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Abstract: This study offers an in-depth analysis of the COVID-19 pandemic’s trajectory in several member
countries of the European Union (EU) to assess similarities in their crisis experiences. We also examine data from
the United States to facilitate a larger comparison across continents. We introduce our new approach, which uses
a spatio-temporal algorithm to identify five distinct and recurring phases that each country undergoes at different
times during the pandemic. These stages include a Comfort Period characterized by minimal COVID-19 activity
and limited impacts. The Preventive Situation demonstrates the implementation of proactive measures, with
relatively low numbers of cases, deaths, and Intensive Care Unit (ICU) admissions. The Worrying Situation is
defined by high levels of concern and preparation as deaths and cases begin to rise and reach substantial levels.
The Panic Situation is marked by a high number of deaths relative to the number of cases and a rise in ICU
admissions, denoting a critical and alarming period of the pandemic. Finally, the Epidemic Control Situation
distinguishes itself by limiting COVID-19 deaths despite a high number of new cases. By examining these phases,
we identify the various waves of the pandemic, indicating periods where the health crisis has a significant impact.
This comparative analysis highlights the time lags between countries as they transition through these different

critical stages and navigate the waves of COVID-19.

Keywords: spatio-temporal data; unsupervised clustering; COVID-19

1. Introduction

Since its declaration as a pandemic on March 11, 2020, by the World Health Organization (WHO),
COVID-19 is the subject of ongoing research. Notably, a study presented in [1] uses hierarchical
clustering to predict COVID-19 waves. Originating in Wuhan, China, in December 2019, COVID-19
spreads quickly across continents, experiencing fluctuations in infection rates and fatalities. However,
the pandemic’s effects vary across nations, prompting the need for a clustering model to track its
evolution accurately. Thus, our paper introduces an algorithm designed for this purpose and applies it
to data from various European Union (EU) countries and the United States.

The COVID-19 pandemic represents a major challenge to global public health, revealing the
need for advanced analytical techniques to understand and manage its spread during the crisis and
to learn lessons from it afterward. Spatio-temporal analysis is particularly important, as it allows
researchers to discover patterns and the evolution of the pandemic in different regions and time
periods. This knowledge is vital for improving future responses to pandemics by optimizing prevention
strategies and understanding the advantages and disadvantages of each country compared to others
in terms of health systems and disaster management. For instance, Huang et al. (2021) utilize space-
time aggregation and spatial statistics to analyze the global spatio-temporal evolution of COVID-19,
revealing significant understandings into the spatial autocorrelation of confirmed cases and geographic
centroid migrations across continents [2]. Similarly, Sebastiani and Palt1 (2021) apply hierarchical
clustering and mathematical morphology to COVID-19 incidence data in Italy, identifying distinct
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clusters of infection and providing a robust methodology for reducing image noise and accurately
modeling spatial distributions [3]. Furthermore, Li et al. (2021) explore the spatial dependency
of COVID-19 within and between cities in China using a dynamic spatial autoregressive model,
highlighting the impact of inter-city mobility restrictions on controlling disease transmission [4]. These
studies underscore the importance of spatio-temporal approaches in understanding the pandemic’s
dynamics and guiding effective public health interventions.

Comparing the progression of the COVID-19 pandemic within different EU countries is essential
due to their diverse experiences. Despite the EU’s principle of free movement, each nation adopts
unique strategies to curb virus transmission, reflecting their geographical, demographic, economic,
and political diversity. For example, countries with older populations face greater challenges, while
those with robust healthcare systems mitigate the spread more effectively. The European Union
shows significant variability in COVID-19 responses. Countries like Italy and Spain, which have older
populations, are severely impacted early in the pandemic, highlighting the challenges faced by nations
with vulnerable demographics [5]. In contrast, Germany’s robust healthcare system and effective
testing strategy enable it to manage the virus efficiently, resulting in lower mortality rates during the
initial waves [6]. Additionally, the EU exhibits varying degrees of stringency in public health measures.
For example, while Italy implements strict lockdowns, Sweden opts for a more relaxed approach,
focusing on herd immunity. This leads to differences in infection rates and public health outcomes,
emphasizing the impact of policy decisions on pandemic progression [7,8]. The disparity in policy
and healthcare infrastructure across the EU underscores the need for coordinated efforts and shared
strategies to effectively manage such pandemics [9].

Understanding the different trajectories of the COVID-19 pandemic in Europe and the United
States is crucial due to significant differences in geography, healthcare infrastructure, public health
policies, and response strategies. In the United States, vast geography and varied population densities
lead to different transmission rates in urban versus rural areas. A CDC (Centers for Disease Control
and Prevention) report indicates that during the early phase of the pandemic, dense urban centers like
New York City experience rapid virus spread, while rural areas see slower transmission rates. From
mid-March to mid-May 2020, COVID-19 incidence is highest in large metropolitan areas, but begins
to decline in mid-April before increasing uniformly across all regions [10]. In Europe, the smaller
geographical size and higher population densities lead to quick virus transmission. Standardized
case reporting and efficient contact tracing are used to manage the situation [11,12]. The differences
in healthcare infrastructure affect the handling of COVID-19 in Europe and the United States. In
general, European countries have robust public healthcare systems that support effective testing,
contact tracing, and treatment. In contrast, the U.S. has an employment-based insurance system with
fragmented coverage [13-15]. Public health policies differ between Europe and the United States. The
European Union generally adopts uniform measures, while the U.S. experiences varied efforts due to
its decentralized governance [16-18].

Essentially, when we compare the impact of COVID-19 on EU countries, we're looking into
nations that share numerous similarities. Conversely, when we compare the pandemic’s situation
between Europe and the United States, we're contrasting regions marked by greater differences. These
two perspectives complement each other and enrich our results and the interpretations that can be
drawn. Thus, the findings presented here provide deeper realizations into how the variations and
commonalities among different countries, as well as between Europe and the United States, shape the
health landscape and the progression of the pandemic.

In clustering, the nature of the data we are confronted with is always very important and
determining in the choice of the best methodology to use in order to obtain homogeneous and
meaningful clusters. One type of data that is central to various clustering topics nowadays is that
of time-dependent data. Several studies with this type of data have been carried out, particularly in
ecology and environmental applications, looking for example on the temperature or the constitution
of the air for different populations at disparate times, as seen in [19-23]. Similarly, in political and


https://doi.org/10.20944/preprints202407.1165.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 July 2024 d0i:10.20944/preprints202407.1165.v1

30f22

socio-economic studies, spatio-temporal data plays a very important role in visualizing how situations
change over time, see e.g [24] among others. Time-dependent data is also prevalent in criminology
and epidemiology, as evidenced by [25,26] among others. It is in this last area that the subject treated
in this paper lies, which is about following the evolution of the COVID situation in different countries
over time while grouping them together whenever they have similar COVID situations. However, it is
important to note that the clustering methodology introduced in our work can also be applied to other
fields. When the temporal dimension of a data is taken into account, it is interesting to graphically
visualize the evolution of the obtained clusters over time. For instance, in [27], a graphic showing
the evolution of mortality over time is proposed while in [28], an observation of the evolution and
projection of life expectancy over time is exposed.

