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Abstract. Currently, worldwide the COVID-19 virus has generated impacts on all human development 

activities. There is a worldwide effort by the research community to explore the impact of the pandemic 

based on available data. Many different disciplines are trying to find solutions and drive strategies for a wide 

variety of very different crucial problems, including artificial intelligence.  This study aims to cluster the 

various countries describing the course of the COVID-19 outbreak using hierarchical clustering. This paper 

presents a proposal of innovative development using visual programming to analyze the data acquired from 

John Hopkin University and the World Bank. The result shows a correlation between the number of 

physicians and the number of cases. Hierarchical clustering is performed a group of similar countries is 

obtained. This study will be of significant importance for showing the similarities and differences among 

countries in terms of cases.  
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1 Introduction 

Currently, worldwide the COVID-19 virus has generated impacts on all human development activities[1], [2]. 

There is a worldwide effort by the research community to explore the impact of the pandemic based on available 

data. Many different disciplines are trying to find solutions and drive strategies for a wide variety of very 

different crucial problems, including artificial intelligence. However, little attention has been paid to COVID -

19 infection time series analysis, making public health decision making unstable and inconsistent.  

This paper aims to develop a novel analysis resulting in countries' clustering concerning cases based on the 

John Hopkins dataset[3] and World Bank human development index dataset [4]. It allowed us to handle a new 

line of cluster analysis adapted to the request to compare the various COVID-19time series of different countries 

developed in the orange visual programming paradigm for data science[5].  

This work contributes to the development of artificial intelligence, the techniques used to analyze the data 

acquired from John Hopkins University allow the classification of units of analysis that are in groups or clusters 

not only recognizing quantitative but also qualitative variables, based on the hierarchical grouping of 



epidemiological data from different countries using visual programming that contributes to decision making. 

Additionally, This study will be of great importance for showing the differences among countries in the 

evolution of the epidemic. Proper use of these data will help decision makers to  take precautions regarding 

COVID-19. 

The results presented from the cluster could be useful for a variety of different policymakers, such as physicians, 

health sector managers, economic/financial experts, politicians and others.  

This paper continues as follows. It begins with a preliminary section where concepts of hierarchical clustering 

and visual programming are discussed to develop the content of this article. The section on material and methods 

is devoted to methodology and dataset used. Next, the results section is where analysis of the data using the 

orange data mining tool is shown. Finally, the paper ends with the sections of discussion and conclusions.  

 

2 Material and methods  

The study was conducted using Orange software with clustering methods included in the tool. .The difference 

of clusters is calculated using  Euclidian distance measure[13]  

Dataset used were the John Hopkins dataset[3] and World Bank human development index dataset [4]. The 

initial data used here are obtained from the specific site created by John Hopkins University on Github 

(https://raw.githubusercontent.com/CSSEGISandData/COVID-

19/master/csse_covid_19_data/csse_covid_19_time_series/time_series_covid19_confirmed_global.csv) 

through orange file component.  

 

 
Figure 1. Case of Covid reported as 4/04/21. 

 

Data is normalized to get active cases with respect to the total population per country. In the former, the spread 

of the pandemic is shown for each country throughout the whole period from 1/22/20 through 4/21/21 

The Human Development Index (HDI) dataset summarises achievement in key dimensions related to human 

development: a long and healthy life, being knowledgeable and having a proper living standard. The HDI is the 

geometric mean of normalized indices for each of three dimensions. The HDI simplifies and captures importat 

part of what human development entails[14].  Comparing this data with the World Bank's data allows us to 

relate the epidemiological data to data about particular countries.  

 

3 Preliminaries 

This section contains the main definitions necessary to develop the theory proposed in this 

paper. 

https://raw.githubusercontent.com/CSSEGISandData/COVID-19/master/csse_covid_19_data/csse_covid_19_time_series/time_series_covid19_confirmed_global.csv
https://raw.githubusercontent.com/CSSEGISandData/COVID-19/master/csse_covid_19_data/csse_covid_19_time_series/time_series_covid19_confirmed_global.csv


3.1 Hierarchical Cluster  

 The hierarchical clustering method starts by obtaining the initial cluster to form a new one or separating an 

existing one to give rise to two others to maximize a measure of similarity or minimize some distance. The 

starting point is as many groups as individuals in the study, and they are grouped until all the cases are in the 

same group[6] .   

