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Abstract: - Clustering is an effective technique for unsupervised classification of data. K-means clustering is 
considered one of the most effective approaches for partitioning the data. In this study, k-means clustering was 
applied using squared Euclidean distance metric for identifying temporal patterns in the global data of infected 
and death cases of COVID-19. It was found that there was a significant shift in infected cases on 13, 20 and 27 
March 2020, the last being for decrease in cases. The increase points could be attributed to increase testing and 
surveillance and spread of viruses across borders. On the other hand, the decrease in infected cases could be 
attributed to the closure of schools, businesses, sporting events and travel activities. Death cases mostly follow 
the increasing trend shown by infected cases with an approximate lag of 7 days. However, a breakpoint with 
increase in death cases was observed on 4 April 2020 which could be attributed to falsified medicines and 
equipment. A reduction in death cases is observed recently with possible explanation being increased knowledge 
for treating the infected persons and managing the health care facilities. 
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1 Introduction 
Clustering is an unsupervised learning algorithm 
which is fed with features belonging to unclassified 
objects. The algorithm identifies the patterns and 
assigns the appropriate classes to features [1]. K-
means clustering is considered as the most efficient 
mechanism to sort large amounts of data without any 
need for priori-information [2]. In case of COVID-
19, researchers have reported sudden significant 
changes in rates of infections and deaths for specific 
countries [3]. In spite this fact, other researchers have 
developed time series models for COVID-19 data 
without considering these breakpoints in the dataset. 
This has resulted in models with low accuracy and/or 
increased complexity [4].  

Considering the above-mentioned gaps in the 
literature, this study aims to apply clustering analysis 
to identify the breakpoints in the COVID-19 
pandemic which have resulted in a shift in its trend. 
The clusters can be used to update the time series 
models, developed thus far, and help to visualize the 
effects of different measures which have been taken 
globally to handle COVID-19. Following objectives 
have been set to meet the goal of this study.  

 To develop clusters to for daily infected 
and death cases of COVID-19 globally 

 To identify the temporal breakpoints for 
each cluster 

 Link the breakpoints with the incidents 
related to COVID-19 around the world 

2. Dataset 
COVID-19 data was collected for all countries of the 
world, for periods ranging from 31 December 2019 
to 26 May 2020. The data was collected from 
European Centre for Disease Prevention and Control 
(https://www.ecdc.europa.eu). This center provides 
data for infected and death cases for each day in all 
countries of the world. Figure 1 presents the data 
collected from their website. The figure shows that 
the data shows varying trends in specific time 
periods. For example, the initial period is relatively 
straight then there is a steep upward gradient, and 
some seasonal patterns could be observed towards 
the end. This further justifies the need for identifying 
these temporal breakpoints in data with the 
application of clustering analysis. This would be the 
first time that global COVID-19 data has been 
subjected to such analysis. Other researchers have 
focused on modeling data from specific countries. 
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Fig.1. Available dataset 
 

3. Clustering Method 
There are two types of clustering algorithms which 
can be utilized for unsupervised learning of data, 
namely, hierarchical and partitioning. K-means 
clustering is one of the partitioning methods [5]. In 
this method, feature space is divided into classes 
maximizing the distance between their centroids, 
where ‘k’ refers to the number of classes or clusters 
[6]. The algorithm starts with a set of random initial 
centroids and data points are assigned to the nearest 
centroid. Centroids are, then, recomputed as the 
arithmetic mean of points assigned to that cluster [7]. 
The squared Euclidean distance was used as the 
metric for developing the clusters and defining their 
accuracy, which can also be referred to as Mean 
Square Error (MSE) [8].  

There were 148 samples available in the dataset, 
out of which 103 were randomly selected for 
developing the clusters while remaining were kept 
for testing the accuracy of the clusters. The optimum 
number of clusters were found by observing the 
reduction in the average squared Euclidean distance, 
starting with the simplest case of 2 clusters. If adding 
an extra cluster did not reduce the distance metric 
significantly then the algorithm was stopped there. 
Analysis of Variance (ANOVA) was also performed 
on the training and test samples to investigate if the 
clusters had a significant impact on the distribution 
of data [9]. Each cluster can be considered as a 
separate distribution or dataset for modeling. 

 

4 Results 

 
4.1 Clustering for infected cases 
It was found that four clusters were optimum for 
dividing the temporal series of infected cases. The 
change in the squared Euclidean distance metric with 
respect to number of clusters is given in figure 2. It 
can be observed that there is no significant change in 

the distance metric when the number of clusters is 
increased from four to five.  

 

Fig. 2. Determining optimum number of cluster for 
infected cases 

 
The statistics of clusters for infected cases are 

given in table 1. The clusters are arranged in 
ascending order, hence, cluster 1 has the lowest mean 
and cluster 4 has the highest mean for infected cases. 
The accuracy of the proposed clusters in terms of 
average Euclidean distance for training cases (103) 
was 0.004, while that for test cases (45) was 0.005. 