Thus, in this paper, we build a clustering method to group spatio-temporal data and to graphi-
cally visualize the evolution of these different groups over time. Generally, some studies have been
conducted on creating an algorithm suitable for spatio-temporal data. An example is in [29,30], in
which the self-organizing map algorithm is modified to fit spatio-temporal data. In our work, we
extend these methodologies by considering the data as being able to present similarities in their charac-
teristics for different spaces over periods of time which are not necessarily consecutive. Examining the
necessity of developing such a clustering method is essential. When temporal continuity is ignored,
comparing clusters obtained at different time points becomes problematic, as there is no temporal
linkage between them. Indeed, the classes obtained for different time periods do not have similar
characteristics. Conversely, applying classic clustering methods directly to the entire dataset without
temporal segmentation introduces bias, as historical events are treated equally to current ones. Hence,
our objective is to compare individuals for each fixed period while considering the temporal evolution
of the data.

Moreover, when comparing the status of different populations over time, temporal misalignment
(time lag) among similar statuses is a common occurrence. This underscores the importance of
comparing population similarities at different times without limiting the analysis to successive periods,
while emphasizing the need to understand the dynamics within separate populations during the same
period. Our method addresses this by acknowledging the significance of weighting both temporal
and spatial dimensions in cluster formation. This nuanced approach enables a more comprehensive
analysis, ensuring that the clustering algorithm effectively accounts for both temporal and spatial
dynamics.

Before presenting the method developed in this article, we provide a brief overview of two classic
clustering methods: K-means and Self-Organizing Map (SOM). As explained in [31], K-means is a
popular clustering algorithm that classifies data objects into K different clusters through iterations.
The algorithm begins by randomly selecting K centers, or centroids, from the dataset. It then alternates
between two main steps until convergence: first, assigning each data object to its nearest center,
typically based on the Euclidean distance; second, recalculating the cluster averages and reassigning
them to their respective centroids. While K-means is simple and easy to understand, it struggles
with identifying groups with complex shapes and its final representation is difficult to visualize in
a convenient 2-D format. This is where the Self-Organizing Maps (SOM) method becomes relevant.
Proposed by Kohonen in 1982, SOMs, detailed in [32], offer a solution by projecting multi-dimensional
data onto a lower-dimensional grid while preserving topological ordering. This process involves
competitive learning, where neurons interact laterally to form a semantic map, grouping similar
patterns closer together. After initialization, the SOM algorithm progresses through three phases as
elaborated in [33]: Competition, Cooperation, and Adaptation. During the Competition phase, the
algorithm identifies the neuron most similar to each input pattern, termed the Best Matching Unit
(BMU). In the Cooperation phase, the winning neuron determines the spatial location of a topological
neighborhood, with its size controlled by a chosen radius. Finally, during the Adaptation phase,
neurons adjust their values based on input patterns, converging towards the selected example. These
phases ensure a gradual convergence towards meaningful clusters.
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The method developed in this paper draws inspiration from the ideas of the two methodologies
described above, with a focus on incorporating temporal considerations. Our aim is to create clusters
that can handle complex structures and allow for detailed examination of variables within each cluster
to enhance interpretation. Overall, our method involves representing groupings in a multidimensional
space, utilizing the concept of neighborhood, and implementing a gradually decreasing learning
rate during iterations. The mathematical formulations are influenced by the work cited in [34].
Our algorithm presents enhanced flexibility and adaptability, allowing for the selection of features,
dimensionality reduction parameters, and neighborhood functions.

The paper is structured as follows: Section 2 outlines the algorithm designed for spatio-temporal
datasets. In Section 3, we implement this algorithm on the COVID-19 dataset and present the findings.
Lastly, the conclusion provides avenues for future research.

2. Spatio-Temporal Data Analysis and Clustering

When the data has two dimensions: spatial and temporal, the clustering methods must adapt to
them in order to be able to create groups that make sense on each of these dimensions. The idea of the
constructed method is to ensure that each point in the database looks at the path followed by other
points in order to choose its most appropriate group. It is essential to give more importance to what is
happening at the same time in the different populations than to what is happening at different times,
without however forgetting that there is continuity between what is happening at a given time, what
happened before, and what will happen later. In this paper, we use similar notations as in [34] which
are in line with common practice for clustering algorithms.

2.1. Training Algorithm for Spatio-Temporal Data

Let M be the number of study periods, and S be the number of populations considered. In our
application in Section 3, populations refer to different countries, and periods represent months. We
define set D as a collection of N data objects, where each D is characterized by (s, m) for 1 to N. Here,
s denotes a population chosen from S populations, and m denotes a period selected from M periods in
the study. Notably, N is the product of M and S, and D comprises the data objects central to clustering
and analysis. Each D is associated with a vector of variables, X = (xl,. .., XxY), where x/ € Rand v
denotes the number of variables considered. The collection of these variable vectors is denoted as
X. Additionally, let K represent the desired number of groups, and let P denote the set of K clusters.
Using an ascending hierarchical method, we identify the ultimate superclasses represented by Py, a
subset of P, where Nf is the number of final groups obtained.

The ascending hierarchical classification, as described in [31], is a statistical technique employed to
divide a given population into distinct groups or subgroups. Its fundamental objective is to maximize
the intra-class homogeneity, that is, to ensure that individuals grouped together within the same
class are as similar as possible, while at the same time maximizing the inter-class heterogeneity,
meaning that the classes themselves are the most dissimilar. This method operates based on a criterion
of resemblance, typically represented as a distance matrix denoted as d, where d;; quantifies the
dissimilarity or distance between individuals 7 and j. For instance, two identical observations give
zero distance, and the distance increases as the difference between the two observations increases.
Ascending hierarchical classification combines individuals iteratively, resulting in the construction
of a dendrogram or classification tree. It starts with individual observations as the initial classes and
proceeds hierarchically, creating larger classes or groups that may include subgroups nested within
them. The final partition of the population is obtained by strategically defining a cut in the hierarchical
tree at a chosen height k. This process is often represented as:

C = cut(T, h),

where C represents the final partition, T is the hierarchical tree, and / is the chosen height at which the
tree is cut. The hierarchical method provides a systematic approach to explore the structure within
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a population while providing the flexibility to accommodate different levels of detail in the final
groupings.

