D) It displays the dynamical 
analysis of the COVID-19 lethality using the sliding window for these countries from June 24, 2020, until July 29, 2020. (E) It depicts the dynamical analysis of the 
COVID-19 lethality using the sliding window for these countries from August 05, 2020, until September 09, 2020. (F) It emphasizes the dynamical analysis of the 
COVID-19 lethality using the sliding window for these countries for the three first weeks and three last weeks. 
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Fig. 3. (continued). 
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Fig. 4. Temporal evolution of COVID-19 lethality considering the ranking calculated for the last sliding window (current situation) it shows the 3 countries that are 
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