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Highlights: 

- First ecological study to include socio-economical, environmental and demographic factors regarding to 

COVID-19 transmission in 96 countries 

- The number of air passenger is the main driver of the early exponential growth rate 

- Historical temperatures have a small significant inverse effect on transmission 

 

Abstract: 

SRAS-CoV-2 virus provoked a major pandemic. Some environmental parameters can influence the transmission 

of respiratory viruses, creating seasonal effects. Emerging viruses have a different behaviour since population 

immunity does not exist. Few studies looked at the determinants of the COVID-19 spread. This study investigates 

the link between historical socio-economic, environmental and health indicators and the transmission of COVID-

19 in 96 countries using Generalized Additive Models. Our results indicated that the exponential early growth rate 

calculated on a period of seven days since the 100th case in each country is significantly and positively associated 

with the number of air passengers carried (p<0.0001). This spread was also associated with historical winter 

temperatures (p=0.02), the Universal Health Coverage Index (p=0.006) from World health Organization, GDP per 

capita (p=0.03) and the prevalence of overweight (=0.004) and undernourishment (p=0.09). In the sensitivity 

analysis, these results remained similar for a period of 14 days and with a growth rate since the 50th case. In 

conclusion, environmental effects on COVID-19 early transmission in this ecological study seem to be small. 
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Main text: 

On December 31, 2019, World Health Organization (WHO) identified in Wuhan (China) an unknown 

pneumonia. This new coronavirus rapidly spread around the world and on the 11th of March, the WHO 

declared pandemic. Most of countries closed schools, imposed social distancing measures and lockdown 

to flatten the epidemic curve (Viner et al., 2020). Beyond the different lag of COVID-19 onset in each 

country, some regions seemed to be less affected by this epidemic, which may not be only explained by 

health policies. 

 

Respiratory viruses (pneumococcal infections, influenza) are often seasonal (Chew et al., 1998; Dowell 

et al., 2003; Visseaux et al., 2017). However, new emergent pathogens are less predictable. SRAS-CoV-

1 appeared in 2003 and disappeared after only two years whereas MERS-CoV had a seasonal occurrence 

(Nassar et al., 2018). In laboratory conditions, SRAS-CoV and MERS-CoV are less stable at high 

temperature (Chan et al., 2011; Lm et al., 2010; van Doremalen et al., 2013). Understanding climate, 

socioeconomic and migrations determinants is crucial to managing an epidemic.  

 

Some recent studies identified that population flow and air passenger volume modulate the SRAS-CoV-

2 outbreaks (Jia et al., 2020; Lau et al., 2020). Comorbidities were present in half of the confirmed cases 

and were also associated with the disease severity (Richardson et al., 2020; Team, 2020; Zhou et al., 

2020). Air pollution (PM2.5 and PM10 particles, nitrous oxide) was associated with COVID-19 

incidence in China (Zhu et al., 2020) and fatality in Italy (Ogen, 2020). Temperature and humidity were 

also associated with the daily confirmed cases rate in China (Liu et al., 2020; Qi et al., 2020; Shi et al., 

2020) and in Indonesia (Tosepu et al., 2020). Very few studies have analysed different risk factors in 

multiple countries. 

 

The aim of this study was to identify potential environmental, socio-economic and health historical 

determinants of COVID-19 spread in the world, characterized by the growth rates of SRAS-CoV-2 

through 96 countries. It is the first study to consider additional socio-economic factors which are 

potential confounding variables in the relation between environmental determinants and COVID-19 

early growth rate. 

 

Material and Methods 

COVID-19 early exponential growth rate 

Data on COVID-19 confirmed cases was retrieved from John Hopkins University Coronavirus Resource 

Center repository, as of April, 15 (CSSEGISandData, 2020). 

In an early epidemic, the evolution of the cases can be approximated by an exponential model described 

by N(t)=N0 ert  where N is the number of confirmed cases at time t 

r represents the intrinsic exponential growth rate. N0 is the number of cases at the initial time 

 

r is preferred rather than the number of confirmed cases to assess the early spreading of epidemic because 

it does not depend on the onset time of the epidemic in each country. 