Once the primary groups are obtained with the constructed method explained below, the ascend-
ing hierarchical method is applied to the centers of these clusters (called neurons) to group the nearest
centers together. We can apply this methodology for each fixed time, but that eliminates the work
done in the constructed method, which allows grouping very similar data points even if they do not
necessarily belong to the same time period. To preserve the spirit in which the first clusters are created,
we choose to apply the ascending hierarchical method to all the centers without fixing the time.

Given the unique nature of data characterized by both temporal and spatial dimensions, distinct
from traditional statistical data, we propose to incorporate the temporal dimension into our analysis.
Initially, we select a subset of E populations from the total S populations, ensuring that their product
with M yields K. Each selected population, along with its corresponding time, constitutes a point in
our dataset D. Subsequently, we extract variable value vectors from X corresponding to these selected
points in D. We then label the extracted variable value vectors as Wy = (wy, ..., wY) for k ranging
from 1 to K, organized in ascending order based on the means of the variables within each fixed
population. This ordering strategy primarily aids in organizing the initial centers of the clusters. The
ordering changes during the clustering process; therefore, this choice does not significantly affect the
final clustering results. Each element w{( is a real number in R. These Wy vectors act as prototypes or
reference models for the clusters we aim to construct. They represent the central points of the clusters,
and their values are iteratively adjusted to minimize the distance from the points in the dataset, thereby
refining the cluster centers. Altering the prototype vector for a specific k impacts the adjustments in
neighboring prototype vectors, creating a connection among points K. This interconnected behavior
leads us to designate these K points as "neurons.” The choice of the term "neurons" reflects their
collective adaptability, drawing a parallel with how neurons communicate in our brains. This naming
decision illustrates the collaborative nature of these points and their role in shaping the system'’s
overall behavior.

After randomly selecting a data point from the dataset D, we determine its associated time.
Subsequently, we search among the neurons with the same time for the prototype vector closest to the
variable vector X, representative of the selected data point. This neuron is termed the Best Matching
Unit (BMU) or winning neuron. We then adjust the prototype vectors of the BMU and its neighboring
neurons to minimize their distance from the selected data point, based on their proximity to the
BMU. To incorporate both temporal and spatial aspects, we construct separate neighborhood functions
(hll;MU,k and hgy 5, ) for each dimension. These functions govern the intensity with which neurons
approach the selected data point, depending on their temporal and spatial distance from the BMU.
Neurons sharing the same time as the selected data point approach it with greater intensity compared
to those with different times, reflecting the emphasis on contemporaneous events. This approach
retains the principle of temporal continuity within populations while allowing comparison across
different times, with a focus on fixed periods. It’s essential to consider temporal evolution, especially
for data exhibiting temporal disparities across populations. Mathematically, we represent intensity
through the notion of radius incorporated into the neighborhood functions. Thus, a temporal radius
o? and a spatial radius ¢® are employed, ensuring greater intensity of change for neurons with the
same time as the BMU compared to those with different times.

The temporal radius is exclusively used in the temporal neighborhood function for neurons with
different times than the Best Matching Unit (BMU), while the spatial radius is only present in the
spatial neighborhood function for neurons with the same period as the BMU. This differentiation
emphasizes the need to handle spatial and temporal iterations distinctly within the algorithm. For
each fixed spatial iteration denoted as t°, the temporal iteration ¢” increases until the temporal radius
approaches zero. At this point, a new data point is drawn from D, leading to an increment in spatial
iteration by one unit, a reduction in spatial radius, and a reset of the temporal radius using the updated
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spatial radius value. Consequently, the total number of iterations equals the product of the total spatial
iterations (T°) and the total temporal iterations (T?).

To ensure the algorithm’s convergence while avoiding excessive data clustering, it is important to
introduce a learning rate («). This learning rate represents the percentage by which the algorithm learns
during each iteration, driving the modification of prototype vectors for neurons without distinguishing
between temporal and spatial dimensions. As the iterations progress, the learning rate gradually
decreases, resulting in a diminishing influence over time. Typically, in practical applications, this
hyperparameter is fine-tuned starting with an initial value of 70%. The subsequent section details the
procedural aspects of identifying the Best Matching Unit and outlines the steps involved in updating
the prototype vectors of neurons. Additionally, it elaborates on the neighborhood weighting functions
and the mechanisms used to reduce radii and adjust the learning rate.

2.2. Key Parameters of the Developed Algorithm

In Table 1, we give a detailed description of the parameters used in our clustering approach
for spatio-temporal data. These variables are essential in determining how the algorithm behaves
and produces results. Each parameter is accompanied by a description of its relevance as well as
its involvement in the clustering procedure. Our method and its application to datasets, including
the study of temporal and geographical patterns in COVID-19 data, need an understanding of these
parameters.

Table 1. Parameter Explanations.

Parameter Explanation

M Number of study periods. Represents the number of distinct temporal periods consid-
ered in the analysis.

S Number of populations. Represents the number of distinct populations (e.g., countries)
considered in the analysis.

D Data Set. Collection of N data objects characterized by (s, m), where s denotes a
population and m denotes a period.

X Data Representation. Vector of variables associated with each data point in D, enabling
comparisons and similarity calculations.

K Desired number of groups. Represents the desired final number of clusters or proto-
types aimed to be formed within the data.

Ps Ultimate Superclasses. Subset of P obtained using ascending hierarchical method,
representing the final groups.

« Learning Rate. Percentage by which the algorithm learns during each iteration, influ-
encing modification of prototype vectors.

hg MUK Temporal Neighborhood Function. Governs intensity with which neurons having
different times than BMU approach a data point.

Wy au i Spatial Neighborhood Function. Determines intensity with which neurons with same
period as BMU approach a data point.

o? Temporal Radius. Defines extent of temporal influence, allowing adjustments in tem-
poral neighborhood function.

o Spatial Radius. Controls spatial influence on clustering, impacting spatial neighbor-
hood function.

T* Total Spatial Iterations. Represents total number of spatial iterations, influencing
cluster evolution over space.

TP Total Temporal Iterations. Represents total temporal iterations within each spatial
iteration, allowing exploration of temporal patterns.

Kdesired Clustering Target. Desired final number of clusters or prototypes aimed to be formed
within the data.

o; Initial Spatial Radius. Initial spatial radius for neighborhood functions.
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Table 1. Cont.

Parameter Explanation

o; Final Spatial Radius. Final spatial radius for neighborhood functions.

af Initial Temporal Radius. Initial temporal radius for neighborhood functions.

0}7 Final Temporal Radius. Final temporal radius for neighborhood functions.

E Number of Randomly Selected Populations. Represents number of randomly selected
populations from the dataset.

Wi Prototype Vector. Serves as the prototype vector associated with neuron k, evolving
during clustering to capture cluster characteristics.

BMU Best Matching Unit. Identifies the neuron with the prototype vector closest to the data

point, pivotal in clustering.

