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During the ongoing Covid-19 pandemic, 
understanding the spatiotemporal patterns of
the virus is crucial for policymakers to
intervene promptly. The relevance of spatial
proximity in the spread of the pandemic 
necessitates adequate tools, and noisy data
must be properly treated. This study proposes
obtaining clusters of European regions using
smoothed curves of daily deaths from March
2020–March 2022. A functional representa-
tion of the curves w<s implemented to extract 
the features used in a clustering algorithm that
allows spatial proximity. In a spatial regression
model, the authors also investigated the role of 
clusters and pre-existing conditions on 
cumulative deaths, and observed that air
pollution, health conditions, and population
age structure are significantly associated with
Covid-19 confirmed deaths.  

Introduction 

Since its outbreak in Wuhan (China) in December 2019, the coronavirus disease 2019 
(Covid-19) has spread rapidly and uncontrollably throughout the world (Kincses–
Tóth 2020). At the start of this pandemic, the most affected countries, such as Italy, 
France, Germany, and Spain, implemented a series of large-scale interventions to 
control the epidemic. However, an animated debate has arisen about whether and to 
what extent these interventions have been effective in slowing down the pandemic. 
The question remains unanswered, as related literature (see, for example, Alfano–
Ercolano 2020, Islam et al. 2020, May 2020, Melnick–Ioannidis 2020, Kosfeld et al. 
2021, Bourdin et al. 2021, Nyikos et al. 2021, Antalóczy et al. 2022, Bourdin et al. 
2022 and references therein) has revealed considerable differences in the efficacy of 
the implemented public health interventions in Europe.  
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In this context, several studies have shown that the Covid-19 disease patterns 
exhibit both spatial and temporal variability (Guliyev 2020, D’Urso et al. 2022, Bucci 
et al. 2022, Desmet–Wacziarg 2022). Indeed, epidemic curves vary significantly 
between and within countries, indicating a substantial regional dimension of the 
pandemic that affects both public management and the implementation of preventive 
public health measures. The identification of a data-generating process for these 
patterns is complicated because of the pandemic’s complexity. However, statistical 
analysis of this phenomenon can provide governments with useful insights for 
implementing public health strategies. For these reasons, in this study, we identify 
groups of regions that share common Covid-19 death trajectories and describe 
possible associations of pre-existing conditions with the burden of the pandemic 
using a regression model. Identifying clusters of regions that exhibit similar spatial 
and temporal patterns in terms of the impact of Covid-19 on health can help 
policymakers understand the effectiveness of control and response strategies against 
past outbreaks. It can also encourage the implementation of more targeted actions by 
governments, and the development of synergistic actions by neighbouring countries 
for future waves.  

Previous studies have focused on the clustering of Covid-19 confirmed death time 
series at different territorial levels (Shariati et al. 2020, Zhang et al. 2020, Andersen et 
al. 2021). For example, D’Urso et al. (2022) analysed the spatiotemporal patterns of 
the disease in Italian regions and identified that spatial contiguity is crucial for 
understanding the pandemic. Bucci et al. (2022) identified the same result in their 
study of the Nomenclature of Statistical Territorial Units (Nomenclature des Unités 
Territoriales Statistiques) NUTS-2 regions in Europe. Despite the existence of several 
studies on the identification of common patterns in territorial units, most limit the 
analysis to specific single countries or detect groups at the national level. However, in 
most countries, public health management is decentralised, and regional units should 
be given more attention. Consequently, in contrast to others, we focus on regional 
data (NUTS-2) from several European countries. In particular, we examined the 
results of clustering time series of Covid-19 confirmed deaths from 142 European 
NUTS-2 regions in France, Germany, Italy, Spain, Switzerland, and the United 
Kingdom.  

Motivated by the spatiotemporal nature of the studied phenomenon, we used a 
hierarchical clustering algorithm in which the objective function to be optimised is a 
weighted mixture of attributes (i.e. time series features) of NUTS-2 regions and 
geographical/locational dissimilarity matrices. Early formulations of the concept 
behind the weighted optimisation of geographical features and attributes can be 
observed in Webster–Burrough (1972), Wise et al. (1997), and Haining et al. (2000). 
In this study, we used the Ward-like hierarchical clustering algorithm proposed by 
Chavent et al. (2018) which is equipped with a freely available and easy-to-implement 
R package. Depending on the number of groups selected, the algorithm requires the 
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tuning of a hyperparameter, α, which regulates the weight to be assigned to the 
geographic and attribute components. Therefore, the coordinate variables are treated 
separately from the “regular” attributes, resulting in a compromise between the two 
types of dissimilarities. By regulating the effect of spatial contiguity in the clustering 
procedure, this study not only identifies groups of regions sharing common temporal 
patterns but also provides insights into how various countries in different clusters 
dealt with the pandemic in the given context and the consequences they faced. As a 
result, local authorities and European leaders can implement similar data-driven 
policies in regions sharing the same cluster. 