The following adjusting factors were extracted for the most recent year available, from World Bank 

Open Data (WBOD) and World Health Organization (WHO) (“World Bank Open Data | Data,” n.d.) 

 

Environmental factors 

Temperatures from 2-degree gridded data to the country were annually averaged for January-March 

period from 1961 to 1999. 

Population-weighted PM2.5 air pollution was retrieved from WHO as a mean annual exposure during 

the 2015-2017 period. 

 

Socio-economic and air traffic factors 

These factors were retrieved from WBOD. Gross domestic product (GDP) per capita in 2017 and World 

Bank class income were used as an indicator for the economic development of countries. GDP is the 



sum of gross value added by all resident producers in the economy plus any product taxes and minus 

any subsidies not included in the value of the products. GDP per capita was missing for Venezuela. This 

missing value was imputed by a linear regression on the other health and populational indicators with 

simputation R package.  

Air transport, as the number of passengers carried in 2018, include both domestic and international 

flights registered in the country.   

 

Health factors 

UHC service coverage index from WHO was used to assess the health care system performance. This 

index varied from 0 to 100 and is computed as the geometric mean of 14 indicators of essential health 

services (maternal, newborn and child health, infectious diseases, noncommunicable diseases and 

service capacity and access) (“GHO | By theme,” n.d.). 

The proportion of old people (over 65 years old) in percentage and population density were retrieved 

from WBOD. Population density is midyear population divided by land area in square kilometers. The 

prevalence of overweight adult based on the body mass index in 2016 and the prevalence of 

undernourishment (population below minimum level of dietary energy consumption) were retrieved 

from WHO.    ln(Njour 7 / Njour 1 )/7 

 

Statistical analysis 

Univariate analysis was performed using the Spearman rank test. Multivariate analyses were based on 

GAM modelling. The relationship between the growth rate and socio-economic and environmental 

determinants is modelled using a penalized GLM Generalized Additive Model (GAM). This model 

handles the complex nonlinearity of environmental variables (Ravindra et al., 2019). 

The general equation of this model is: 

g(E[Y])= μ + f1 (X1) + f2 (X2) + … + fk (Xk) 

g() is a logarithm or identity function , f() are spline functions and μ is the intercept 

Only 96 countries with more than 100 cases are included in this study. Growth rate is empirically 

calculated on the period of seven days since the 100th confirmed case. 

r = 
ln(

𝑁(𝑡=𝑑𝑎𝑦7)

𝑁0(𝑡=𝑑𝑎𝑦1)
)

7
 

 Analysis of residuals for GAM models were plotted using the residuals function. Assumptions (gaussian 

assumption of residuals and constant variance) were checked with gam.check function in the mgcv R 

package. 

 

Model 1 includes significant covariates from the univariable step with the Spearman when p<0.20. 

Model 2 introduces further adjustments on demographic factors. 

Sensitivity analysis to test the robustness of the results was performed using a growth rate since the 50th 

case for a period of 7 days and using a growth rate since the 100th case for a period of 14 days. All 

analyses were performed using the mgcv package in R Studio statistical software (version 1.2.5001). 
The statistical tests were two-sided,  and p<0.05  was  considered statistically significant. 

 

Results 

 

Growth rate since the 100th case was significantly associated with annual winter temperatures (rho=-

0.37), air passengers (rho=0.54), GDP per capita (rho=0.38), UHC index (rho=0.42), obesity (rho=0.42), 

under-nutrition (rho=-0.68). Iran (r=0.40), Turkey (r=0.36), Korea (r=0.35), Canada (r=0.34) and 

Ecuador (r=0.33) had the highest growth rate whereas Trinidad and Tobago (r=0.01), Cambodia 

(r=0.02), Rwanda (r=0.02), Sri Lanka (r=0.03), Brunei (r=0.03) in figure 1. Mean and median growth 

rate are equal to r=0.15 (Table 1). 