The notation with an exponent (#°) indicates the relevance of the parameter or operation within
the spatial iteration of the clustering process, while the exponent (t7) highlights its significance during
the temporal iteration. Additionally, parameters marked with the exponent p represent temporal
considerations, while those marked with the exponent s denote their spatial counterparts.

2.3. Best Matching Unit and Prototype Vectors

Our clustering technique begins with the selection of a data point from the dataset. Subsequently,
we seek the nearest prototype vector, denoted as Wy, from the existing pool of prototypes, W. This
step is pivotal in assigning the data point to a specific class. To achieve this, we employ the Euclidean
distance metric, d(.,.), which quantifies dissimilarity between vectors, to compute the Euclidean
distance between each prototype vector W and the selected data point X. This computation allows us
to identify the prototype vector Wy that exhibits the closest match to X.

The Euclidean distance computation is defined as:

To identify the neuron with the closest prototype vector, referred to as the Best Matching Unit (BMU),
we utilize the expression:
BMU") = argmind (X(ts), ngts)) .
k=1,..,K

Here, we aim to find the BMU for the data vector X(*'), where () represents the specific spatial
iteration. The BMU is selected from the set of prototype vectors W,Sts) for k = 1 to K, based on
the Euclidean distance metric d between each W,Ets) and X(*), Ensuring temporal alignment, this
computation facilitates the identification of the neuron that best captures the properties of X(). The
prototype vector of the Best Matching Unit (BMU) is denoted as Wgpy. During the updating process
for each prototype vector Wy (where k = 1,..., K), the incorporation of both spatial and temporal
neighborhood functions is crucial. This integration is represented by the following formula, which
applies to the specific data point chosen from the dataset:

+1 S
W = W (i) (X — W) ) 30 — W), .

This equation incorporates three key components: the temporal iteration t?, the learning rate at the
tP-th time iteration a(*"), and the spatial and temporal neighborhood functions hg&@rk and hg&gk. It
adjusts each prototype vector based on its proximity to the BMU and the associated data point at the
time #.
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The neighborhood functions hgy ., and thU,k play a pivotal role in this adaptation process.
hgnry i ensures alignment between the temporal characteristics of neuron k, the BMU, and X by
serving as a Gaussian neighborhood function around the BMU. Conversely, thU,k guarantees that
neuron k has a distinct temporal characteristic from the BMU and X, thereby maintaining temporal
diversity.

Mathematically, these neighborhood functions are defined as:

o
d*(Wemu, Wi) ) , o)

1 —
hemu ke = eXP( 207
wherei = s, t.

By considering both spatial and temporal factors throughout the adaptation process, the neigh-
borhood functions determine the extent to which each neuron’s prototype vector is influenced by the
data point X and the BMU. In our spatio-temporal clustering algorithm, the use of Gaussian functions
is important for controlling the evolution of values within neurons. This process relies on specific radii,
o° for spatial neighborhood and ¢” for temporal neighborhood at each Best Matching Unit (BMU)
during iteration t”. These radii essentially determine the intensity with which neurons at the same
time as the selected data point are affected, as well as neurons at different times.

Gaussian functions assign values to neurons based on their proximity to the central BMU. Neurons
farther from the BMU receive lower values in the neighborhood function, reflecting their greater
distance from the central point. It's noteworthy that the BMU’s own spatial neighborhood function is
set to 1 while its temporal neighborhood function is set to 0, ensuring that the BMU has no effect on its
neighbors.

As the algorithm progresses, both the spatial and temporal neighborhood radii gradually decrease.
The spatial neighborhood radius, starting at 07 and ending at approximately O'JSC = 0, decreases with
each spatial iteration #°. Similarly, for a given spatial radius ¢*, the size of the temporal neighborhood
decreases from ¢* to nearly 0}7 = 0 throughout temporal iterations ¢.

To achieve convergence, we introduce a decreasing learning rate a. At the end of each temporal
iteration ¢, the learning rate « gradually decreases from its initial value «;, ensuring a gradual slow-
down of the learning process.

The spatial radius, denoted as 0°, gradually diminishes over iterations following the equation:
S ts S S
(TS :Ui +F(U—f—0’i).

Similarly, the temporal radius, denoted as o, undergoes a reduction across iterations based on the
formula:

P
i :Uf+—(c7]’f—af).

Additionally, the learning rate, represented by (), steadily decreases throughout the training process

acCCor dlI lg t().
[ DCI .

These formulas define how the spatial and temporal radii, as well as the learning rate, evolve over
time facilitating the convergence of the algorithm towards an optimal solution. In the final iterations,
where both temporal and spatial radii approach 0, the spatial neighborhood function hgyy; , assigns a
value of 1 to the BMU, while the temporal neighborhood function thU/k remains constantly equal to
0 for all neurons.

Finally, the clustering process ends with the grouping of data points sharing the same nearest
neuron among the K considered neurons, using the Euclidean distance metric.
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Our developed spatio-temporal algorithm is summarized as follows:

Algorithm 1: Spatio-Temporal Clustering Algorithm.

Input  :Dataset D
Output :Clusters K
Require :E, M, 07, (f;, at, w;, T®
Initialize:K <~ E x M, 0° < 07, TP
fork < 1to K do
| Initialize Wy with data from neuron k;
fort* < 1to T° do
Select a data point from D and name its variable vector X (#),

BMU() = arg min,{(:1 d (X(ts), W,Ets));
orf — 0%, 0P <—Uip,tp — 1

while ¢#(t") > of do

fork < 1to Kdo

)
Calculate hISS’IS/tIQ,k = exp (‘W)/.
_2wE)
Calculate hg'(l\gj), L = exp (‘W)I,
fork < 1to Kdo
Update ngtp):
) — W) 4 P W 4 g P W,
W =W dal )<h%MU,k[X(t ) - W, ]+hBMU,k[X(t ) —w, ]>,

Update a(*"): (") = g; (1 — %),

P tp(tfjf—(rf)
Update ¢?: 0f = 07 + ——;

| Increment t7;

Update ¢°: 0° = 07 + Flop—a),
L YP LT =05 Ca—

// Hierarchical Clustering
Initialize hierarchical clustering with Wy and Kgesired;

while K > Kjpgireq do
| Merge nearest clusters; Update Wj;

3. Application to COVID-19 Dataset and Results

3.1. COVID-19 Dataset

The dataset D, related to the COVID-19 pandemic, is sourced from the Our World in Data website
in May 2022. It includes a comprehensive collection of COVID-19 data dating back to the onset of the
pandemic, gathered from various reputable sources including the World Health Organization (WHO)
and local health agencies. This dataset provides a vital understanding of the dynamic progression of
COVID-19 across different countries and through various stages of the pandemic.