In this context, we used a spatial regression model to investigate the 
phenomenon’s association with a number of potential triggering factors to further 
describe its geographical distribution. Several studies (see, for example, Alves et al. 
2021, Amdaoud et al. 2021, Ehlert 2021, and Aritenang 2022) have already shown 
that socio-economic and demographic conditions can help explain the outcomes of 
the pandemic. However, most of them remain inconclusive owing to the ever-
changing scenario of the pandemic and dynamic understanding of the disease. For 
this reason, we further investigated the relationship between cumulative deaths 
because of Covid-19 and a set of explanatory variables, considering the information 
regarding pandemic patterns through clusters. Our aim was to understand if an 
association between pre-existing conditions and death counts exists, and if this 
remains valid after controlling the patterns of the time series of deaths. In fact, the 
health outcomes of a pandemic would inevitably depend on restrictive measures, the 
behaviour of citizens in response to these measures, and the broader determinants of 
health, such as social, economic, physical, and environmental variables (Egri 2017). 
For example, income inequality, absence of job security and adequate pay often 
translate into a higher number of non-specialized workers whose health conditions 
may be generally low, and because of poor access to care (Perucca et al. 2019, Kapás 
2022). Health infrastructure also influences the number of deaths from a disease as it 
determines the possibility for a patient to be properly treated (Ngepah 2021, Pál et al. 
2021). In addition, air pollution can exacerbate the effects of the pandemic and 
subsequently cause a higher number of deaths in the most polluted regions, as stated 
by Comunian et al. (2020), Lolli et al. (2020), and Bourdrel et al. (2021). Consequently, 
understanding if some explanatory variables affect the total number of confirmed 
deaths would allow the government to protect the most vulnerable regions in terms 
of the joint effect of the pandemic and already existing conditions. It is worth noting 
that this study only used ecological data. This indicates that, to avoid the so-called 
ecological fallacy, we do not draw direct conclusions at the individual level. However, 
our findings can be used to generate hypotheses regarding the possible determinants 
of the spread and effects of Covid-19 before individual-level studies become available. 

The remainder of this paper is organised as follows. Preliminary, we provide a simple 
exploratory analysis of the data and describe how to obtain features (attributes) of 
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interest from the observed time series. This section also describes the proposed 
clustering algorithm. In following section we present the results of the clustering and 
spatial model estimation of the total number of deaths. Finally, the discussion and 
conclusions close the study. 

Materials and methods 

Data 

To identify patterns of interest in time and space, we considered daily confirmed 
death counts of Covid-19 for 142 NUTS-2 regions in France, Germany, Italy, Spain, 
Switzerland, and the United Kingdom1 for 744 days (March 11, 2020–March 31, 
2022). Data are available from the national repositories [1–6]. The choice of these 
countries was primarily motivated by their relevance in the European context (these 
are the European countries with the highest gross domestic product (GDP) at market 
prices in 2019) and by the evolution of the pandemic that first hit this part of Europe. 
All countries included in our analysis adopted a universalistic National Health Service 
(NHS). However, regional autonomy, in terms of health expenditure and strategies, 
is significantly different between the countries considered. In Italy, Spain, and 
Germany, different health plans without national endorsement can be implemented. 
This has led to a variety of health strategies and outcomes throughout each country 
which may have influenced the outcomes of the Covid-19 pandemic (Garattini et al. 
2022). In Switzerland, the central government can act only in certain areas, such as 
the financing of the health system and the assessment of the quality and safety of 
pharmaceuticals and medical devices, while the cantons (NUTS-3) are responsible for 
securing healthcare provision for the population (De Pietro 2015). Meanwhile, France 
is characterised by a low level of decentralisation. The government directly finances 
and organises the delivery of health and social services, whereas regional agencies 
coordinate prevention, health, and supportive care. Similarly, in the United Kingdom, 
the NHS is responsible for the health of the population, each country has its own 
healthcare system (Flynn et al. 2020), and regional teams are only capable of 
supporting the commissioning of healthcare for different regions of the country. 

It is well known that, for various reasons, deciding how to define a Covid-19 case 
or a Covid-19 death is not a straightforward task because the data available from 
public sources are inherently noisy. However, the time series of confirmed Covid-19 
deaths represents a clear and simple indicator of the epidemic’s state of evolution, 
and is also used by authorities as one of the parameters for emergency management. 
To reduce possible problems associated with the presence of measurement errors, we 

  
1 Excluding Wales, the Scottish Highlands, and outermost regions. Wales and the Scottish Highlands have been 

excluded owing to lack of daily data. The outermost regions are extremely distant from the continental territory and 
the evolution of the pandemic in these regions would not reflect what happened in the rest of the country. 
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first assume that the time series 𝐲 = 𝑦 (𝐬 ), … ,𝑦 (𝐬 ))′, observed at temporal 
instants 𝑡 = 1, … ,𝑇 and regions 𝒜 , with centroid coordinates 𝐬 , 𝑖 = 1, … ,𝑛, is 
represented as follows: 

 
where Bl(t) are B-spline basis functions defined on 100 equidistant (i.e., L = 100, 
almost one per week) distributed knots, and  is the vector of 
the corresponding site-specific spline coefficients. Subsequently, to filter out the noise 
and obtain more reliable and accurate data, we used the popular smoother of Eilers–
Marx (1996) which requires the minimisation of the following penalised residual sum 
of squares (Penalised Least Squares, PLS): 

 
(1)

where λ is a smoothing parameter that must be tuned and ∆r denotes rth-order 
differences, which are recursively defined as follows: 

 
 

 
 

