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Abstract 

 

Research background: In recent times, the whole world has been severely affected by the 
COVID-19 pandemic. The influence of the epidemic on the society and the economy has caused 
a great deal of scientific interest. The development of the pandemic in many countries was ana-
lyzed using various models. However, the literature on the dissemination of COVID-19 lacks 
econometric analyzes of the development of this epidemic in Polish voivodeships. 
Purpose of the article: The aim of the study is to find similarities in time series for infected with 
and those who died of COVID-19 in Polish voivodeships using the method of dynamic time 
warping. 
Methods: The dynamic time warping method allows to calculate the distance between two time 
series of different lengths. This feature of the method is very important in our analysis because the 
coronavirus epidemic did not start in all voivodeships at the same time. The dynamic time warp-
ing also enables an adjustment of the timeline to find similar, but shifted, phases. Using this 
method, we jointly analyze the number of infected and deceased people in each province. In the 
next step, based on the measured similarity of the time series, the voivodeships are grouped hier-
archically. 
Findings & value added: We use the dynamic time warping to identify groups of voivodeships 
affected by the epidemic to a different extent. The classification performed may be useful as it 
indicates patterns of the COVID-19 disease evolution in Polish voivodeships. The results obtained 
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at the regional level will allow better prediction of future infections. Decision makers should 
formulate further recommendations for lockdowns at the local level, and in the long run, adjust 
the medical infrastructure in the regions accordingly. Policymakers in other countries can benefit 
from the findings by shaping their own regional policies accordingly. 

 

 

Introduction 

 
The first case of SARS-CoV-2 virus infection was detected in Wuhan, Chi-
na in early December 2019. Within a short period of time, outbreaks of 
coronavirus (COVID-19) have been confirmed in 221 countries (as of Jan-
uary 30th, 2021). The virus is highly contagious, and thousands of new 
cases are being reported around the world each day. So far, the virus has 
affected over 102 million people, and 2.2 million of them have died from it. 
Due to the importance of the problem, it is receiving increasing interest 
from researchers in different countries (for example, scientific papers ana-
lyzing the spread of the pandemic and its economic impact are Pardal et al., 
2020; Zinecker et al., 2021; Svabova et al., 2021). 

Poland noted its first coronavirus infection on March 4th, 2020 in Zielo-
na Góra. Following the rapid spread of the disease across the whole coun-
try, the infection curve has stabilized at a relatively low level. The flatten-
ing of the curve was a consequence of the health and social restrictions 
imposed on the society. The number of daily cases increased considerably 
in October, and there was a sharp rise in the total number of reported infec-
tions in mid-November. November 25th was the deadliest day so far, with 
674 deaths recorded. As of January 30th, 2021, the number of infected in-
dividuals amounted to 1,508,674, and the number of confirmed corona-
virus-related fatalities was 37,082 (Worldometer, 2021). 

The virus has attacked Polish provinces at different times. The earliest it 
appeared in Lubuskie province and the latest in Kujawsko-Pomorskie and 
Podlaskie (time delay of 13 days). The first death occurred in Wielkopol-
skie voivodeship and it took 215 days before the first person died in Lubus-
kie Province (the different lengths of the series for total cases and total 
deaths for Polish voivodeships are presented in Table 1). Therefore, the fact 
of uneven spread of the epidemic requires special study methods.  

The highest number of infected people occurred in the Masovian prov-
ince, followed by Śląskie and Wielkopolskie voivodeships. Currently, the 
rate of infection per one million inhabitants is the highest in Zachodniopo-
morskie, followed by Kujawsko-Pomorskie voivodeship. The highest num-
ber of people who died of COVID-19 per one million population recorded 
Opolskie voivodeship (Rogalski, 2021; Statista, 2021). 
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Currently, the biggest public concern in Poland relates to the economy. 
The epidemic has damaged the material situation of Poles, and they have 
suffered the negative impact of the virus on their emotional well-being. 
People fear deep depression, reduction on freedom, and social separation. 
Measures to counteract the COVID-19 epidemic have been introduced by 
the Minister of Health: limiting the size of public gatherings, the distance 
between people in public places, limiting the number of people using public 
transport, closing schools, universities, shopping malls, restaurants, sports 
centers, hotels, etc., compulsory covering of the mouth and nose in public 
places, inside and outside (cf., Korzeb & Niedziółka, 2020). 

