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Objectives

Our study aimed at 

presenting a data-driven approach for exploring the 
spatio-temporal patterns of the pandemic over a regional 
scale, i.e., Europe and a country scale, i.e., Denmark,

Exploring what geographical variables potentially 
contribute to expediting the spread of the pandemic so 
that they could be used for lockdown/re-opening planning.



Data

We used 
• Official regional infection rates (source: 

European Centre for Disease 
Prevention and Control) 

• Population Density, 
• Public places per capita e.g., Restaurants, 

Cafes, Fast Food Places, Pubs, Bars, Gas 
Stations, Schools, Medical Offices, Kinder 
gardens,

• Annual mean temperature, 
• Nitrogen dioxide, 
• Particulate matter < 2.5 µm (PM2.5), 
• Non-methane VOCs, 
• Particulate matter < 10 µm (PM10)



Methods-1 

• Historical development of the 
pandemic



Methods-2 

• we measured spatial 
autocorrelation to extract 
relevant indicators that could 
explain the dynamics of the 
pandemic. 



Methods-3 

• we measured space-time 
autocorrelation to extract 
relevant indicators that could 
explain the dynamics of the 
pandemic. 



Methods-4 

• In order to explore the potential correlation between the chosen underlying 
factors and the pandemic spread, we applied:

• statistical methods e.g., ordinary least squares (OLS), geographically weighted 
regression (GWR)

• machine learning methods.



Findings

• Our findings indicate that 
population density, public 
places such as cafes and 
bars, and pollution levels 
are the most influential 
explanatory variables.



Lessons learned

• Pollution levels can be explicitly used to monitor lockdown 
measures and infection rates. 

• Through identifying hot- and cold spots of infections, varying 
lockdown measures can be reinforced.

• The most influential driving forces could be used for prediction of 
upcoming infections. 

• Some soft factors could not be incorporated in our models since 
they are not measurable. 

• There is a need for fine scale data e.g., neighbourhood level as 
opposed to country/provincial/municipality level. 



Conclusions

• Geographical data, tools and methods can provide unique insights to 
understanding the evolution of the pandemic.

• Our choice of data and methods along with the achieved results can 
empower health authorities and decision makers with an interactive 
decision support tool, which can be useful for imposing 
geographically varying lockdowns/re-openings.

• As per future work, we suggest including further variables that 
reflect lockdown levels of individual regions over time. Such a 
variable could be made from quantification of adopted policies and 
pollution levels.
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Our data and approach is accessible at https://github.com/jimjoker/Covid-19_geographic_analysis 

Questions and comments shoud be directed to:

jja@plan.aau.dk

Tweeter: @jamaljokar 
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