To derive the PLS estimate, it is advantageous to rewrite the objective function in 
matrix notation such that for a design matrix Z collecting all the B-spline basis 
functions, equation (1) becomes 

 
where Φ is defined as a penalty matrix based on these differences. In particular, 
because we used second-order differences for our application, it is easy to show that 

 
and that the penalized least square estimation of the expansion coefficients is 
expressed as follows: 

 
By selecting λ through the generalised cross-validation (GCV) criterion, the i-th 

smoothed time series is obtained as 𝐲 = 𝐙𝛄 . For a range of fixed values of 𝜆, model 
choice criteria (e.g., Akaike’s information criterion, AIC) can also be used. However, 
these criteria are asymptotically equivalent; therefore, only the GCV procedure is 

𝑦𝑡(𝑠𝑖) =  𝛾𝑙(𝑠𝑖)𝐿
𝑙=1 𝐵𝑙(𝑡) 

𝛾𝑖 =  (𝛾1(𝑠𝑖), … , 𝛾𝐿(𝑠𝑖))′ 

𝑃𝐿𝑆( 𝛾𝑖 ∣∣ 𝜆 ) =  𝑦𝑡(𝑠𝑖) −  𝛾𝑙(𝑠𝑖)𝐵𝑙(𝑡)𝐿
𝑙=1

2 + 𝜆 Δ𝑟𝛾𝑙(𝑠𝑖) 2,𝐿
𝑙=𝑟+1

𝑇
𝑡=1  

Δ1 = 𝛾𝑙(𝐬𝑖) − 𝛾𝑙−1(𝐬𝑖) Δ2 = Δ1Δ1𝛾𝑙(𝐬𝑖) = Δ1𝛾𝑙(𝐬𝑖) − Δ1𝛾𝑙−1(𝐬𝑖) = 𝛾𝑙(𝐬𝑖) − 2𝛾𝑙−1(𝐬𝑖) + 𝛾𝑙−2(𝐬𝑖) ⋮ Δ𝑟 = Δ𝑟−1𝛾𝑗 (𝐬𝑖) − Δ𝑟−1𝛾𝑙−1(𝐬𝑖). 
𝑃𝐿𝑆(γ𝑖|𝜆) = (𝐲𝑖 − 𝐙𝛄𝑖)′(𝐲𝑖 − 𝐙𝛄𝑖) + 𝜆𝛄′𝑖𝚽𝛄𝑖  

𝚽 =
⎣⎢⎢
⎢⎢⎢
⎢⎡ 1 −2 1−2 5 −4 11 −4 6 −4 1⋱ ⋱ ⋱ ⋱ ⋱1 −4 6 −4 11 −4 5 −21 −2 1 ⎦⎥⎥

⎥⎥⎥
⎥⎤
 

𝛄𝑖 = (𝐙′𝐙 + 𝜆𝚽)−1𝐙′𝐲𝑖 . 
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considered herein. Furthermore, to enhance comparability among regions and 
produce more objective clusters, we work with the same scale so that each 
transformed series, henceforth denoted as 𝐲 , 𝑖 = 1, … ,𝑛, assumes values in the 
interval [0,1]. Finally, for clustering purposes, each 𝐲  is perfectly fitted by a regression 
B-spline function such that the vector of spline coefficients, 𝛄 , now used as time 
series “regular” attributes, is estimated as follows: 

 
As a result, the set of normalised time series 𝐲 , … , 𝐲  is summarised by a set of 

spline coefficient vectors of ℝ , 𝛄 , … ,𝛄 . 

Descriptive analysis 

The set of normalised and smoothed data, 𝐲 , stratified by country is shown in Figure 
A1 in the Appendix. As can be observed, the temporal evolution of the pandemic 
denotes several phases in all the countries. The first peak is present in almost all the 
time series from March–May 2020, while the second wave of the pandemic presents 
a single or multiple peaks from October 2020–April 2021, and a third wave is 
observable from December 2021–February 2022. Not surprisingly, time series from 
regions belonging to the same country show similar patterns, although the series 
shows some variability, particularly in the second and third phases of the pandemic. 
This is particularly true for the United Kingdom, Italy, and France. Variability within 
a country has a two-fold origin. On the one hand, it may be because of regional 
differences in citizens’ compliance with preventive measures (Daoust et al. 2022). On 
the other hand, this may imply that local interventions, particularly those used in the 
second/third phase of the pandemic, can produce different effects on health status. 
This is evident from the plot of the two countries that have managed restrictions in 
different ways, that is, Italy and Germany. In fact, the effects of the pandemic in Italy 
were extremely variable in the second phase of the pandemic, partly motivated by the 
implementation of local restrictions by the Italian government at the regional level. 
Conversely, in Germany, the restrictions were similar to those applied in the first 
phase of the pandemic, and were directed to the whole population. This decision led 
to fewer differences between the patterns of confirmed deaths in the German regions. 
However, an inspection of the correlations computed for pairs of time series suggests 
the presence of supranational patterns across regions. In particular, although the 
correlations tend to decay with the spatial distance of the region centroids, with values 
ranging between 0.5 and 0.8 on average within 1,000 Km, significantly large 
correlations (> 0.5) can still be observed at larger distances. As a result, the clustering 
procedure follows a strategy that accounts for spatial proximity but does not impose 
any hard contiguity constraints. 