The purpose of this work is to analyze patterns and find similarities in 
the development of time series for infected with and those who died of 
COVID-19 in Polish voivodeships. We use the dynamic time warping 
(DTW) measure of similarity in order to calculate the distance between the 
respective time series. DTW makes it possible to compare time series of 
unequal length, which occurs when an epidemic breaks out at different 
times in different parts of the country. The DTW results are further used in 
the classification of Polish voivodeships affected by the pandemic to a dif-
ferent extent. The grouping obtained may be useful as it will indicate pat-
terns of the COVID-19 disease evolution in Polish voivodeships. 

The results obtained will provide a better understanding of infection dy-
namics and more accurate predictions of the future incidence at the regional 
level. Such knowledge will support policymakers in making further rec-
ommendations for lockdowns, which should be considered primarily at the 
local level (e.g., travel restrictions, school closures only in certain regions). 
Our analyses could support public health officials in preparing for the next 
wave of infections. The results could help regions adapt their medical infra-
structure to the risk of future outbreaks appropriately. In the longer term, 
the possibility of future pandemics and the need to adapt to them in an ade-
quate manner should be considered. The findings can be used by policy-
makers in other countries to shape their own regional policies in times of 
pandemics accordingly. 

The paper is structured as follows. We provide an overview of the litera-
ture in the next section. The research methodology section presents the 
method of dynamic time warping. Then, we characterize the data and pro-
vide the results of the analysis for the 16 Polish voivodeships. In the subse-
quent sections, we discuss the findings, and we conclude. 
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Literature review 

 
The COVID-19 epidemic is attracting attention not only in medicine and 
biology, but also in the field of mathematics and statistics. Differential 
equation models and statistical prediction models are applicable. 

Researchers in epidemiology use the SIR model, which is the basis for 
further modified predictive models. The SIR model is a system of differen-
tial equations for populations of susceptible, infected, and removed indi-
viduals (Anderson & May, 1992). Anastassopoulou et al. (2020) used the 
SIR model to predict the development of the COVID-19 pandemic in Chi-
na. The Wuhan outbreak was also analyzed employing a modified SEIR 
model for susceptible, exposed, infective, and recovered people (Lin et al., 
2020). Casella has applied a SIR-based model with control strategies and 
delays in reporting tests (Casella, 2021). Construction of other SIR models 
for COVID-19 was also undertaken by Roques et al. (2020) and Rojas et al. 
(2020). 

Statistical time series modeling methods are also applied to investigate 
pandemic evolution. The ARIMA models prevail within the literature on 
predicting the dynamics of COVID-19 cases. This kind of models has been 
used to estimate the COVID-19 incidence by Ceylan (2020) or Benvenuto 
et al. (2020). Kumar et al. (2020) applied ARIMA models with a machine 
learning approach in epidemic prediction. Kufel (2020) evaluated the ade-
quacy of ARIMA modeling for forecasting pandemic dynamics in Europe-
an countries, including Poland. 

The analysis of the COVID‐19 outbreak in Poland within the first two 
months of the epidemic is presented in Raciborski et al. (2020). Orzechow-
ska and Bednarek (2020) used the eSIR model (the extended SIR model) to 
forecast the pandemic assuming various lockdown scenarios. The MCMC 
algorithm made it possible to guage the effectiveness of variants of social 
isolation in reducing the spread of COVID-19. The SIIE model for suscep-
tible, infected, infectious, and excluded constructed Kochanczyk et al. 
(2020). 

Jarynowski et al. (2020a) investigated the connection between the num-
ber of coronavirus cases and socio-economic variables at the Polish povi-
ats’ level. They used data visualization techniques, correlation analysis, 
statistical regression, and clustering. In Jarynowski et al. (2020b) the influ-
ence of the pandemic on society by measuring online activity was exam-
ined. Wielechowski et al. (2020) analyzed the changes in public transport 
mobility in Poland during the coronavirus crisis. The COVID-19 impact on 
the Polish economy, specifically on the financial market was also exam-
ined, e.g., in Czech et al. (2020). 
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To examine the evolution patterns of COVID-19 in Polish voivodeships, 
the dynamic time warp method was implemented. This method was devel-
oped by Bellman and Kalaba (1959) and has many applications, as an ex-
ample, in speech recognition (Rabiner et al., 1978; Sakoe & Chiba, 1978), 
in gesture recognition (Arici et al., 2014), in computer animation (Müller 
2007), and even in finance (Stübinger, 2019). Stübinger and Schneider 
(2020) used the DTW clustering of cumulative COVID-19 cases to spot the 
lead-lag effect among the affected countries. Rojas et al. (2020) employed 
DTW combined with clustering to predict of pandemic data. Krywyk et al. 
(2020) characterized the dynamics of the virus spread in 14 countries and 
grouped them into 5 clusters of "differentiated epidemic patterns" with the 
support of DTW. A similar analysis for EU countries was conducted by 
Landmesser (2021). In line with our knowledge, no research on this subject 
has been carried out in Poland from the regional (voivodeships) perspec-
tive. 
 