 

 
 

 
 

In multivariate GAM models, the early growth rate of COVID-19 was significantly positively associated 

with the number of air passengers (p<0.0001), winter temperatures (p=0.02), GDP per capita (p=0.03), 

UHC Index (p=0.006), prevalence of overweight (p=0.004) and under nutrition (p=0.09) in model 1 

(Table 2). In figure 2, the economic determinants, the health coverage index, the prevalence of 

overweight and the temperature have a non-linear relationship. When the model was further adjusted 

with demographic factors in model 2, all of these previous determinants remain significant except for 

undernutrition (p=0.10). Population density and the proportion of population above 65 years old were 

not associated with the speed of COVID-19 early spread. 



 

 



 
 

In the sensitivity analysis, when the growth rate was calculated on a period of 14 days, air passengers, 

temperature, UHC Index and overweight effects remained significant. The results were similar for a 

growth rate calculated since the 50th case and a period of seven days. 

 

Discussion 

 

This study identified that the main drivers for the early COVID-19 epidemic growth rate was air traffic. 

Additional significant factors included the UHC index, prevalence of overweight and GDP per capita. 

The explained deviance (a pseudo-R2) in adjusted models increased to 52.9%. The number of air 

passengers was highly significant in each model and sensitivity analysis. More traffic is associated with 

a higher potential contacts rate, leading to a higher probability of transmission. Surprisingly, obesity 

effect was significant, it may be explained by a high correlation with high income countries which were 

more affected by the epidemic. The temperature effect is small.  

 

Another ecological study on 44 countries found similar results with an OLS regression (R²=34,5%) that 

the global transportation networks could be one of the main driver for the early transmission (Coelho et 

al., 2020). Four studies (Kassem, 2020; Liu et al., 2020; Notari, 2020; Shi et al., 2020) identified an 

inverse trend between temperature and the transmission of COVID-19 in China, in 24 and 42 countries. 

In the article of Notari, the linear regression had a very low R² of 0,196 showing that the temperature 

effect is small. 

 

In contrast, some studies found no link between meteorological factors and COVID-19 transmission in 

224 Chinese cities (Yao et al., 2020). To finish, a short review identified the level of evidence to be low 

regarding to the temperature and humidity effects on the spread of COVID-19 (Mecenas et al., 2020). 

These inconsistencies may be explained by the heterogeneity in the locations or countries included, the 

scale (cities, regions or countries), in the outcome used (confirmed cases, standardized incidence ratio, 

number of death or growth rate). 

 

The main pathways of SRAS-COV-2 transmission are direct contacts, indirect contacts, droplets and 

aerosol transmission is suspected (ref). Meteorological factors may have an impact on airborne 

transmission. Some animal studies tried to unravel the temperature and humidity factors. In guinea pigs, 

influenza transmission occurred more frequently at cold temperatures (Lowen et al., 2007). In lab 

conditions, SRAS-CoV-2 droplet on a surface was more stable at 4°C and sensitive to temperature (Chin 

et al., 2020). An Italian study identified a link between air pollution and a higher lethality for COVID-

19 but in our study, we did not find an impact on the transmission (Conticini et al., 2020) 

 

The strength of this analysis is the importance number of included countries. The significant 

determinants (mainly air traffic) are associated with a 50% of the variation on growth rate. Additionally, 



for the first time, historical socioeconomic, air traffic, environmental and demographic factors were 

added together in the models to study the early transmission of COVID-19. 

 

This study has several limitations. In an ecological analysis, relationships cannot be extended at the 

individual levels. Second, the spread of COVID-19 is assessed by the growth rate but this parameter 

also relies on the number of confirmed cases. Testing capacity can influence the number of identified 

cases but it is not possible to have accurate statistics for testing capacities for every country. Residual 

confusion cannot be excluded. Lockdown and social distancing measures were not included because the 

growth rate was calculated in the onset of epidemic in each country. This study does not cover all 

countries in the world because it is impossible to have complete global dataset. 

Lastly, the environmental factors are based on historical data. 

 

Conclusion 

In conclusion, environmental factors (temperature, precipitation, PM2.5 particles) have a small effect 

regarding to the number of air passengers carried to explain the differences in the early growth rates at 

the global scale. Air traffic may be a main driver of this pandemic. 
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