The study considers essential factors for understanding the COVID-19 pandemic. Firstly, it
includes the Incidence Rate, which measures the rate of new COVID-19 cases per one million people,
indicating the virus’s spread. Secondly, it incorporates the Mortality Rate, representing the number of
COVID-19-related deaths per one million individuals, reflecting the pandemic’s severity. Thirdly, it
involves the Intensive Care Admission Rate, indicating the frequency of COVID-19 patients requiring
intensive medical care, providing information about healthcare system strain. Lastly, the study
integrates the Government Stringency Index, quantifying the rigor of government measures aimed
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at controlling the pandemic. Together, these factors enable a comprehensive understanding of the
pandemic’s impact and government responses.

With a Pearson correlation coefficient of approximately 80%, we observe a strong correlation
between the number of new deaths due to COVID-19 per million people and the number of intensive
care patients admitted because of COVID-19 per million people. Therefore, our focus for explanations
and interpretations primarily centers on the number of new deaths per million people. The evolution
of these four variables with time are analyzed for 15 countries: Austria (AUT), Belgium (BEL), Bulgaria
(BGR), Switzerland (CHE), Cyprus (CYP), Germany (DEU), Spain (ESP), Estonia (EST), France (FRA),
United Kingdom (GBR), Italy (ITA), Luxembourg (LUX), Slovakia (SVK), Sweden (SWE), and the
United States of America (USA).

The study intends to observe and compare the COVID-19 situations in various European countries
and the USA throughout the health crisis from February 2020 to April 2022. It is particularly interesting
to analyze the temporal delays between the peaks of the considered variables reached by each country.
For countries in the European Union, which share many common conditions and laws, this analysis
allows us to see how the measures taken and factors directly related to COVID-19 influence the
trajectory of the virus. Furthermore, comparing the COVID-19 trajectories between Europe and
the United States provides a wider perspective on how additional conditions, such as geographical
location, healthcare systems, and political laws, affect the pandemic’s progression

3.2. Clustering Results and Discussion

3.2.1. Construction and Composition of the Different Classes

After a meticulous refinement process through iterative adjustments, and following the applica-
tion of the ascending hierarchical clustering method, the convergence of our algorithm allows us to
identify five final superclasses. This convergence is of capital importance in ensuring the consistency
of the algorithm and is guaranteed by the design of our parameters, configured to decrease over the
iterations. The number of iterations needed for convergence is carefully selected by exploring different
parameter setups and monitoring the graphic evolution of points, ensuring the choice of an optimal
number for stable and meaningful superclasses.

Thus, the final five superclasses encapsulate a wide range of unique attributes and interrelation-
ships within the dataset, thereby offering valuable perspectives on various aspects of the COVID-19
pandemic.

To clarify the characteristics of these superclasses, we adopt a dual-view approach, as illustrated
in Figures 1 and 2, thereby providing a detailed exploration of the complex patterns and relationships
revealed by our clustering analysis. Presenting the data in separate views aims to provide an exhaustive
understanding of the underlying dynamics that leads to the formation of each superclass.

Additionally, in Figure 3, we introduce an alternative visualization technique — a joint 2D PCA
projection — providing a broader overview of the dataset. This method facilitates comparative analyses
and identification of trends across all superclasses. Including bubble size as an indicator of the severity
index adds additional understanding into the severity of COVID-19 measures implemented in different
scenarios.

By exploiting multiple visualization techniques, we improve the interpretability and comprehen-
siveness of our analysis. While Figures 1 and 2 explore specific characteristics and relationships within
each superclass, Figure 3 provides a larger perspective, contributing to a complete understanding of
the complex dynamics and implications of the COVID-19 pandemic.

Aiming to provide valuable information regarding the trajectory of the COVID-19 pandemic in
different countries, we identify five key categories that illustrate different aspects of the pandemic’s
effects. Firstly, the comforting situation (Cf1 - blue) depicts a reassuring scenario with minimal new
cases, deaths, and intensive care cases per million people, alongside a low severity index. Secondly, the
epidemic control situation (Cf2 - green) represents a state of epidemic control, characterized by a high
incidence of new cases per million people, while the number of deaths remains relatively low. Thirdly,
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the panic situation (Cf3 - red) signifies a scenario inducing panic, marked by a significant increase
in deaths and intensive care cases relative to new cases. Next, the preventive situation (Cf4 - purple)
portrays a proactive approach to combating COVID-19, with low counts of new cases, deaths, and
intensive care cases per million people, despite a high severity index. Lastly, the worrying situation
(Cf5 - yellow) indicates a transition to concern, with a high number of deaths and intensive care
cases relative to new cases, despite the latter being low. The severity index is substantial, reflecting
significant measures in place.

epidemic control situation

worrying situtaion

preventive situation panic situation

comforting situation

New cases per million
o
b
g

0.50
New deaths per million

Figure 1. Class Characteristics Based on COVID-19 Cases and Deaths per Million.

preventive situation

Stringency Index

—_—
panic situation

T e —
pidemic control situation

worrying situtaion

comforting situation

0.00 0.25 050 0.75 1.00
ICU patients per million

Figure 2. Class Characteristics Based on ICU Admissions and Stringency Index.
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Figure 3. Overview of Cluster Attributes in COVID-19 Data Analysis.

In addition to the findings from Figures 1, 2, and 3, Figure 4 serves as a complementary visual-
ization, shedding further light on the distinct characteristics of each identified class. By examining
the average values of pertinent variables within each class, we gain a deeper understanding of the
nuanced differences among them. Upon closer inspection, these average values reaffirm the distinctive
traits attributed to each class. For instance, the blue class continues to exemplify a state of relative
comfort amidst the pandemic, with consistently low averages across all variables. Conversely, the
green class signifies a phase of epidemic control, as evidenced by a notably higher average number of
new cases in comparison to new deaths, suggesting effective management measures. Moving forward,
the red class embodies a concerning scenario marked by a stark contrast between the average number
of new deaths and new cases, indicative of a potential healthcare crisis. Meanwhile, the purple class
portrays a proactive stance against the spread of COVID-19, characterized by a relatively high average
stringency index alongside low averages for other variables, signaling stringent preventive measures.
Lastly, the yellow class denotes a transitioning phase towards heightened concern, where the average
number of new deaths slightly surpasses that of new cases, coupled with a sustained adherence to
significant measures reflected in the stringency index. By looking into these nuanced averages, we
enrich our understanding of the diverse COVID-19 scenarios encapsulated within each class, thereby
facilitating more informed decision-making and targeted interventions.

