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Abstract. Most of the research related to the COVID-19 pandemic deals with the biological and 

epidemiological factors which have driven the spread of the coronavirus around the globe. In 

this paper, we analyse how societal and economic variates relate to the number of cases and 

deaths across countries, via machine learning methods. Our findings recommend focusing our 

attention on  developing  countries  where  the  healthcare  system might suffer the most. 
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1.   Introduction 

Since the beginning of 2020, the novel coronavirus (SARS-CoV-2) has hit basically the whole 

globe and dramatically impacted our daily lives. The number of cases and deaths caused by the 

virus, associated comorbidities, and their socio-economic consequences have captured the 

attention of every country in the world, starting from the most developed, such as China, USA, 

and all European countries. 

Officially, the first case of the novel coronavirus was reported in China on 31 December 

2019. Since then it spread globally and it is still among us at the time of writing of this 

manuscript. The WHO publicly confirmed the coronavirus a Public Health Emergency of 

International Concern on 30 January 2020 and later on a pandemic on 11 March 2020 [25]. 

The attention of researchers has been focused on the biological and epidemiological factors 

governing COVID-19 transmission [8,21,6] with little investigation into relevant socio-

economic factors (but see [18]). We need to realize that these socio-economic factors can help 

better characterize the evolution of the pandemic [14,4], as the power of response to the 

pandemic with which each country can strike back against the virus is strongly related to the 

societal characteristics and to the economy of the country. The health measures put in place by 

each government in order to fight the pandemic, such as social distancing, quarantine, 
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lockdowns, etc. [5,19] might have different effects depending on the level of development of 

the country, its economy, and the type of society in which they are adopted. 

This work is dedicated to understanding how the relationship between the number of cases 

and deaths and the socio-economic characteristics of a country can provide a better 

understanding on the evolution of the disease in developing countries where the healthcare 

system is possibly less prepared to defend the population during the time of the COVID-19 

pandemic. Our findings support social distancing measures and travel restriction, and determine 

that efforts are needed to protect countries where the health-care system might not be ready to 

deal with the pandemic. 

The remaining part of the paper is organized as follows. In Section 2, we discuss the features 

of the data that we analysed (Table 1); in Section 3 we provide the details of our statistical 

analysis; Section 4 is dedicated to our results and discussion. Section 5 is dedicated to our 

models limitations and Section 6 is dedicated to the conclusions of our analysis.  

 

2.   Datasets 

In this section, we collect information about the variables included in our statistical data 

analysis and some of the features of our datasets. Please, refer to Table 1 for more information 

about the sources of the data analysed. 

We considered four different outcome variables for our analysis: 𝑌1= # cases, 𝑌2= # deaths, 

Ỹ1= # cases/total population and Ỹ2 = # deaths/total population. The total number of reported 

cases and deaths attributed to COVID-19 as of 2nd May 2020 were obtained from Our World 

In Data [15] to use as outcome variables of our models. 

Explanatory variables were obtained from publicly available databases [24,9,22,7,17] which 

included a total of 175 countries/regions, 59 of which had data for all 30 variables of interest. 

We analyzed two sets of explanatory variables: |X| = 30, namely including all all variables and 

|X| = 29, where the total population count (POP) was removed. The SE variables were chosen 

for our analyses based on their potential explanatory power and to facilitate comparisons with 

other published work [18]. As the years for which data were available varied by country/region, 

we chose to use the most recent data available, between 2010 and 2019. 

SE factors were divided into six categories according to 1) the capacity to deal with COVID-

19 cases (Healthcare Infrastructure), 2) statistics indicative of the health of the population 

(Health Statistics), 3) economic situation, tourism/mobility, and policy (Economic 

Health/Mobility), 4) societal characteristics related to the education, access to technology, 

government (Societal Characteristics), 5) basic demography related to age structure and spatial 

distribution of the population (Demographic Structure), and 6) pollution/ecological footprint 

(Environmental Health). Please, refer to Table 1 for more details. 

Although our complete dataset contained 175 countries/regions, missing values resulted in 

preliminary linear regression [12] models excluding 116 of those countries/regions. We 

imputed the missing values using MICE [23,1]. 
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Table 1. Data sources for socio-economic determinants. 