In this case, the Euclidean distance measure and the hierarchical procedure will be used. This measure makes 

it possible to measure or evaluate the units used to be worked on[7].  
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Agglomerative or ascending and divisive or descending. Agglomerative algorithms, by using some criterion, 

group units of analysis at each step until a conglomerate that encompasses the totality is reached. Divisive 

algorithms start from the total set of elements considered a conglomerate. According to some criterion, divide 

the group into smaller groups, reaching the last stage of the procedure, to consider each element of the initial 

group as the simplest conglomerate with maximum homogeneity.  

Cluster Analysis is often referred to as Cluster Analysis; it is a multivariate statistical technique that seeks to 

group elements (or variables) to achieve the maximum homogeneity in each group and the most significant 

difference between groups. It is a multivariate statistical method of automatic data classification. Starting from 

a table of cases-variables, it tries to place the cases (individuals) in homogeneous groups, conglomerates or 

clusters, not known beforehand, but suggested by the data, so that individuals that can be considered similar are 

assigned to  same clusters. In contrast, dissimilar individuals are located in different clusters. Time series 

hierarchical clustering of Covid-19 Data[8] has received close litter attention; some work has included data 

analysis but lacks integration with external data sources [9], [10]. 

  

3.2 Visual Programming   

Orange is a component-based visual programming software package for data visualization, machine learning, 

data mining and data analytics [5]. Orange components are called widgets and range from data visualization, 

subset selection and preprocessing to empirical evaluation of learning algorithms and predictive modelling [11], 

[12]. 
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Figure 2. Visual Programming  

 

Visual programming is implemented through an interface in which workflows (Figure 1) are created by linking 

predefined or user-designed widgets, while advanced users can use Orange as a Python library for data 

manipulation and widget alteration. (software) -   

  

  

 
Figure 3. Line Plot component. Both data sources were merged to discard unnecessary information. 

 

As an example of the flexibility and capacity of the tool, Figure 2 shows the Line Plot component for analyzing 

the evolution of the country curve for different clusters. Orange scripting library is also a part of its visual 

programming platform with graphical user interface components for interactive data visualization giving more 

flexibility to the tool[5]. 

4 Results 

Pipeline development is shown in figure 3. At the start of the sequence, the two data sources are merged and 

remove from countries with unknown or zero population. The Feature Constructor widget is used to input a 



formula to compute new data columns. Cases per million as the new column's name is incorporated into the 

data.  

 

 
Figure 4. Pipeline  

 

 We related the epidemiological data to data about particular countries, for example, the number of physicians 

and cases per million.  

 

 
Figure 5. Number of physicians and cases per million. 

 

Visually a correlation arises on the number of cases by millions with the number of physicians.  

Clustering concerning active cases means that the elements of these clusters have similar time evolution of the 

active cases, which means that they have faced comparable stresses to the health system. For example, Ecuador, 

Suriname, Kyrgistan, Kasagastan and Mexico form a group(Figure 6).  



 
Figure 6. Dendrogram  

 

 

Time series data evolution of the selected countries in the group are shown bellow 

 
Figure 7. Time sere data of selected countries  

 

A cluster analysis was used for grouping countries in terms of cases numbers result of utility analyzing the 

evolution of pandemic; additionally, integration with HDI data allows for enhanced analysis.  

5    Conclusions 

Currently, worldwide the COVID-19 virus has generated impacts on all human development activities. There 

is a worldwide effort by the research community to explore the impact of the pandemic based on available data. 

In the present paper, a pipeline using visual programming is developed, resulting in consistent and reasonable 

clustering. The code was implemented in Orange Data Mining Tool. Python scripting library is used, giving 



more flexibility to the pipeline. The overall algorithm follows the concept of hierarchical clustering. 

Additionally, We related the epidemiological data to data about particular countries. This study will be of 

significant importance when showing the differences among countries in terms of epidemy evolution in time. 

Appropriate use of these data will help states take precautions regarding COVID-19. As future work new 

method for time series prediction based on deep learning will be introduced.   
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