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Abstract: 

 

Purpose: The objective of this paper is to identify the key economic factors determining the 

intensity of COVID virus infections and deaths in various countries.  

Design/Methodology/Approach: The publication uses the methods of k-means clustering, k-

nearest neighbors algorithm, DBSCan algorithm to divide countries into different groups in 

terms of the level of disease and death from COVID. The decision tree analysis provided 

potential determinants for the severity of the pandemic in different regions of the world. We 

analyzed 211 countries. As potential determinants, we examined the following factors: 

average temperature, average precipitation, GDP per capita, population density (in 2018), 

hospital beds per 1.000 citizens, doctors per 1.000 citizens, share of people aged 65 years or 

above, pollution (based on the PM2.5 indicator from The World Bank), total tests per 1.000 

citizens and health expenditure as a percentage of GDP.  

Findings: Our analysis revealed that the COVID pandemic intensity in analyzed countries 

depends on the number of doctors, population density, average temperature, total tests per 

1.000 citizens, and GDP per capita by using data from the World Bank.  

Practical Implications: Research suggests that the efficient healthcare system supports 

immunological response of population to the COVID virus. Another critical factor is the 

density of population. These two factors proved to play a critical role in determining the 

level of the COVID cases in deaths in various countries. Nevertheless, countries with the 

lowest GDP per capita had very low levels of COVID cases, which suggests that either they 

do not recognize COVID patients correctly or they will experience the pandemic with time 

delay.  

Originality/value: Economic factors proved to be good predictors of the COVID virus 

development in the analyzed countries, however, contrary to expectations, countries with low 

GDP per capita so far suffered the least from the COVID virus pandemic. 
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1.  Introduction 

 

The research aimed to investigate the extent to which the severity of COVID-19 

depends on the state of the healthcare system and GDP per capita in individual 

countries. To verify the above hypothesis, various measures of the healthcare system 

and national wealth were used, together with a number of tests in respective 

countries. The research also considered weather differences that could affect the 

time at which the residents of different countries remained outside their household.  

  

2. Literature review 

 

Previous studies claimed that the incidence and number of COVID depend not only 

on a given person's immune factors but also on economic factors. Qui et al. (2020) 

suggest that the government’s response has a proactive reduction effect on the 

COVID incidence rates. Lebni et al. (2020) mention the importance of the 

government's financial support that may keep people stay at home and not go to 

crowded places. One example is paid sick leave to keep contagious workers at home 

(Barmby and Larguem, 2009; Pichler and Ziebarth 2017). Political decisions and 

economic stabilization are mentioned by  Zhang et al. (2019), Adda (2016), 

Sukharev (2020), Jain and Singh (2020). Apart from such factors as age, gender, 

coexistence, ethnicity, and obesity, Goutte et al. (2020) also lists population density, 

unemployment and poverty rates, a lack of formal education, and housing situation.  

 

Sarmadi et al. (2020) supplement this list with the prevailing climate (warm 

temperature) and GDP per capita. Reduction of infection rate with an increase in the 

maximum temperature was found by Behnood et al. (2020).  

 

Singu et al. (2020),  Hawkins et al. (2020), and Varkey et al. (2020) suggest the 

influence of systemic social inequalities and differences in socioeconomic status 

(SES). High incidence of deaths from the COVID virus among individuals with 

income below median are described by Seligman et al. (2021). Seligman et al.  also 

found high incidence of deaths among individuals of non-white ethnicity, less than 

high school level of education, and veterans. Baumer et al. (2020) add poor living 

conditions and neighborhood deprivation because they inflict psychosocial stress of 

individuals and cause immune system disfunction. 

 

According to Milusheva (2020), limiting travel from places with high incidence is 

essential. The theory of the impact of travel and per capita income on COVID and 

the mean age of mortality is also suggested by Gangemi et al. (2020). Gangemi even 

measures the number of trips per capita as an essential determinant of periodic 

COVID. 

 

In turn, Bhuiyan et al. (2020) point to the deaths resulting from isolation and mental 

problems related to the pandemic as indirectly but unambiguously caused by the 

COVID-19 pandemic. 
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3. Methodology  

 

The research employed data from the World Bank regarding income, quality of 

health care, and the average temperature in the studied period (i.e., October 2020). 