𝛄𝑖 : = argmin (𝐲𝑖 − 𝐙𝛄𝑖)′(𝐲𝑖 − 𝐙𝛄𝑖),    𝑖 = 1, … ,𝑛. 
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Spatial clustering of time series 

In this section, we briefly describe the hierarchical clustering algorithm proposed by 
Chavent et al. (2018). Assume that 𝐷 = 𝑑 ,  is the (𝑛 × 𝑛) dissimilarity matrix 
describing the pairwise distances between the n vectors of spline coefficients 𝛄 , for 𝑖 = 1, … ,𝑛. Assume that 𝐷 = 𝑑 ,  is the (𝑛 × 𝑛) dissimilarity matrix describing the 
distances in terms of geographical coordinates (i.e., centroids s , s ) for pairs of 
regions 𝒜  and 𝒜 . Then, the algorithm defines the mixed pseudo-inertia of cluster 𝒞  as follows: ℐ (𝒞 ) = (1 − 𝛼) ∈𝒞 ∈𝒞 𝑑 , + 𝛼 ∈𝒞 ∈𝒞 𝑑 , , 
where the contributions of the geographic and attribute components are balanced by 
mixing parameter α. In practice, geographical coordinates are used to constrain the 
original solution towards a point where all clusters consist of contiguous observations. 
A large weight for the centroid coordinates, in essence, forces a contiguous solution, 
similar to what would happen if only the coordinates were considered. This extreme 
case would assist in obtaining contiguity but would not provide a relevant result in 
terms of attribute similarity. The mixed pseudo-within-cluster inertia of partition 𝒫 = (𝒞 , … ,𝒞 ) is 𝑊 (𝒫 ) = ℐ (𝒞 ) 

which is the sum of the mixed inertia of each cluster. To obtain a new partition 𝒫  in 𝐾 clusters from a given partition 𝒫  in 𝐾 + 1 clusters, the concept is to aggregate 
two clusters of 𝒫 , such that the new partition has minimum within-cluster inertia. 
The optimisation problem is as follows: arg min𝒜,ℬ∈𝒫 𝑊 (𝒫 ) −𝑊 (𝒫 ) 

which is equivalent to the following optimisation problem (see, Chavent et al. 2018 
for more details) arg min𝒜,ℬ∈𝒫 ℐ (𝒜 ∪ ℬ) − ℐ (𝒜) − ℐ (ℬ). 
Choice of K and α 

Determining the optimal number of clusters in a dataset is crucial for all clustering 
algorithms. 

Generally, the optimal number of clusters is defined subjectively, and the choice 
is strongly related to the method used for measuring similarities. In hierarchical 
clustering, a practical and subjective solution consists of inspecting the dendrogram 
for determining whether a clear number of clusters emerges. Accordingly, to obtain 
more objective solutions, we consider the results from both statistical testing methods 
and other criteria based on internal validation measures which include information 
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on within-cluster scattering and between-cluster separation. Examples of these 
methods include the gap statistic of Tibshirani et al. (2001) and average silhouette approach 
of Kaufman–Rousseeuw (1990). While the former compares the total intra-cluster 
variation for different values of K with their expected values under the null reference 
distribution of the data, the latter measures the quality of clustering by determining 
how close each object is to the points of its neighbouring clusters. 

The other key point of the algorithm is the choice of a suitable value for the mixing 
parameter α ∈ [0,1]. This parameter logically depends on the number of clusters K 
and this dependence is an issue when determining an optimal value for parameter α. 
Optimising the algorithm with respect to K and α simultaneously appears to be a 
difficult task. Therefore, in this study, we follow the practical approach of Chavent et 
al. (2018), which is conditional on the number of groups K and allows the selection 
of the value of α that offers the best compromise between the loss in terms of 
attributes and the loss of geographical homogeneity. For a given grid of M values for 
α, this is achieved by measuring the proportion of explained pseudo-inertias (Chavent et 
al. 2018) 𝒬 (𝒫 ) = 1 − 𝒫𝒫   and  𝒬 (𝒫 ) = 1 − 𝒫𝒫 , for 𝑚 = 1, … ,𝑀 

that, for partition 𝒫 , describe the loss of attribute homogeneity and the loss of 
geographical homogeneity, respectively. As a result, by examining the patterns of 𝒬 (𝒫 ) and 𝒬 (𝒫 ) as functions of 𝛼 , the algorithm attempts to find a contiguous 
spatial solution with the smallest weight 𝛼  provided to the centroid coordinates. This 
approach appears to be consistent with the hints provided by the exploratory data 
analysis and is thus pursued in the clustering procedure. 

Results 

Choice of the number of clusters and mixing parameter 

Following the approach introduced in the previous section, we computed 𝐷  as a 
proximity matrix equal to the distances (in kilometres) between the centroids of the 
aerial units. In this manner, we can detect the proximity effects of the pandemic, such 
as local restrictive measures and sharing of resources and account for the relevance of 
spatial proximity in the spread of the virus during the first wave. We also computed 𝐷  

as the matrix of the Euclidean distances between the coefficients of the splines. This 
approach then foresees the choice of the number of clusters and mixing parameter α 
which denotes the relevance of geographical distances in the definition of clusters. 