Variable Source Link 

Healthcare Infrastructure 

Physicians (/1000 people) World Bank Open Data https://data.worldbank.org 

Nurse and midwives (/1000 

people) 

World Bank Open Data https://data.worldbank.org 

Hospital beds (/1000 people) World Bank Open Data https://data.worldbank.org 

Essential health services (UHC) 

coverage index 

World Bank Open Data https://data.worldbank.org 

Health Statistics 

Birth rate (crude, /1000 people) World Bank Open Data https://data.worldbank.org/ 

Death rate (crude, /1000 people) World Bank Open Data https://data.worldbank.org/ 

Life expectancy at birth (years) World Bank Open Data https://data.worldbank.org/ 

Prevalence of diabetes between 

ages 20-79 (% population) 

World Bank Open Data https://data.worldbank.org/ 

Mortality from unsafe water, or 

sanitation, lack of hygiene 

combined (/100k people) 

World Bank Open Data https://data.worldbank.org/ 

Completeness of death registration 

with cause-of-death information 

(%) 

World Bank Open Data https://data.worldbank.org/ 

Economic Health 

GDP (per capita, PPP, $) World Bank Open Data https://data.worldbank.org/ 

Unemployment rate (most recent 

available, % labor force) 

International Monetary 

Fund 

https://www.imf.org/en/data 

Employment to population ratio 

for ages 15+ (modeled 

ILO estimate) 

World Bank Open Data https://data.worldbank.org/ 

Domestic general government 

health expenditure (per capita, 

PPP, $) 

World Bank Open Data https://data.worldbank.org/ 

Government lending/borrowing 

(% GDP) 

International Monetary 

Fund 

https://www.imf.org/en/data 

Income distribution (GINI index) World Bank Open Data https://data.worldbank.org/ 

Trade (% GDP) World Bank Open Data https://data.worldbank.org/ 
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Number of airline passengers (per 

year) 

World Bank Open Data https://data.worldbank.org/ 

Number of tourist arrivals (per 

year) 

World Bank Open Data https://data.worldbank.org/ 

Demographic Structure 

Population aged 65+ (% 

population) 

World Bank Open Data https://data.worldbank.org/ 

Population aged 0 − 14 (% 

population) 

World Bank Open Data https://data.worldbank.org/ 

Population (total) World Bank Open Data https://data.worldbank.org/ 

Rural population (% population) World Bank Open Data https://data.worldbank.org/ 

International migrant stock (% 

population) 

World Bank Open Data https://data.worldbank.org/ 

Population density (people per sq 

km) 

World Bank Open Data https://data.worldbank.org/ 

Environmental Health 

Ecological footprint (gha/person) Global Footprint 

Network 

http://data.footprintnetwork.o

rg/#/ 

Air pollution (avg P.M. 2.5 

exposure per year) 

State of Global Air https://www.stateofglobalair.

org/ engage 

Societal Characteristics 

Individuals using internet (% 

population) 

World Bank Open Data https://data.worldbank.org/ 

Education level: Human capital 

index (0 − 1) 

World Bank Open Data https://data.worldbank.org/ 

Avg number of persons per 

household 

United Nations https://population.un.org/ 

Household/index.html# 

/countries/840 

 

3.   Explainable Models and Variable Selection Methods 

We first analyzed the multivariate correlation of the explanatory variables through multivariate 

linear regression, whose results are reported below in Subsections 4.1 to 4.4. 

Then, in order to understand the relative importance of our input variables we model the 

relationship between our explanatory variables X and the four outcome variables using LASSO. 

LASSO is a variable selection method based on an algorithm which minimizes the least-square-

error of classical linear regression under a budget constraint on the 𝐿1-norm of the coefficients. 
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Given the sample of n = 175 countries, and outcome variables 𝑦𝑖 (one of our four outcome 

variables) each including p = 30 or p = 29 SE covariates 𝑥𝑖 = (𝑥1, . . . , 𝑥𝑝)
𝑇, then LASSO 

optimizes the following objective function: 

 
Here t is a budget parameter that determines the amount of regularization and the number of 

variables selected in the model. The reduced amount of variables provided by the LASSO with 

an appropriately small value of t outputs the socio-economic variable better associated with the 

number of reported cases and deaths due to COVID-19. 

We used R Studio Version 1.2.5042 libraries readxl, readr, gdata, mice, glment, caret for 

our statistical analysis. 

 

4.   Results and Discussion 

Our models with 59 countries (without imputation) were consistent with the results obtained 

from the 175-country imputed dataset. Below are the results of our multivariate analysis. 

4.1.   Demographic Structure.  

POP correlates negatively with 𝑌1 and 𝑌2, but becomes not significant for Ỹ1 and Ỹ2, possibly 

suggesting a sub-exponential growth of the number of infections [2]. Life expectancy 

correlates positively with Ỹ1 and Ỹ2, but interestingly % POP +65 correlates negatively. POP 

density correlates positively with 𝑌2  and weakly with 𝑌1 as we would expect, but interestingly 

average household size correlates negatively (weakly) with 𝑌1 , speculatively as an indication 

of family care. 