In Figures 5 and 6, we present the results obtained by applying our proposed algorithm to the
COVID-19 dataset. Each box on the graphs corresponds to the stringency index of a specific country at a
particular point in time. The horizontal axis represents the timeline in months, spanning from February
2020 to April 2022. Meanwhile, the vertical axis displays the 15 countries included in the study. In the
context of studying the COVID-19 pandemic, "waves" refer to distinct and often recurring periods of
increased COVID-19 cases, hospitalizations, and/or deaths within a given region or population. These
waves characterize surges in the number of individuals testing positive for COVID-19 or experiencing
severe illness and may correspond to the rapid spread of new variants of the virus. The concept
of waves describes the fluctuating patterns of COVID-19 transmission over time. Typically, a wave
involves a significant increase in cases, reaches a peak, and then shows a decrease in cases. The
reasons for these waves vary and may include factors such as changes in public health measures
(e.g., lockdowns, mask mandates), the emergence of new variants, vaccination campaigns, and public
behavior. It is important to note that the terminology and criteria for defining COVID-19 waves vary
between regions and among researchers. Waves are often analyzed to understand the dynamics of
the pandemic, assess the effectiveness of public health interventions, and plan for healthcare system
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capacity. In summary, COVID-19 waves represent recurring surges in cases or outbreaks of the virus,
playing a key role in shaping the trajectory and impact of the pandemic.

New Cases per Million Inhabitants Stringency Index

0,607208003 0,703272355 4

0,103888386 0,702061955
0,089531215 0,635431887 4
0,04508259 0,515818199 1

0,024230718 0,378093749 1

3 3
Clusters Clusters

New Deaths per Million Inhabitants ICU patients per Million Inhabitants

0,421116854 0,54835999

0,144461883 0,306490271 4
0,137105239 0,221453661 4
0,046033493 0,088543627 4

0,039757988 0,074546574 4

3 3
Clusters Clusters

Figure 4. Comparative Analysis of COVID-19 Means by Class: Cases, Deaths, ICU Admissions, and
Stringency Index.

In our analysis of the COVID-19 pandemic, we focus in Figure 6 on identifying and observing
distinct waves of the virus within the data. To do this effectively, we focus our attention on specific
classes, namely the "Worrying situation," "Epidemic control situation," and "Panic situation." The
rationale behind this approach lies in the unique characteristics and severity of these classes. These
particular classes represent critical phases of the pandemic, where the impact of COVID-19 on a given
country or region is most pronounced. In the "Worrying situation” class, the population is deeply
affected, either due to a substantial number of new deaths in proportion to new cases or due to a
massive spread of the virus with effective control over the number of deaths. Similarly, the "Epidemic
control situation” class indicates a situation where there is a significant number of new cases but
relatively fewer deaths, signifying effective measures to mitigate the impact. The "Panic situation" class
reflects a scenario where there is a substantial number of deaths and patients in intensive care, often
exceeding the number of new cases. This situation results from the time delay between COVID-19
infection and mortality, highlighting the urgency of addressing the pandemic’s impact. By focusing on
these three classes over time, we trace the trajectory of the pandemic’s waves. These classes encapsulate
the periods when the COVID-19 situation is most critical and when waves, characterized by surges
in cases and their consequences, are most evident. Our approach enables us to discern and analyze
the dynamics of the pandemic with a sharper focus on these impactful phases, providing a clearer
perspective on the virus’s behavior and its response to various factors such as public health measures,
vaccination efforts, and emerging variants.


https://doi.org/10.20944/preprints202407.1165.v1

do0i:10.20944/preprints202407.1165.v1

4
AN
o
(Q\]
2
=)
=
Lo
i
xe
Q
@
(%]
o
a
(@)
=
u
>
w
o
ox
i,
I,
o
T
o
b4
=
()]
=
C
(2]
Z
=
o
()
o
=
s
s
=
=
o
D
=
o
o
a

14 of 22

N
N
S
Q
<

uoreinyis BuiAuiop . uonenyIs aAIUSASId . uonenyis slued . uonenyis [04)uod olwepidg . uonenyis Bumojwo) .

Syjuon
N N [\ - - - - - - - - - - o o o o o (<] o (<] o o
N § & N 4 N N N § & O § & & &8 8§ 8 & 8§ 9§ @& 9 &«
= 0 c 2} > - Q D = c > = - O c [3) > o O > c > = ™
S 9 @ © 0 Q2 o 3 3 5 ™8 29 & 9 g & 0 © o 3 5 5 &8 2 &
= L - 0 Z2 0 n €« " 5 = € 2 L » 0o Z2 0 n « 5 5 = « =

SaluNo09

Figure 5. Pandemic Progression Timeline: A Comparative View of Europe and the United States (Feb

2020 - Apr 2022).
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Figure 6. COVID-19 Pandemic Waves: Comparative Analysis Across Europe and the United States
(Feb 2020 - Apr 2022).

For the first wave, the countries divide into two groups: the yellow class and the red class,
representing respectively situations of concern and panic where the number of new deaths is high
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compared to the number of new cases. Additionally, only a small number of countries considered in
the study are deeply affected by this first wave, which lasts only about three months, from March 2020
to May 2020. Each of the countries that is part of this first wave stays there for up to two consecutive
months, except Belgium and Sweden, which stay there for three months. It appears that during this
wave, Switzerland and Luxembourg do not reach the extreme situation, the situation of panic. It is
noteworthy that Italy is the only country among the considered countries that is in the most critical
class from the start and remains there for two months without transitioning through a worrying class.
Moreover, despite their absence during the first three months of the COVID-19 wave, the United States
experiences a later first wave, during the months of July and August 2020 when all the European
countries considered are in a rest period between the first and the second wave.

In the second wave, the most common group is the red class, indicating the peak in terms of new
COVID-19 deaths since the beginning of this crisis. This represents the most critical situation as the
number of new deaths is very high and often exceeds the number of new cases. This period spans
approximately eight months from October 2020 to May 2021. During this wave, all the considered
countries are affected over more or less similar periods, particularly during the first four months. In
the United States, Spain, France, and Belgium, the second wave of COVID-19 begins with a number
of new cases that is not yet very high. Then, the majority of the countries in this study move directly
during November 2020 and December 2020 to a very large number of new deaths compared to new
cases, the panic situation. Cyprus is the country least affected by this wave.

For the third and last wave observed on this graph, we observe the emergence of a new cluster,
the green group, which is prevalent from January 2022 until March 2022 and indicates good control of
deaths due to COVID-19. During this wave, despite a very high number of new cases, the number
of deaths remains considerably low. This situation results from the impact of the vaccination against
COVID-19, which starts in January 2021, in addition to the possibility of acquisition of global immunity
around the world. Itis also possible that the variant of COVID-19 present at this time is less severe than
the previous forms. During this wave, all the considered countries are affected, and it is especially in
January 2022 that the number of new cases peaks in all countries. This period follows the end-of-year
celebrations, which could explain this observation. This last wave lasts about nine months, from
August 2021 to April 2022. Almost absent from the first and second waves of COVID-19 so far, Cyprus
now starts the third wave in July 2021. This wave spreads to Spain, France, and the United States
in August 2021. Five months later, in January 2022, this wave of COVID-19 encompasses all the
considered countries without exception. An interesting point to note is that France and Spain are at the
beginning of each wave and are therefore always among the first countries to feel the effect of a new
wave of COVID-19. Another surprising observation is that during this wave, despite the explosion in
the number of new cases, the measures taken are quite weak, and this does not affect the small number
of deaths.