 
Research methodology 

 
Dynamic time warping is often used to compare time series of different 
sizes. What is also important, this method enables an adjustment of the 
timeline to find similar but shifted phases. 

The purpose of DTW is to measure the distance between two sequences 
X and Y, defined by  � = (��, ��, … , �
) and � = (�, �, … , �). The simi-
larity of sequences of the same size can be obtained by computing the Eu-
clidean or Minkowski distance. DTW can compare sequences of different 
sizes. It calculates an optimal alignment between two series by behaving 
non-linearly, i.e., stretching or compressing along the timeline. Such 
a ‘warping’ allows finding related regions between two time series and thus 
the similarity between them is specified. 

The time warping path is a point-to-point alignment between X and Y 
and is formally defined as the sequence �� = (���, … , ���), where ��� =
(�� , ��) ∈ �1, … , �� × �1, … , �� for � ∈ �1, … , ��  (� ∈ �max(�, �) , … , � +
� − 1�), satisfying the boundary, monotonicity, and step size conditions 
(Keogh & Ratanamahatana, 2005). 

For each pair of elements in X and Y we have to calculate the local cost 
matrix using the formula #$�%, &' = |�% − &|, ) = 1, … , �, * = 1, … , �. The 
total cost of a warping path wp is defined as: 
 

#+,(�, �) = ∑ #(�./
,�

�0� 1/
) = ∑ 2�./

− 1/2
�
�0� .  (1) 
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Then, the optimal warping path between X and Y is indicated by the 
match that has the lowest total cost: 
 

DTW��, �� = 
��∗��, �� = min {
����, ��|�� ∈ ��}.         (2) 
 

The dynamic programming algorithm finds the optimal warping path by 
iterating over the local cost matrix and aggregating the costs (a recursion 
scheme can be found in Landmesser (2021)). The computed accumulated 
cost matrix D contains the value of the minimum distance between se-
quences X and Y: 

 
DTW��, �� = ���, ��.    (3) 

 
The disadvantage of DTW is the heavy computational burden in finding 

the optimal alignment path. The DTW algorithm has the quadratic com-
plexity O(n2). Several constraints are introduced to speed up the computa-
tion (such as upper and lower envelopes for the maximum warping al-
lowed), which reduces the complexity to O(n). Time constraints can also be 
imposed on the length of the DTW warping window. All this improves both 
speed and precision, as it avoids pathological matching. 

Following Rojas et al. (2020), we consider both the time series of total 
cases (TC) and the time series of total deaths (TD) for two voivodeships 
A and B: 
 

DTW�� = 0.5 ∙ DTW��#�, �#�� + 0.5 ∙ DTW����, ����.    (4) 
 

In this way, the information about the number of infected has the same 
relevance as the information about the number of deaths. Typically, deaths 
are derived from the number of infections and usually follow the trend of 
infected with a lag of 14–21, but preliminary analysis of data for Polish 
provinces has shown that this is not the case (see Lubuskie province). Po-
tential correlations between the series may be influenced by, for example, 
the different state of the medical infrastructure in the regions. Therefore, 
the decision was made to treat both series equally, realizing the subjectivity 
of this solution. 

Based on the DTW similarity matrix for Polish voivodeships, provinces 
were grouped with the use of hierarchical clustering algorithm. The aver-
age-linkage method with the quadratic Euclidean distance was applied. The 
optimal cluster number was identified using Dunn, Silhouette, and 
Caliński-Harabasz indices. The outcomes were compared between the 
formed clusters of voivodeships. 
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Results 

 
In our analysis, we rely on daily data on the COVID-19 pandemic in Polish 
voivodeships available on the website http://bit.ly/covid19-poland (Ro-
galski, 2021). The methodology outlined above was used for the analysis of 
coronavirus cases from March 3, 2020, until January 15, 2021. Below we 
focus on the following time series: NC — new cases per day (smoothed), 
TC — total cases, TD — total deaths. All variables are expressed in units 
per million inhabitants. Time series for new cases per day are shown addi-
tionally and are for illustrative purposes only. 