To determine the severity of the situation in different countries, we used two figures 

- the number of illness cases per 100,000 inhabitants and the number of deaths from 

COVID per 100 inhabitants. These data are derived from the WHO (World Health 

Organization) database. Countries were grouped into clusters using three algorithms 

- k-means, hierarchy, and the DBScan algorithm. Based on the number of cases and 

deaths, these algorithms grouped 211 countries in the world into 4 clusters (such a 

number of clusters minimized the variance within the clusters). To assign an 

interpretation to the obtained results, we built a decision tree for each of the obtained 

clusters based on the Gini criterion. The algorithm automatically selected the most 

favorable split criterion (Gini coefficient). The depth of the decision trees was 

limited to four levels, as the aim was to distinguish the key factors allowing for 

assigning countries to different clusters. 

 

4. Research Results and Discussion 

 

Figure 1 shows the concentration of different countries in terms of solely the number 

of COVID cases and deaths in October 2020. We assumed that in October 2020, the 

pandemic had already spread globally, and medical services had already gained the 

ability to identify the affected people. Figure 1 suggests that there are several levels 

of severity of the COVID pandemic in various countries. To define the exact number 

of clusters, we analyzed the decrease in variance in the clusters, which determined 

the selection of four clusters. 

 

As it can be seen in the presented maps (Figures 2, 3, and 4), regardless of the 

selected clustering algorithm, the lowest level of cases and deaths in October 2020 

occurred in China, Canada, most of Africa, South Asia, and Australia (class 0). The 

group of countries with a relatively good situation included the countries of Russia 

and South America (class 2). The third group with a somewhat challenging situation 

included Germany, Iceland, Ireland, Kuwait, United Arab Emirates, Azerbaijan, 

Cyprus, Denmark, Latvia, San Marino (class 3). Finally, the greatest severity of the 

virus was observed in the remaining European countries and the United States (class 

1).  

 

However, clustering does not answer the question regarding the factors that 

determined the varying scale of COVID cases between countries, at least in October. 

Assuming that the incidence is not declining as a third wave of the virus is expected, 

we trained decision trees to find the main determinants of differentiation between 

countries. 
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Figure 1. The number of cases (x-axis) per 100.000 citizens and the number of 

deaths per 100.000 citizens in October 2020 

 
Source: Own study. 

 

Figure 2. K-means clustering based on the number of deaths and cases per 100.000 

citizens, October 2020 

 
Source: Own study. 
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Figure 3. Ward's hierarchical clustering based on the number of deaths and cases 

per 100,000 citizens, October 2020 

 
Source: Own study. 

 

Figure 4. Density-Based Spatial Clustering of Applications with Noise (epsilon = 

0.55, min samples = 3) of countries based on the number of cases and deaths in 

October 2020 

 
Source: Own study. 
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The results of DT algorithm are shown graphically in Figures 5, 6, and 7. As 

demonstrated in the constructed trees, the essential criterion determining the 

allocation to a given cluster was usually the number of tests performed, and doctors 

per 1,000 citizens. These two features were closely followed by population density. 

An additional criterion of the division was the number of beds per capita (it lowered 

the number of cases), the average temperature (cold weather reduced the number of 

disease cases). Countries with a very low GDP per capita (below USD 5,000) 

observed fewer COVID cases than the remaining nations (and it also shows that 

countries with very high GDP per capital have more cases than other countries (Qiu 

et al., 2020). The age above 65 years is not visible in the presented figures, but it 

was significant for the trees of depths with 5 levels or more.  

 

Figures 5-7 show that the most interesting cluster seemed to include Germany, 

Denmark, Iceland and the United Arab Emirates. Countries in this group were 

characterized by a high per capita income, an excellent condition of medical 

services, a high population density, and many tests performed for the COVID virus. 

Despite the very high number of tests per 100,000 inhabitants, countries in this 

group had a much lower number of cases than in other European countries. The 

number of deaths per 100,000 inhabitants was also lower. 