As further discussed in previous section, we used both the gap statistic by Tibshirani 
et al. (2001) and average silhouette width by Kaufman–Rousseeuw (1990) to select the 
optimal number of clusters. Using only the information from D0, we calculated the 
gap statistic for K ranging from 1 to 15 and sampling with M = 200 replicates. By 
observing the values of this measure in Figure 1, we can deduce that the highest gap 
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statistic is observed for 15 clusters. However, it can also be noticed that the standard 
error bars overlap for values of K from 11 to 15. Simultaneously, the silhouette plot 
in Figure 2 shows that the highest value of average silhouette width can be observed 
for K = 11,12,13,14,15. Following Tibshirani et al. (2001), we selected the smallest 
number of K such that the standard error bars of the gap statistic over the M replicates 
overlap. Therefore, the number of clusters was set to K = 11. 

Figure 1 
Gap statistic for values of K comprised between 1 and 15 

 
Notes: In red we also report the standard error bars calculated as in Tibshirani et al. (2001) on the bootstrapped 

sample with M = 200. 
Figure 2 

Average silhouette width calculated as the mean of the silhouette width  
among several clusters comprised between 1 and 15 
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Figure 3 
Plot of Q0 and Q1 for the selection of the mixing parameter α for  

a partition of K = 11 clusters 

 
Notes: Normalised proportion of explained pseudo-inertias 𝓠𝟎(𝓟𝑲𝜶) versus α (in red) and 𝓠𝟏(𝓟𝑲𝜶) versus α (in 

dotted light blue). The vertical line denotes α = 0.18. 

The choice of α relies on the values of the explained pseudo-inertias as suggested by 
Chavent et al. (2018). In this case, we allowed α to vary between 0.01 and 0.30. We 
analysed only values of α below 0.30; because for larger weights to the dissimilarity 
matrix D1, the clusters would entirely coincide with the countries, and no interesting 
information could be inferred from the analysis. By observing the values of 
normalised pseudo-inertias calculated with D0 and D1 in Figure 3, we can deduce that 
the optimal choice for α, conditioned on K = 11 clusters, is 0.18, which corresponds 
to a loss of only 1.3% of feature homogeneity and a 19.3% increase in spatial 
homogeneity. 

Clustering results 

Figure A2 in the Appendix shows the clusters on a map. It is interesting to note that 
Northern Germany belongs to a single cluster, that is, cluster 1. The same occurred 
for most Spanish regions. Simultaneously, Southern France is entirely grouped in 
cluster 9, while the North–South division of Italy seems to be totally reflected by the 
clusters. This indicates that spatial proximity can still be relevant in enhancing the 
information using time series patterns to obtain clusters of regions. In addition, some 
of the most polluted regions in Europe (EEA 2020) belong to the same cluster, that 
is, cluster 8. In such regions, the behaviour of the pandemic in terms of death counts 
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is notably different from that in other Italian regions. It is worth noting that this group 
includes the Lombardy region, where the European spread of the pandemic began, 
and Catalonia, which is grouped with Lombardy as in Bucci et al. (2022). Figure A2 
also highlights that the United Kingdom can be split into two sub-regions: the South-
Eastern territory belongs to cluster 5, while the rest of the country is grouped in 
cluster 2. Interestingly, most of the groups divide the countries in terms of latitude, 
in particular for Italy, the United Kingdom, and Germany. This is consistent with the 
theory that the evolution of Covid-19 is strongly linked to the average temperature of 
the region (Wu et al. 2020). 

Looking at the time series per cluster in Figure A3 in the Appendix, it is evident 
that German regions (in clusters 1 and 7) are characterised by a peak in the second 
phase of the pandemic. This peak is clearly defined in cluster 1, which includes most 
German regions. Conversely, regions from clusters 2, 4, and 8 were mostly affected 
in the first phase of Covid-19 spread. The French regions belonging to cluster 6 
showed a long peaking phase from October 2020–March 2021. Furthermore, the 
regions from Spain in cluster 4 exhibited a high peak in the first months of the 
pandemic and lower peaks in the second phase. The plot of the time series in cluster 
3 shows that the Ile-de-France region and its neighbours were heavily hit in the first 
phase, but for a short period, and the second phase of the pandemic has no relevant 
peaks. Finally, the Italian regions of clusters 10 and 11 suffered a dramatic second 
wave of deaths between October 2020 and April 2021. The regions of clusters 9 and 
11 were also the most affected in the third phase of the pandemic, with a peak in 
February 2022. 

The descriptive analysis of our clusters shows that variability in terms of the time 
series is rather limited. This is similar to what was identified by Bucci et al. (2022), 
where the clusters in Germany, the United Kingdom, and Italy were particularly 
similar to what was identified in this study. A cluster of high-risk regions in Northern 
Italy and in Eastern France up to Ile-de-France was also found by Amdaoud et al. 
(2021). D’Urso et al. (2022) shared the concept of three main clusters in Italy, 
identifying an almost overlapping cluster for the central part of the Italian territory. 

Analysis of the effects of socioeconomic, demographic, and environmental 
variables on total death counts 

The spatial aspect of the pandemic, as highlighted in the previous section, is crucial 
to understand the local patterns of the consequences of the virus and act accordingly. 
We also note that this aspect is not the only one characterising the spread of the 
pandemic, because most of the regions have experienced the effects of Covid-19 
sooner or later. A relevant question at this point may be the role of initial conditions 
in the spread of the virus and the exacerbation of its effects (Ngepah 2021). 