First, the DTW distance matrix between the time series for voivodeships 
in pairs was calculated (cf., Eq. (3) and Eq. (4)). The alignments were cal-
culated employing the dtw package for R (Giorgino, 2009). Fig. 1 presents 
the results of time series alignments for the Mazowieckie and Zachodnio-
pomorskie voivodships. 

Fig. 2 shows the optimal warping paths corresponding to Fig. 1 for Ma-
zowieckie and Zachodniopomorskie voivodeships. In these three-way-
plots, the query time series are shown in small lower panels, and the refer-
ence time series are shown on the left; the warping curves are shown in the 
larger inner panels. The shapes of these curves give us information about 
the corresponding pairs of points in time. For example, from the right panel 
for the sequence TD it can be read that the time series for total deaths in the 
Mazowieckie voivodship leads the time series for total deaths in the 
Zachodniopomorskie voivodship (this is because the differences in the in-
dices of wp* are mostly negative). 

Fig. 3 illustrates the local costs and the identified optimal warping paths 
wp* given the adequate series. These paths present the point-to-point 
matching between the X and Y series indices. The figure shows the indices 
for the two selected provinces (Mazowieckie and the Zachodniopomor-
skie). These are the so-called query and reference indices. In the panels, the 
optimal paths wp* run in the “valleys” of low cost (dark regions) and avoid 
the “mountains” of high cost (bright areas). 

The DTW distances calculated for each pair of provinces (according to 
Eq. (4)) have an application in hierarchical clustering (Sardá-Espinosa, 
2019). In this contribution, after measuring the similarities between the 16 
voivodeships according to the COVID-19 spread, the agglomerative hierar-
chical clustering was carried out, mainly due to its high visualization pow-
er. The average linkage was used with the squared Euclidean distance. The 
grouping resulted in a nested hierarchy of similar time series. The previous-
ly determined values of the DTW similarity measure were essential in this 
process. Fig. 4 shows the cluster dendrogram. For determining the number 
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of clusters, we used the Dunn, Silhouette, and Caliński-Harabasz indices. 
The higher the values of these indices, the better the data division. The 
optimum was found by varying the number of clusters from 3 to 8. For 
example, by selecting the solution maximizing the Caliński-Harabasz index 
the subsequent values of this index were: 60.8; 57.7; 69.8; 67.1; 59. The 
chosen solution, with a Caliński-Harabasz score of 69.8, segmented the 
voivodeships into five groups: 
− group 1: Podkarpackie, Świętokrzyskie, 
− group 2: Dolnośląskie, Mazowieckie, Podlaskie, Małopolskie, Lubel-

skie, Lubuskie, 
− group 3: Łódzkie, Śląskie, 
− group 4: Warmińsko-Mazurskie, Zachodniopomorskie, Opolskie, Po-

morskie, Wielkopolskie, 
− group 5: Kujawsko-Pomorskie. 
 
 
Discussion 

 
The analysis of the epidemic evolution in Poland has identified a general 
pattern. The development of COVID-19 shows three distinct phases: 
a phase of rapid disease progression, until it reaches its peak, where it be-
gins to decline, until a point of stabilization. Although this model is quite 
common, there are differences in the dynamic behavior of the pandemic 
between provinces. The obtained results were analyzed and compared in 
identified groups of voivodeships, using the recorded time series for new 
cases per day (NC), total cases (TC), and total deaths (TD), as shown in 
Figures 5–9. 