As for the other periods, we notice that the first period of calm between the first and second
waves lasts about four months, from June 2020 to September 2020, while the second period of rest
between the second and third waves lasts about one to two months. This situation results from the
fact that during the first period of COVID-19, the measures taken concerning quarantine are quite
severe and, at a certain point, COVID-19 stops spreading as fast as before. In contrast, especially after
the vaccination and the control of the number of new deaths, there is a relaxation of the considered
measures.

3.2.2. Evolution of COVID-19 in France, Italy, Sweden, and the United States

Thanks to the results obtained, we can follow the transition of countries from one cluster to
another over time. From Figure 5 and Figure 6, we notice that France often starts the waves, Italy
is one of the first European countries to enter the worst COVID-19 situation, Sweden very rarely,
almost never takes severe measures according to the values seen in the boxes, and the United States
experiences a delay in its COVID-19 situation compared to Europe. For these reasons, we are interested
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in observing the evolution of the COVID-19 situations for these three European countries: France,
Italy, and Sweden, and comparing them with the United States” COVID-19 situation. We examine
these COVID-19 trajectories in Figure 7. The colors used represent the same clusters with the same
characteristics mentioned earlier in this paper. The curve drawn above each list of colored boxes
represents the wave of COVID-19 that the specific country is experiencing. It is drawn according to
the following benchmark: if the country passes through a comforting or preventive situation (blue or
purple), the curve takes the value 0; if the country is in a worrying situation (yellow), the curve takes
the value 0.5; for a passage through an epidemic control situation (green), the curve takes the value 1;
and for the panic situation (red), the curve takes the value 2.
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Figure 7. COVID-19 Class Transitions in France, Italy, Sweden, and the USA (Feb 2020 - Apr 2022).

In the United States, during the months of February and March 2020, the COVID-19 pandemic
does not start yet. In April 2020, the USA moves to the preventive class during which the government
establishes several measures and precautions even though the numbers of new cases and new deaths
are still very low. The United States remains in this class for three months until June 2020. In July 2020,
the health situation in the United States becomes critical and concerning with a significant number
of new deaths despite a small number of new cases. This situation remains stable for two months,
then the United States sees its number of new deaths and new cases become low but maintains fairly
significant measures in September 2020. In October 2020, the number of new deaths increases and
the USA returns to the critical class where the number of deaths is high compared to a low number
of new cases. In November 2020, the pandemic reaches the panic situation for the first time with a
very high number of new deaths compared to the number of new cases, which itself is quite large.
It remains there for four months in a row, therefore until February 2021. In March 2021, the number
of new cases decreases but the number of new deaths remains quite high compared to the number
of new cases until June 2021. In June 2021, the situation becomes less worrying as the United States
moves to the preventive cluster (purple) and to a situation where the undertaken measures remain
quite significant with a low number of new cases and new deaths. Then, in July 2021, the United
States moves to a comforting situation with even weaker measures. Just after July 2021, in August
2021, the United States returns to a worrying class and then remains for two months in the red group,
the panic class with a very high number of new deaths compared to the number of new cases. The
USA remains in the worrying class for two months then reaches a new peak of panic for two months
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and finally in April 2022, the USA witnesses an easing of the COVID-19 situation with its entry into a
preventive situation with a low number of new cases and new deaths while the stringency index is
high. Generally, for the United States, it is noted that the crisis only really begins in July 2020. It is
also noted that there are few blue and purple classes since the outbreak of this crisis, meaning that the
situations of rest between a wave and another wave are very short or that the situation has never been
calm enough until April 2022. The absence of a green class, which constitutes the control situation
class where the number of new deaths is limited according to the number of new cases, is also noted.

As for Sweden, during the first two months of February and March 2020, the epidemic does not
arrive yet. In April 2020, Sweden moves directly into the red class, the panic class, where the number
of new deaths exceeds the number of new cases. Sweden remains in this class for two months and
transitions to the yellow class in June 2020, representing a class that is still quite critical but where
the number of new cases has decreased. From July 2020, Sweden shifts to the purple group where
significant prevention measures are established, but the numbers of new cases and new deaths are
quite low. Sweden stays in this cluster for four months until November 2020 when it returns to the
yellow class with quite low new cases but a significant number of new deaths. Then, in December 2020
and January 2021, Sweden is in the red group, the panic class, until February 2021 when it moves to
the class where the panic is less intense with a smaller number of new cases. Sweden then moves to
the purple class, the preventive class, in March 2021, and to the yellow, the worrying class, in April
2021. In May 2021, Sweden is in the preventive situation. After that, there seems to be an eradication
of the epidemic in this country as Sweden mainly remains in the blue class until April 2022. Indeed,
the only class change from June 2021 occurs in January 2022, when Sweden makes a brief passage
through the green cluster which characterizes the control of the number of new deaths compared to
the number of new cases, which is quite high. Thus, even when there is a high level of contamination
and therefore a large number of new cases of COVID-19, Sweden manages the crisis and limits the
damages. What characterizes the evolution of the epidemic in Sweden is that this country quickly
limits the damages caused by COVID. From June 2021, the situation concerning COVID-19 is quite
calm and the undertaken measures are no longer severe. Even when the number of new cases in
January 2022 becomes very large, the number of new deaths remains quite low, indicating that the
epidemic is well under control.

Unlike Sweden and the United States, Italy sees the epidemic break out from the second month
considered, i.e., March 2020. Italy quickly moves to the red class, the panic class, with a very high
number of new deaths compared to the very high number of new cases. Italy remains in this situation
for the two months of March and April 2020. In May 2020, the precautions taken are significant, but
the numbers of new cases and new deaths weaken, and therefore Italy enters the preventive class and
stays there for about six months, until October 2020. In November 2020, Italy reverts to the red group,
the panic class, and stays there for three months: November 2020, December 2020, and January 2021.
In February 2021, Italy enters the worrying class, the yellow class, with a considerably high number of
new deaths compared to the new cases, which are still low. The situation worsens in March and April
2021, with Italy entering the panic situation with a higher number of new deaths than the number
of new cases, which is significant. In May 2021, Italy is in the yellow worrying class, i.e., the class
where the number of new deaths is high despite the number of new cases being low. Then, the number
of new deaths decreases in May 2021, allowing Italy to move in June 2021 to the purple preventive
situation where the stringency index is quite high, but the numbers of new cases and new deaths are
quite low. Italy stays in this group until December 2021 and then moves to the green class in January
2022 with the very low number of deaths compared to the number of new cases, which is very high. In
February and March 2022, Italy returns to the preventive situation where the undertaken measures
remain important while the number of new cases and new deaths are low. Finally, in April 2022, Italy
moves to the yellow class where the situation starts to be a little worrying again. The particularity of
Italy is that it quickly enters into a panic situation from the second month of the crisis: March 2020.
Additionally, the measures taken remain quite significant throughout the entire COVID-19 period
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until April 2022. Since the beginning of the crisis in Italy, there are no comforting situations (blue); the
calmest groups are the preventive situations (purple) with significant importance for the conditions
and measures taken. We conclude that even during periods of rest, the undertaken measures in Italy
remain quite rigid. We also notice that even after passing through a control class in January 2022 where
the number of new deaths is limited compared to the number of new cases that is very high, it appears
that the number of new deaths starts again to be considerably large compared to the number of new
cases in April 2022.