To understand whether some variables are associated with the total number of 
deaths, after controlling the presence of the regions in a cluster, we fit a spatial 
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generalised linear mixed (GLM) model to regions, where the response variable is the 
total number of deaths in each region, and the random effects are modelled by a 
conditional autoregressive (CAR) prior specified as in Leroux et al. (2000). The 
purpose of this specification is mainly to understand whether being grouped in a 
specific cluster has led to different outcomes in terms of the total number of deaths, 
and if explanatory variables influence death counts after controlling the patterns of 
the series through clusters. It would be of further interest to analyse the interaction 
between clusters and the variables considered; however, the number of regions in 
each cluster was not sufficient to obtain robust estimates of coefficients. 

Let 𝑌 = 𝑌(𝐬 ), … ,𝑌(𝐬 )  denote the n-dimensional vector of cumulative 
confirmed Covid-19 deaths, and let 𝑋(𝐬 ) = 1, 𝑥 , … , 𝑥  be the vector of p 
covariates available for each region 𝒜  with geographical coordinates 𝐬 . Then, the 
following Bayesian hierarchical Poisson-LogNormal model (Banerjee et al. 2014) was 
used for our count data: 
 𝑌(𝐬 )|𝜇 = 𝐸 𝜆 ∼ Poisson(𝐸 𝜆 )        for 𝑖 = 1, … ,𝑛 (2) 
 log(𝜆 ) = 𝐗(𝐬 )′𝛃 + 𝑂 + 𝜓  (3) 
where Ei denotes the expected cases, λi the relative risk for the i-th region,  
Oi represents the offset computed as the logarithm of the population, and  𝛃 = 𝛽 ,𝛽 , … ,𝛽  represents the vector of the covariate effects. The random effects 𝛙 = (𝜓 , … ,𝜓 ) are intended to capture any residual spatial autocorrelation present 
in the death count data and are assigned with a conditional autoregressive prior 
specified as in Leroux et al. (2000). Specifically, the distribution of 𝜓  conditional on 
all other effects 𝜓 , for 𝑖 ≠ 𝑗, is expressed as follows: 𝜓 |𝜓 , 𝑖 ≠ 𝑗, 𝜏 ,𝐻 ∼ 𝑁 𝜌∑ 𝜓 𝜂𝜌∑ 𝜂 + 1 − 𝜌 , 𝜏𝜌∑ 𝜂 + 1 − 𝜌  (4) 

where ρ represents a spatial autocorrelation parameter such that ρ = 0 implies 
independence, while ρ = 1 corresponds to the intrinsic CAR model, 𝜂  is the ij-th 
element of the symmetric (𝑛 × 𝑛) adjacency matrix H, equal to one if 𝑠 , 𝑠  share 
a common border, zero otherwise, and with 𝜂 = 0. A multivariate Gaussian prior is 
assumed for 𝛃, with zero mean and a diagonal covariance matrix with a value of 
100,000 on the diagonal elements, whereas the hyperpriors are 𝜏 ∼InverseGamma(1,0.01) and 𝜌 ∼ Uniform(0,1). The inference for this model is based 
on 10,000 Markov chain Monte Carlo (MCMC) samples obtained by running the 
chain for 15,000 samples and discarding 5,000 samples as the burn-in period. The 
estimated parameters were obtained through the S.CARleroux() function in the 
CARBayes R package by Lee (2013). 

In our model, 𝐗(𝐬 ) contains a set of covariates and factor variable for the clusters. 
Many social, economic, and environmental factors were attributed as potential 
determinants of the outcomes of the Covid-19 pandemic. Some researchers relate 
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these outcomes to the aging population (Gardner et al. 2020) or inadequate healthcare 
infrastructure (Le et al. 2021, Alfonso et al. 2021), while others analyse the role of the 
natural environment (Wu et al. 2020) or social conditions in the region (Kim–
Bostwick 2020, Wildman 2021). In most cases, understanding the mechanism 
underlying the association between death counts and pre-existing conditions is not 
straightforward. For instance, a higher economic status in a region not only permits 
better care, but also increases networking, thus facilitating the spread of the virus 
(Ehlert 2021). For this reason, this analysis is intended to provide insights into 
hypothesis-making rather than assuming causal effects. 