 

Table 1. Cluster statistics for infected cases 

Parameter Clust

er 1 

Clust

er 2 

Clust

er 3 

Clust

er 4 

Minimum 0 57810 9021 24297 

Maximum 7535 10790
9 

20722 52224 

Mean 1553 81487 14362 36259 

Standard 

deviation 

1588 11602 4081 8719 

 
Table 2 shows the parameters of ANOVA test 

performed on the training and test cases with the 
proposed clusters. The f-statistic was found to be 
significant for both datasets, so it could be concluded 
that the proposed classification of clusters has a 
significant impact on the distribution of data for 
training as well as test data.  

Table 2. ANOVA for clusters of infected cases 
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Parameter Trainin

g 

Test 

Sum of squares between 

clusters 

2E+13 1E+1
1 

Degrees of freedom 3 3 

Sum of squares within 

clusters 

6E+09 2E+0
9 

Degrees of freedom 99 41 

F 84213 472 

p value 0.00 0.00 

 
Figure 3 shows the temporal occurrence of each 

cluster with the breakpoints. It should be noted that 
there were few outliers between each break point 
which were ignored, and the general trend of the data 
is plotted. The first breakpoint occurs on 12 March 
2020, after which the infected cases increase 
significantly and the points from cluster 3 started to 
occur. The trend goes to further growth on 20th 
March 2020 where points from cluster 4 appear. 
There is a sharp decline observed on 27 March 2020 
which resulted in points from cluster 2 which 
continues till 26 May 2020. 

 

Fig. 3. Infected cases’ cluster temporal trend 

 
4.2 Clustering for Death Cases 

 

Similar to infected cases, four clusters were also 
found optimum for dividing the temporal series of 
death cases. The change in the squared Euclidean 
distance metric with respect to number of clusters is 
given in figure 4. Although, there is a change in the 
distance metric when the number of clusters are 
increased from four to five, but the number of points 
in the fifth cluster were less than 5% of the total 
dataset. Therefore, four clusters were considered 
optimum for meaningful evaluation of data. 

 

Fig. 4. Determining optimum number of cluster for 
death cases 

 
The statistics of clusters for death cases are given 

in table 3. Cluster 1 has the lowest mean and standard 
deviation while cluster 4 has the highest of these 
values. The accuracy of the proposed clusters in 
terms of average Euclidean distance for training 
cases (103) was 0.004, while that for test cases (45) 
was 0.008. 

 

Table 3. Cluster statistics for death cases 

Parameter Cluste

r 1 

Cluste

r 2 

Cluste

r 3 

Clus

ter 4 

Minimum 0 800 2750 5036 

Maximum 746 2573 4956 1052
0 

Mean 91 1596 3984 6326 

Standard 

deviation 
133 605 701 1234 

 
ANOVA test was performed on the training and 

test datasets, with the proposed clusters, is shown in 
table 4. The f-statistic was found to be significant for 
both datasets, so it could be concluded that the 

Mean=1553 

Mean=81487 

Mean=14362 

Mean=36259 
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proposed classification of clusters were able to 
classify the datasets with significant variability.  

 

Table 4. ANOVA for death cases 

Parameter Training Test 

Sum of 

squares 

between 

clusters 

9E+10 468184454 

Degrees of 

freedom 
2 2 

Sum of 

squares 

within 

clusters 

39136725 39219753 

Degrees of 

freedom 
100 42 

F 81105 163 

p value 0.00 0.00 

 
The temporal distribution of these clusters (in 

figure 5) shows that the breakpoints occur that 18 and 
27 March and 4 April 2020, with a rise in the number 
of death cases. However, there is a decrease in the 
trend on May 17 which has continued till now. Unlike 
infected cases, death cases have a shown a more 
gradual change in trends on the breakpoints.  

 

 

Fig. 5. Death cases’ cluster temporal trend 
 

5. Discussion 
Comparison of figures 3 and 5 shows that breakpoints 
for increase in death cases generally follow those for 
infected cases with an approximate gap of 7-10 days. 
This is understandable since a portion of infected 
people are in the death cases, so drop or increase in 
the former will result in the same trend for the later 
with some lag. There is a decrease in the trend of 
infected cases since April 2020 which has also 
contributed towards the decrease in death cases in 
May 2020. This has been predicted by some 
researchers for specific countries, such as Italy, 
which is amongst the most infected countries [10] 
(Ding et al., 2020). However, these predictions were 
made based upon a time series models which do not 
incorporate the factors which could affect the change 
in trend. 