Group 1 consists of two voivodeships: Podkarpackie and Świętokrzys-
kie. Both provinces demonstrate a very strong similarity in their epidemic 
dynamics. These are the provinces that slightly suffered from the first wave 
of the epidemic and now have the pandemic almost under control. They 
have a relatively low total number of cases per million inhabitants until 
January, 15 (below 30,000 cases), but the values of total deaths per million 
are among the highest in the country (from about 800 to 950) (see Fig. 5). 
The curve for the number of new cases per million has a very symmetrical 
rise and fall phases and a short time to flat out. Although some researchers 
argue that population density or age structure is losing predictive power 
concerning the infection dynamics, it seems that COVID-19 has least hit 
those regions of Poland which are poor and with less communication (e.g., 
Podkarpackie and Świętokrzyskie voivodeships). 
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Group 2, the largest group, brings together 6 voivodeships: Dolnośląs-
kie, Mazowieckie, Podlaskie, Małopolskie, Lubelskie, and Lubuskie, with 
a higher peak in the number of daily new cases and a decreasing phase not 
as intense as in Podkarpackie and Świętokrzyskie. However, the provinces 
in group 2 have kept their daily death count low. As a result, group 2 has 
a slightly higher number of total cases and a lower number of deaths (about 
33,000 and 750 per million, respectively) compared to group 1 (Fig. 6). 
COVID-19 has hardly hit not only less-connected and poor regions of Po-
land (Lubelskie and Lubuskie), but also those that are the most connected 
and richest regions (e.g., Dolnośląskie, Mazowieckie, Małopolskie prov-
inces). It is believed that regions of high social capital are more susceptible 
to the high numbers of COVID-19 notifications. This is not the case in 
Poland. It turns out that the infection dynamics is less driven by variables 
such as population size, population density, and income (compare Aldridge 
et al., 2020). It is also possible that large and rich cities (Warszawa, Kra-
ków, or Wrocław) with high population density are more able to combat 
COVID-19 than poor regions. 

Group 3, made up of Łódzkie and Śląskie voivodeships, includes prov-
inces that suffered a moderate to a medium outbreak of the epidemic. The 
amount of total cases is higher than in the preceding groups (approximately 
37,000 per million) and the number of deaths is 900 per million (cf. Fig. 7). 
Although Łódzkie and Śląskie are close together, Śląskie recorded an in-
creased number of COVID-19 cases in May 2020. After this moderate first 
wave, a steep second wave began in early October with a peak in mid-
November. Śląskie voivodeship, which is a highly industrialized region, 
has become a large hotspot during the epidemic (it can be linked with 
workplace-associated infections). Many researchers confirmed that em-
ployment in industry correlates with the number of cases (Jarynowski et al., 
2020a). 

Group 4 includes 5 provinces: Warmińsko-Mazurskie, Zachodniopo-
morskie, Opolskie, Pomorskie, and Wielkopolskie. It is marked by 
a downward tendency of unequal speed. The cluster records higher total 
incidence rates (about 40,000 per million), while total deaths range between 
800 and 1,200 per million (see Fig. 8). Certainly, a high number of deaths 
per million inhabitants was observed in Opolskie province. The epidemic 
scheme comprises of a heavy growth period, up to a "peak", followed by 
a gradual decline in the number of deaths. The provinces have an outflow 
character, and the big amount of emigrants has speeded the emergence of 
COVID-19 and the outbreak of the epidemic. Jarynowski et al. (2020a) 
noted that cases from abroad represent the most common group of con-
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firmed cases in the first weeks after the COVID-19 was introduced into 
Poland. 

Group 5, exclusively made up of Kujawsko-Pomorskie, presents the 
province where the pandemic is still "out-of-control". The number of 
COVID-19 cases is the largest in Poland (47,000 per million) (Fig. 9). The 
cumulative number of deaths exceeds 900 per million. This voivodeship is 
characterized by a very long epidemic wave (a more spread out plateau at 
the top) and thus represents a less advanced stage of the pandemic. Immi-
gration and mobility are argued to be the best predictors of the occurrence 
of infections, while emigration and industrialization explain most of the 
scale of the epidemic (Jarynowski et al., 2020a). Probably the outflow na-
ture of the Kujawsko-Pomorskie voivodeship with a large number of emi-
grants (outflow of workers abroad and related returns to Poland) accelerat-
ed the outbreak of the epidemic here. 

It should be emphasized that the only previous research to date for Po-
land at the regional level, which can be compared with the results presented 
here, was that of Jarynowski et al. (2020a). Since such studies for regions 
already exist for other countries (see Chu, 2021, for Italy and Spain), it was 
necessary to fill the gap for Poland. This circumstance demonstrates the 
novelty and value added to the field in the case of the current work. 
 
 
Conclusions 

 
The purpose of this work was to group the Polish voivodeships and, within 
the created clusters, to compare the COVID-19 pandemic evolution. Tech-
niques dedicated to time series analysis were applied. The dynamic time 
warping method was used to measure the similarity of time series corre-
sponding to 16 Polish provinces, taking into account the amount of infected 
and died of COVID-19. The number of groups found was five. Within the 
clusters, we compared the evolution of the epidemic. 