In selecting the covariates, we were guided by existing ecological studies on 
respiratory diseases (Horwitz et al. 2020) and the availability of data for the 
administrative units we considered. Among the variables used as covariates, to proxy 
for the level of healthcare infrastructure (Ngepah 2021, Ehlert 2021), we included the 
number of hospital beds per hundred thousand inhabitants because health resource 
shortages have worsened the effects of the virus during the earlier phases of its spread 
(Remuzzi‒Remuzzi 2020). The influence of income and wellness on Covid-19 deaths 
were discussed in several studies (Plümper‒Neumayer 2020, Tan et al. 2021, Welsh 
et al. 2022). Accordingly, we used the GDP of the region as a wellness measure and 
the percentage of persons at risk of poverty or social exclusion as a proxy for social 
inequalities in the European regions (Marì-Dell’Olmo et al. 2021). Clinical data and 
surveillance reported two important aspects of the pandemic: the elderly population 
and patients with comorbidities, such as diabetes (Barron et al. 2020), hypertension, 
and cardiovascular and respiratory diseases (Ssentongo et al. 2020) were at a greater 
risk of dying from Covid-19. For this reason, our set of covariates comprehends the 
death rates of diabetes, respiratory, and cardiovascular diseases, and the rate of the 
population aged above 75 years (Daoust 2020). The levels of particulate matter (PM 
2.5) (computed as the average of the annual levels in the period 2012–2016) were 
included in the set of characteristics of the regions because they are often related to 
the spread of the pandemic (Comunian et al. 2020, Lolli et al. 2020) and provided that 
the population which is already exposed to air pollution may experience stronger 
effects of the virus. Finally, to control any geographic-related features, such as 
temperature and humidity (Wu et al. 2020), the set of covariates also included the 
latitude and longitude of the region centroids. We then included cluster-related 
dummies to capture differences in terms of the total burden of the pandemic across 
clusters. To avoid singularity in the design matrix, the dummy for the first cluster was 
excluded and considered as a reference for the interpretation of the relative risks. 
Table 1 provides a more detailed description of the explanatory variables. 
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Table 1 
 Description of socio-economic, demographic, and  

environmental explanatory variables 

Variable Description Year Source 

Beds Number of hospital beds per hundred thousand 
inhabitants 

2018 Eurostat 

GDP Per capita GDP in thousands Euro 2018 Eurostat 
At risk Percentage of total population at risk of poverty 

or social exclusion 
2018 Eurostat 

Diabetes Crude death rate (per 1 000 persons) by diabetes, 
expressed as the ratio of the number of deaths 
during the year to the average population in that 
year 

2017 Eurostat 

Respiratory Crude death rate (per 1 000 persons) by 
respiratory diseases, expressed as the ratio of the 
number of deaths during the year to the average 
population in that year 

2017 Eurostat 

Cardio Crude death rate (per 1 000 persons) by 
cardiovascular diseases, expressed as the ratio of 
the number of deaths during the year to the 
average population in that year 

2017 Eurostat 

Over 75 Percentage of population with an age ≥ 75 years 2020 Eurostat 
PM 2.5 5-years average of annual concentrations 

(micrograms per cubic meter) of ground-level 
fine particulate matter (PM 2.5) 

2012–2016 NASA Socio-
economic Data and 
Applications Center 

Latitude Latitude of the centroid in decimal degrees   
Longitude Longitude of the centroid in decimal degrees   

The results of the GLM model with spatial effects are listed in Table 2, where all 
coefficient results are presented as an incidence rate ratio (relative risk) of an increase 
of one unit in each covariate. This study relied only on ecological-level data. This 
indicates that we do not make any generalization about individuals or specific 
population groups or infer any causality between the covariates and dependent 
variable. 

The estimated relative risks show that the GDP, percentage of people at risk of 
poverty, and total number of hospital beds are not statistically relevant in the 
modelling of the number of deaths, while the other covariates and factor variables 
related to clusters have credible intervals for the relative risks that do not include one. 
Except for the death rate because of cardiovascular diseases which has no significant 
effect on cumulative death counts, the covariates used to proxy the health status of 
the population have a positive association with the rate of deaths by Covid-19. This 
is not surprising given that the Covid-19 pandemic may have exacerbated the 
precarious health conditions of the population. For example, for an additional unit of 
the percentage of the population with an age equal to or greater than 75 years, the 
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rate of deaths increases by 7.4%. This is also true for PM which is associated with a 
4.2% increase in the death rate, highlighting a possible link between air pollution and 
disease exacerbation. It is worth noting that this effect may reflect the association of 
the dependent variable with other variables such as the level of industrialisation or 
population density. The latitude has a negative association with the number of deaths, 
meaning that regions at higher latitudes have experienced a lower death rate. Instead, 
among the regions considered, the Eastern regions experienced higher death rates. 
The estimates for most of the ten levels of the factor variables, compared to the 
baseline category of the first cluster, were significant. This indicates that by fixing the 
other explanatory variables, clusters may also help to discriminate among the total 
number of deaths. Finally, inferential results for the estimated spatial autoregressive 
parameter, ρ, suggest that the fit of the data improves by including spatial correlation 
effects in the model.  

Table 2 
 Estimated relative risks with 95% credible intervals 

Variable Relative risk Lower Bound Upper Bound 

Beds 1.000 1.000 1.000 
GDP 1.000 1.000 1.000 
At risk 1.004 0.995 1.010 
Diabetes 1.002* 1.001 1.005 
Respiratory 1.007* 1.006 1.008 
Cardio 0.998 0.998 1.002 
Over 75  1.074* 1.052 1.088 
PM 2.5 1.042* 1.034 1.048 
Latitude 0.988* 0.983 0.999 
Longitude 1.040* 1.034 1.049 
Cluster 2 1.774* 1.665 1.913 
Cluster 3 1.708* 1.566 1.862 
Cluster 4 1.560* 1.502 1.824 
Cluster 5 2.195* 2.020 2.378 
Cluster 6 1.289* 1.101 1.879 
Cluster 7 0.847 0.755 0.935 
Cluster 8 1.303* 1.108 1.395 
Cluster 9 0.989 0.907 1.035 
Cluster 10 0.840* 0.768 0.903 
Cluster 11 0.981 0.807 1.139 𝜏  0.222 0.159 0.304 
ρ 0.520 0.283 0.773 
DIC 1696.782   
LMPL –892.45   

Notes: Estimated median relative risks are presented with credible intervals of 95%. The table includes the 
deviance information criterion (DIC) and log-pseudo-marginal likelihood (LMPL). ∗ denotes a credible interval of 
95% for relative risk that does not overlap unity. ρ and τ2 were not transformed. 
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Discussion and conclusions 

The results of the clustering analysis in this manuscript suggest that there are  
11 groups of regions in Europe that exhibit similar Covid-19 patterns in the time 
series of daily confirmed cases. These clusters often coincide with an entire territory 
within a country, for example, Northern Italy in cluster 8 and Northern Germany in 
cluster 1. 