4.2.   Environmental Health.  

Level of pollution correlates weakly negatively with Ỹ2. This fact needs to be taken into 

account in compartmental models [13,3], especially as it is currently not understood if 

COVID-19 can be air-transmitted, or vector-borne. This result may indicate an influence of 

air transmissibility or air quality on COVID-19. 

4.3.   Economic Health/Mobility.  

The % of POP composed of immigrants and refugees correlates negatively with 𝑌2 . Although 

the possible reasons for this are unknown, it may indicate a greater strength or resilience of a 

population with greater genetic diversity. Regardless of the reason, these results strongly 

suggest that greater immigrant populations are not a drain on health resources related to 

COVID-19 and thus contrasts with “fear of immigrants” policies that may argue for long-term 

border closure policies. In contrast, the average number of tourist arrivals and airline 

passengers per year positively correlate with the number of COVID-19 cases and deaths and 

support short-term travel restrictions. Interestingly, in contrast with [18], GDP did not 

correlate with COVID-19 cases and deaths. 

4.4.   Healthcare Infrastructure and Statistics.  

Both 𝑌2  and Ỹ2 are impacted by SE factors related to social services (negatively correlated 

with number of available hospital beds). The number of deaths thus appears to be influenced 

by the availability of healthcare resources, confirming the importance of efforts to reduce 

healthcare overload and flattening the curve. This calls for particular care for developing 

countries [14], which can be hit heavily and can be a possible source of an uncontrolled 

second wave. Prevalence of diabetes correlates negatively with 𝑌2, when taking into 
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consideration all the variates, highlighting the possibility that COVID-19 has less impact in 

systems with existing infrastructure to provide access to care for chronic conditions. 

Singularly, diabetes is positively correlated with total cases and deaths, but negatively 

correlated with the number of beds and so its effect is possibly confounded by the inclusion of 

the other factors in our multivariate models. 

4.5.   Variable Selection.  

LASSO selected trade (% GDP), government health expenditure (per capita), and government 

lending/borrowing (% GDP) in the top 10 variables of all models. Prevalence of diabetes was 

important for all but 𝑌1 and the number of hospital beds was important for all but Ỹ1. 

Pollution, short-term mobility (airline passengers and tourist arrivals), death rate, and 

unemployment rate were important for both 𝑌1  and 𝑌2, but disappeared from the same models 

when divided by population (Ỹ1, Ỹ2). This apparent discrepancy with our linear regression 

models may be due to strong correlations between these two variables and POP, and LASSO 

not selecting highly correlated variables at the same time. In contrast, the number of 

physicians, life expectancy at birth, and immigrant/refugee population (% POP) were 

identified in the top 10 variables only when the total number of cases and deaths were divided 

by POP. 

Please find in Figure 1 above the LASSO-plot of the most important variables selected in 

the model with outcome variable 𝑌2 . Similar plots can be produced for the other models, by 

simple modifications of the R-codes (available upon request). 

 

 

 

Fig. 1. For the outcome variable 𝑌2,, LASSO selected the following variables: Domestic 

general government health expenditure (per capita), the number of Physicians (per 1000 

people), the prevalence of diabetes (%population), the government lending and borrowing 

(most recently available) and the life expectancy (at birth). 

 

5.   Limitations 

At the current stage, our study suffers from some limitations. First, our study is static and uses 

a snapshot of the situation at 2 May 2020, while one of the most important factors of infectious 

diseases is their evolution. Second, it has been shown that underreporting can influence the 

severity of the pandemic [13,8,11,16], and therefore correct estimates of underreporting might 
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modify the results of our models. Finally, our models do not implement an age structure as [10], 

and spatio-temporal dependencies in the Y’s as in [8]. 

 

6.   Conclusions 

Our study demonstrates the insights that can be provided by the inclusion of socio-economic 

factors into epidemiological models of the COVID-19 epidemic. Our results suggest the 

importance of focusing attention and efforts on developing countries where the healthcare 

system might not be equipped to deal with large numbers of COVID-19 cases before the 

availability of a vaccine. Further, environmental factors, such as pollution, need to be taken into 

account and may be a key focus of future epidemiological studies. Finally, our findings support 

social distancing measures and travel restrictions, but caution against long-term policy changes 

regarding immigration. 
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