The World Health Organization (WHO) has been 
publishing daily situational reports for COVID-19 
data since January 2020. In addition to that, reports 
have also been published by ECDC on a periodic 
basis. These are the most authentic sources of 
information from a global perspective. Hence, these 
reports were consulted to investigate the events 
around the breakpoints found in this study. The 
details are provided in table 5. 

Table 5 shows that the initial increases in the 
infected cases could be due to the increased 
surveillance for the disease including development 
and rigorous application of tests. It could also be due 
to the spread of virus in other parts of the world 
including Europe and the USA which resulted in a 
shortage of healthcare facilities. Alternatively, the 
reduction in the trend of infected cases can be 
attributed to greater efforts and investment in the 
combat of disease through lockdowns, work-from-
home and provision of better facilities and funding. 
Apart from being a response to the infected cases, the 
increase in death cases could be attributed to the 
arrival of falsified medications and equipment. On 
the other hand, the decrease in death cases could be 
attributed to better management of health facilities 
and infected people which was a result of continuous 
research efforts. 

 
6. Conclusions 
This study was focused on determining the important 
temporal clusters for COVID-19 worldwide 
representing significant increase/decrease of infected 
and death cases. An unsupervised learning approach 
of cluster analysis was applied using K-means 
algorithm with squared Euclidean distance metric. 

It was found that infected and death cases’ data 
can be divided in to four distinguishable clusters. The 
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temporal arrangement of these clusters showed a 
decrease in trend for infected cases since April 2020 
and that for death cases since 17 May 2020. The 
increase in infected cases changed significantly on 13 
and 20 March 2020 while a significant decrease 
started to appear since 27 March 2020. The possible 
reasons for increase could be increased surveillance 
and testing, and spread of virus to multiple countries 
before travel restrictions were in place. The decrease 
could be attributed to severe restrictions on work 
place, education and travel activities and more 
funding provided, for combating COVID-19, through 
United Nations and other international agencies. 
Trend in death cases has mostly followed that for 
infected cases in terms of increase. However, the 
breakpoint for increase in death cases from 4 April 
2020 could be attributed to the floating of falsified 
medicines and equipment. A decrease in death cases 
have started to appear since 17 May 2020 which 
could be attributed to the development of better 
guidelines for handling of virus, infected patients and 
health care facilities. 

The findings of this study could be beneficial for 
other researchers as they could study the trend of 
COVID-19 within each cluster to get more insights. 
It is recommended to analyze and model the clusters 
as separate distributions for avoiding over or 
underestimation in specific periods. 

 

Table 5. Temporal Breakpoints and their possible 

reasons 

Date of 

breakpoi

nt 

Change 

in trend 

Possible 

events 

Source

s 

13 March 
2020 

Significa
nt 
increase 
in 
infected 
cases 

 Spread 
COVID-19 
became 
more 
prominent 
outside 
China with 
an increase 
of 13 times 
in the first 
two weeks 
of March 

 Higher 
coordinatio
n at the 
internation
al level for 
surveillanc
e of 
COVID-19 

 Several 
countries in 
EU/EEA 
and UK 
reported 
being on 
high risk of 
exceeding 
the 
capacity of 
their health 
care system 

[10, 
[11] 

20 March 
2020 

Increase 
in 
infected 
cases 

 A new 
protocol, to 
investigate 
the extent 
of COVID-
19 
infection in 
the 
population, 
has been 
developed 

[12] 

27 March 
2020 

Significa
nt 
Decrease 
in 

 The United 
Nations 
launched a 
US$2 
billion 

[13], 
[14] 
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infected 
cases  

COVID-19 
Global 
Humanitari
an 
Response 
Plan to 
support the 
world’s 
most 
vulnerable 
countries 

 Many 
countries 
closed 
down 
schools and 
businesses 
and major 
sports 
events 

 Severe 
restrictions 
on 
gathering 
of people 
and travel 
across 
borders  

18 March 
2020 

Increase 
in death 
cases 

 In response 
to increase 
in infected 
cases 

N/A 

27 March 
2020 

Increase 
in death 
cases 

 In response 
to increase 
in infected 
cases 

N/A 

4 April 
2020 

Increase 
in death 
cases 

 WHO 
reported 
use of in 
vitro 
falsified 
equipment 
and 
medicines 
for 
detection 
and 
treatment 
of COVID-
19 

 With 
spread of 
virus 
increasing 

[15], 
[16] 

in 
developing 
countries; 
there was a 
greater 
need for 
medical 
equipment, 
testing kits, 
personal 
protective 
equipment 
for health 
workers 
and 
enhancing 
health 
systems 
capacities 

17 May 
2020 

Decrease 
in death 
cases 

 In response 
to decrease 
in infected 
cases 

 More clear 
guidelines 
were 
available 
for 
disinfection 
and 
protection 
against 
COVID-19 

[17], 
[18] 
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