Although the task of providing a useful interpretation for clusters and attempting 
to generalise the characteristics of the Covid-19 pandemic is not straightforward, 
some interesting findings can be deduced from our analysis. First, the analysis of the 
time series suggests that the clusters are primarily characterised by different phases of 
the pandemic. Moreover, all regions experienced the effects of the disease sooner or 
later without being able to completely limit its spread. This could suggest that the 
implementation of persistent restrictive measures, such as in the first phase of the 
pandemic in Germany and Italy, could have helped reduce the outcomes of the virus. 
Second, based on the size of the mixing parameter in the clustering procedure and 
estimated spatial correlation from the GLM model, spatial proximity appears to be 
relevant in the modelling of Covid-related variables of interest. This is not surprising, 
because most countries have implemented restrictive measures aimed at the entire 
population, particularly in the first phase of the pandemic or during certain periods, 
such as Christmas holidays. Our study further underlines the relevance of local 
differences in deaths during the spread of Covid-19. Regional conditions vary across 
Europe and even within a single country, with clusters of patterns showing a spatial 
distribution. Thus, an understanding of the pattern of deaths by Covid-19 across 
countries can assist decision-makers take restrictive measures in well-defined areas or 
move resources where most required. Regional choices in terms of public health 
policies are crucial to disentangle the spatial aspects of the pandemic, even in 
countries where health is managed at a central level for a two-fold reason: Covid-19 
appears to spread in a non-uniform manner across the regions but tends to remain 
clustered; the low availability of intensive care units requires accurate management of 
the resources, and acting at a local level can help to detect criticality in the health 
system and fix it. Consequently, for countries where the pandemic has a different 
impact within the territory, acting locally can help prevent the effects of the pandemic 
in further possible waves, for example in regions belonging to the same cluster in 
previous phases but not yet overwhelmed by the pandemic. Finally, what emerges 
from our study is that to avoid working with noisy data, a common protocol in 
defining cases and deaths because of Covid-19 is necessary. In this study, we solved 
the possible discrepancies between the real and measured counts by smoothing the 
time series; however, more robust data would inevitably result in a more robust 
analysis.  
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In our study, we also analysed the impact of socio-economic, demographic, and 
environmental variables, and the effect of being in a cluster on the total number of 
deaths in each region. Among the considered variables, GDP, the percentage of 
persons at risk of poverty or social exclusion, the death rate because of cardiovascular 
diseases, and hospital beds are the only variables not significantly associated with the 
dependent variable. For what concerns the GDP, this result reflects the small 
differences in terms of GDP among the regions considered in this analysis. It is likely 
that GDP would have had a more relevant effect if the analysis also covered the 
poorest European countries. The same reflection can be made regarding the risks of 
social exclusion. The variability of this indicator in the countries considered in this 
study is limited, and this could have led to a non-significant effect on the outcome of 
the pandemic. The number of hospital beds, on the contrary, has changed a lot during 
the pandemic, and the lack of significance of the association with the number of 
deaths because of Covid-19 may be owing to outdated data. Conversely, all other 
covariates had a statistically significant association with the death rate by Covid-19. 
Therefore, pre-existing conditions appear to be somehow linked to the evolution of 
the pandemic and may have helped limit or exacerbate the effects of the spread of 
Covid-19. This implies that restrictive measures should be complemented by 
preventive measures in different fields. Improving health infrastructure can help curb 
mortality and avoid overloading in hospitals, while promoting healthy lifestyles and 
treatment of communicable diseases can be crucial to alleviate the burden of a 
pandemic as well as reduce respiratory damage because of air pollution.  

Future studies could rely on the approach presented in this manuscript to predict 
the evolution of the pandemic at an aggregated level. In fact, grouping regions with 
similar temporal evolution of the pandemic can help forecast the phenomenon while 
maintaining the setting of the forecast in a low-dimensional space. Finally, the 
availability of data for a larger number of regions would allow the evaluation of the 
interaction between clusters and pre-existing conditions.  
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Appendix 

Figure A1 
 Normalized time series of smoothed confirmed deaths for each country 
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Note: The bold lines indicate the average of the time series per country. 
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Figure A2 
 Map of the K = 11 clusters obtained through hierarchical clustering  

by mixing parameter α = 0.18 
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Figure A3 
Normalised time series of smoothed confirmed deaths for each cluster  

 
(Figure continues on the next page.) 
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 (Continued.) 

 
Notes:  The bold lines indicate the average of the time series per cluster. The values between brackets denote the 

number of regions in each cluster. 
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