Pandemic dynamics has the general pattern in Polish provinces. There 
are three characteristic phases: a phase of strong epidemic growth until 
a peak is reached, where it begins to decline, until a low point of stabiliza-
tion. This general pattern was observed more or less for all the voivode-
ships under consideration. 

The time series for the daily infected and dead in Polish voivodeships 
differ from each other in their magnitude. The reasons for this situation are 
diverse. We tried to understand the forces driving the dynamics of COVID-
19. Mobility, migration, and industrialization may be related to infection 
dynamics of infections in particular regions. The size of the pandemic in 
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Poland seems much less associated with demographic factors such as popu-
lation density, age structure, or income. 

The clustering of Polish provinces by COVID-19 cases may facilitate 
a better understanding of past infection dynamics and more accurate fore-
casting of future cases at the local level. Our analyses could support policy-
makers and public health officials in preparation for the next wave of infec-
tions. The knowledge gained can also be helpful in preparing for trips trav-
eling to particular regions. 

International readers can also benefit from the study conducted. It would 
encourage them to make similar analyses for their own countries, which 
could result in practical applications. However, this would require further 
interest from the decision makers. 

To summarize, the methodology used is able to uncover differences be-
tween Polish voivodeships in terms of epidemic development, as well as 
identify some regularities in the underlying data. The previously mentioned 
technical limitations of the DTW method are not a major obstacle to the 
research. The concern may be related to the limited applicability of the 
obtained results in practice. It is important to remember that these results 
are place- and time-specific, and the subsequent course of the pandemic 
requires continuous analyses. 

In future research, the observed differences should be confronted with 
the question: to what extent do epidemic management strategies contribute 
to this pattern? 
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Annex 
 
 
Table 1. The length of the time series for total cases (TC) and total deaths (TD) in 
Polish voivodeships (in days) 
 

Voivodeship TC TD Voivodeship TC TD 

Dolnośląskie 316 309 Podkarpackie 311 306 
Kujawsko-Pomorskie 305 288 Podlaskie 305 286 
Lubelskie 312 308 Pomorskie 308 283 
Lubuskie 318 185 Śląskie 314 299 
Łódzkie 311 290 Świętokrzyskie 308 297 
Małopolskie 313 293 Warmińsko-Mazurskie 316 287 
Mazowieckie 314 300 Wielkopolskie 313 310 
Opolskie 311 289 Zachodniopomorskie 316 296 

 
Source: own elaboration based on Rogalski (2021). 
 
 
Figure 1. The alignments between sequences of NC, TC, and TD in Mazowieckie 
(solid lines) and Zachodniopomorskie (dashed lines) voivodeships 
 

NC   TC   TD 

 
   
Source: own elaboration using the dtw package for R. 
 
 
 
 
 
 
 
 
 
 



Figure 2. Three-way plots showing the optimal warping paths (inner panels) for 
sequences of NC, TC, and TD in Mazowieckie (query indices) and 
Zachodniopomorskie (reference indices) voivodeships 
 

NC   TC   TD 

 
   
Source: own elaboration using the dtw package for R. 
 
 
Figure 3. Local costs and the optimal warping paths (solid lines) for the 
alignments between sequences of NC, TC, and TD for Mazowieckie (query 
indices) and Zachodniopomorskie (reference indices) voivodeships. 
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Source: own elaboration using the dtw package for R. 
 
 
 
 
 
 
 
 
 
 



Figure 4. Cluster dendrogram showing 5 groups of voivodeships 
 

 
 
Source: own elaboration using the hclust function in R. 
 
 
Figure 5. Group 1: daily cases (NC), total cases (TC), total deaths (TD) per million 
 

 
 
Source: own elaboration based on Rogalski (2021). 
 
 
Figure 6. Group 2: daily cases (NC), total cases (TC), total deaths (TD) per million 
 

 
 
Source: own elaboration based on Rogalski (2021). 



Figure 7. Group 3: daily cases (NC), total cases (TD), total deaths (TD) per million 
 

 
 
Source: own elaboration based on Rogalski (2021). 
 
 
Figure 8. Group 4: daily cases (NC), total cases (TC), total deaths (TD) per million 
 

 
 
Source: own elaboration based on Rogalski (2021). 
 
 
Figure 9. Group 5: daily cases (NC), total cases (TC), total deaths (TD) per million 
 

 
 
Source: own elaboration based on Rogalski (2021). 
 
 