 

Figure 5. Decision tree depicting determinants of classifying observations into 

clusters created with the K-means algorithm 

 
Source: Own study. 
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Figure 6. Decision tree depicting the determinants for classifying observations into 

clusters created with the hierarchization algorithm 

 
Source: Own study. 

 

Figure 7. Decision tree depicting the determinants for classifying observations into 

clusters created with the DBScan algorithm 

 
Source: Own study. 

 

5. Summary and Concluding Comments  

 

The analysis of COVID incidence must take into account considerable differences in 

the level of available tests. Therefore, the outcomes of our research should be treated 

with great caution as preliminary results. Nevertheless, we have seen a confirmation 
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of the hypothesis that the countries' economic situation had an impact on the course 

of the COVID pandemic. Those with a large number of doctors per 1,000 inhabitants 

and a large number of hospital beds were facing a completely different situation than 

countries with a low number of doctors and beds. The differences are evident in the 

number of deaths. Countries with poor medical conditions have worse rates of 

disease to deaths compared to those with a more favorable healthcare setting. 

 

On the other hand, at least over the period considered, the most impoverished 

countries had the fewest cases per 100,000 inhabitants and the lowest deaths. It is 

difficult to say whether this is due to the delay with which the virus would reach 

these countries, the lack of medical care, or other reasons presently unknown – one 

of the potential causes might be population density. The worst situation in the 

analyzed period was in Europe and in the USA, which can be attributed (in Europe) 

to a high population density, increased mobility of the population, and tests, which 

are the primary diagnostic method. Therefore, although the number of beds and 

doctors reduces the mortality in disease, a high GDP per capita is positively related 

to both the number of deaths and COVID cases.  

 

The obtained results suggest several possible determinants of the intensity of the 

COVID pandemic. It does not seem that temperature directly influences the level of 

illness and death, but rather, we should suspect the activity of people outside their 

household and the time spent in public space, especially as a positive relationship 

between population density and the intensity of the pandemic is confirmed. Thus, 

the lockdown, despite its inconvenience and negative impact on the GDP, should 

reduce the incidence rate. The number of doctors per 1,000 inhabitants is of great 

importance, which confirms the significant of isolating sick people and appropriate 

treatment. The level of GDP had little impact on the severity of the pandemic, but 

very low-income countries has few cases and deaths - it is difficult to determine 

whether this was due to a low mobility or the lack of an adequate number of tests 

and doctors to diagnose patients. On the other hand, the spending of the GDP on 

medical care in a given country is irrelevant, which may result from different 

purchasing power parity and effectiveness of using funds (and equal access to 

medical care). Similarly, the level of air pollution turned out to be negligible. 

 

Summarizing the obtained results, analyzing the maps shown in the publication it 

can be concluded that countries with a similar geographical location had a similar 

pandemic situation but with a significant impact on the quality of health care and the 

number of tests performed. This proves the considerable influence of economic and 

social factors (medical care), which have considerable power on the course of the 

pandemic. 

 

It is worth paying attention to the limitations of the conducted research. Due to the 

use of temperature in the study, the study covered data only for one month of 

October 2020. In the future, the analysis will be extended to the remaining months 

of the year to check whether the season, rainfall, and temperature could have had a 
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significant impact on the pandemic (due to the amount of time spent outside the 

household). However, it is worth emphasizing that the most critical determinants 

were the number of tests and the quality of the healthcare system, while climatic 

factors were of secondary importance. 
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Appendix: Confusion matrices for decision trees trained in the publication 
 

Figure 8. Confusion matrix for the decision tree estimated for classification with the K-

means algorithm, the training sample 

 
Figure 9. Confusion matrix for the decision tree estimated for classification with the K-

means  algorithm, validation  sample 
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Figure 10. Confusion matrix for the decision tree estimated for classification with the 

hierarchization algorithm, the training  sample 

 

 
Figure 11. Confusion matrix for the decision tree estimated for classification with the 

hierarchization algorithm, validation  sample 

 
Figure 12. Confusion matrix for the decision tree estimated for classification with the 

DBScan algorithm, the training sample 

 
 

 
 

Figure 13. Confusion matrix for the decision tree estimated for  classification with the 

DBScan algorithm, validation  sample 

 

    
 