For France, as for Italy, the epidemic becomes visible from March 2020. However, in France, the
arrival in the panic situation is gradual as there is a passage through the worrying class in yellow in
March 2020. In April 2020, France enters a situation of panic with a very high number of new deaths
compared to the number of new cases. In May and June 2020, France controls the situation and is in
a preventive situation where the measures taken are significant but the numbers of new cases and
new deaths are quite low. In July, August, and September 2020, France remains in a calm, comforting
situation where even the measures are relaxed. In October 2020, France returns to the yellow cluster
where the number of new deaths is quite high compared to the number of new cases which remains
quite low. In November 2020, France reaches the panic situation and stays in this situation for six
months in a row until April 2021. The number of new cases then decreases, allowing France to switch
to the yellow class during May 2021 and then to the blue class in July 2021 with a comfortable situation
where even the measures are weakened. This peaceful situation does not last very long and in August
2021, France returns to the yellow class, a worrying class. However, the situation is quickly taken care
of, and France returns to the purple group of prevention with the presence of measures with quite low
numbers of new cases and new deaths. France stays in this purple group until November 2021 and
then moves into the worrying yellow cluster in December 2021 with a number of new deaths which is
considerably large compared to the number of new cases which is quite low. In January 2022, we see
the emergence of the green class which indicates a situation of control of the number of new deaths
compared to the number of new cases, so even if the number of new cases becomes very important,
the number of new deaths remains weak. In February and March 2022, France is in the worrying
yellow class but returns to a light blue comforting group in April 2022 where even the measures are
abandoned. The evolution of COVID-19 in France from February 2020 to April 2022 is characterized
by a long period in a situation of panic which extends from November 2020 until April 2021. During
this period, the number of new deaths is very high compared to the number of new cases. In addition,
we see that after each yellow period and therefore after each period where the number of new cases is
considerably low, France goes directly to a light blue class where the conditions and measures taken
are abandoned. We can then say that, unlike Italy which remains vigilant by constantly implementing
measures throughout the pandemic, France lifts the conditions as soon as the health situation seems to
improve.

By making a general comparison of the evolution of COVID-19 between the countries of Europe
and the United States, we see that over the last year considered, from April 2021 to April 2022, the
three European countries considered do not enter the panic situation (red) at all times. This red cluster
indicates the worst COVID-19 situation with more new deaths than new cases. For Italy and France,
even after entering the yellow class, a worrying class, these countries quickly master the COVID-19
situation. However, looking at the evolution of COVID-19 in the United States for the period from
April 2021 to April 2022, we notice that the USA remains in the most serious panic situation for
four months (September 2021, October 2021, January 2022, February 2022) and in general, after each
worrying situation (yellow), there is a transition to the panic group (red), which represents the most
serious case. Also, as noted earlier, the United States never enters the epidemic control situation that
indicates good control of the number of new deaths relative to the number of new cases. There also
appears to be a lag of about three to four months between the start of the COVID-19 pandemic in
Europe and the start of the crisis in the United States, which could partly explain the occurrence of
serious situations in the USA until April 2022, unlike in Europe.
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4. Conclusion

As highlighted by Gaber et al. (2010) [35], spatio-temporal data integrates spatial (geographic)
and temporal (time-based) information, offering a comprehensive approach to analyzing patterns and
trends over time and space. This combination enables more effective decision-making and planning
across various domains. Clustering methods, a fundamental aspect of machine learning and data
mining, are instrumental in revealing hidden structures within data, facilitating the identification of
patterns that may not be immediately evident at the individual data point level. These methods enable
the organization of large datasets into meaningful clusters based on inherent similarities [36].

In this paper, we introduce a novel clustering algorithm tailored for spatio-temporal data analysis.
Unlike traditional methods, our approach offers enhanced flexibility, adaptability, and interpretability
by integrating techniques for feature selection, dimensionality reduction, and algorithmic customiza-
tion. Additionally, our algorithm allows for the assignment of weights to both temporal and spatial
dimensions, enabling the prioritization of their importance in cluster formation, thus providing a more
nuanced analysis.

The immediate application of our algorithm to COVID-19 data underlines its relevance in pan-
demic contexts. Analyzing COVID-19 data from various countries provides valuable perspectives
on the progression of the pandemic, facilitating the identification of trends, patterns, and influential
factors. This understanding is critical for evaluating the effectiveness of implemented strategies and
informing future preparedness efforts for public health crises.

Understanding the evolution of COVID-19 in the European Union and the United States is of
paramount importance due to the significant impact of the pandemic on these regions. By analyzing
COVID-19 data from different countries within these regions, we can gain valuable understanding of
the effectiveness of various containment measures, vaccination campaigns, and healthcare systems’
responses. Comparing trends and patterns between the European Union and the United States allows
for the identification of successful strategies and best practices, fostering cross-border collaboration
and learning. Moreover, studying the evolution of the pandemic in these regions provides crucial
information for evaluating the global response to COVID-19 and informing future preparedness efforts
for similar public health crises. These findings reflect the complex interplay between public health
infrastructure, governmental policy, and demographic factors in shaping the pandemic’s trajectory
within each country. They highlight the importance of tailored public health strategies that consider
the unique characteristics and capabilities of each country to effectively manage future health crises.

Future work will focus on refining the algorithm to address challenges related to variable correla-
tion in clustering and streamlining implementation for scenarios with a large number of variables. Our
algorithm’s adaptability extends its applicability to challenges beyond COVID-19, including public
health, urban planning, and environmental monitoring.

In conclusion, our clustering algorithm represents a significant advancement in spatio-temporal
data analysis. Its flexibility and interpretability make it a powerful tool for uncovering hidden
structures and extracting practical information from complex datasets. By navigating the complexities
of spatio-temporal data, our algorithm contributes to informed decision-making processes essential for
addressing current and future societal challenges.
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