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Abstract
Background: The role of demographic and socio-economic 
determinants of COVID-19 transmission is still unclear and is 
expected to vary in different contexts and epidemic periods. 
Exploring such determinants may generate a hypothesis 
about transmission and aid the definition of prevention 
strategies. Objectives: To identify municipality-level demo-
graphic and socio-economic determinants of COVID-19 in 
Portugal. Methods: We assessed determinants of COVID-19 
daily cases at 4 moments of the first COVID-19 epidemic 
wave in Portugal, related with lockdown and post-lockdown 
measures. We selected 60 potential determinants from 5 di-
mensions: population and settlement, disease, economy, so-
cial context, and mobility. We conducted a multiple linear 
regression (MLR) stepwise analysis (p < 0.05) and an artificial 
neural network (ANN) analysis with the variables to identify 

predictors of the number of daily cases. Results: For MLR, 
some of the identified variables were: resident population 
and population density, exports, overnight stays in touristic 
facilities, the location quotient of employment in accommo-
dation, catering and similar activities, education, restaurants 
and lodging, some industries and building construction, the 
share of the population working outside the municipality, 
the net migration rate, income, and renting. In ANN, some of 
the identified variables were: population density and resi-
dent population, urbanization, students in higher education, 
income, exports, social housing buildings, production ser-
vices employment, and the share of the population working 
outside the municipality of residence. Conclusions: Several 
factors were identified as possible determinants of CO- 
VID-19 transmission at the municipality level. Despite limita-
tions to the study, we believe that this information should be 
considered to promote communication and prevention ap-
proaches. Further research should be conducted.
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COMPRIME - COnhecer Mais PaRa Intervir MElhor: 
Análise preliminar de fatores determinantes da 
transmissão da COVID-19 em Portugal, a nível 
municipal, em diferentes momentos da 1a onda 
epidémica

Palavra Chave
Nível municipal · COVID-19 · Pandemia · Modelo linear · 
Modelo não linear

Resumo
Contexto: O papel dos determinantes demográficos e so-
cioeconómicos na transmissão do vírus SARS Cov2 ainda 
não é claro e acredita-se que varie em diferentes contex-
tos e períodos da pandemia. A análise desses determi-
nantes pode ajudar a gerar hipóteses sobre a transmissão 
e apoiar na definição de estratégias de prevenção. Obje-
tivos: Identificar os determinantes demográficos e socio-
económicos que podem estar associados a maior trans-
missibilidade da COVID-19 ao nível do município em  
Portugal. Métodos: Pretende-se avaliar quais os determi-
nantes que mais influenciam o número de casos diários 
de COVID-19 em 4 momentos entre março e junho (cor-
responde à primeira vaga da pandemia) em Portugal. 
Foram selecionados 60 indicadores de 5 dimensões: pop-
ulacional, prevalência de doenças, economia, contexto 
social e mobilidade. Realizamos análises de regressão lin-
ear múltipla (RLM) (p <  0,05) e análise de rede neural arti-
ficial (RNA) ​​para identificar preditores do número de casos 
diários. Resultados: Para RML, algumas das variáveis ​​iden-
tificadas foram: população residente e densidade popula-
cional, exportações, dormidas em instalações turísticas, 
educação, restauração e alojamento, algumas indústrias 
e construção civil, proporção da população que trabalha 
fora do município, taxa de migração, entre outros. Na 
RNA, algumas das variáveis ​​identificadas foram: densi-
dade populacional e população residente, urbanização, 
alunos do ensino superior, exportações, edifícios de hab-
itação social, emprego nos serviços de produção e par-
cela da população que trabalha fora do município de 
residência. Conclusões: Vários fatores foram identificados 
como possíveis determinantes da transmissibilidade da 
COVID-19 ao nível municipal. Apesar das limitações do es-
tudo, acreditamos que estes resultados podem contribuir 
para apoiar tomadas de decisão e abordagens de comu-
nicação e prevenção.

© 2021 The Author(s) Published by S. Karger AG, Basel  
on behalf of NOVA National School of Public Health

Introduction

The COVID-19 pandemic represents a global threat 
and poses challenges for health, economy, and well-be-
ing. This highlights the importance of analysing robust 
and timely data to support decisions regarding the im-
plementation of public health measures at the national, 
regional, and municipal level. It has thus been recom-
mended that epidemiological studies should consider 
multi-level investigations of reliable and representative 
environmental, societal, and population determinants 
[1]. Behavioural, socioeconomic, and community fac-
tors, control measures, the effects of population mixing, 
and the use of appropriate spatial and temporal resolu-
tion and time frames all need to be carefully investigated 
[1].

The evidence from previous pandemics indicates that 
disadvantaged groups have been disproportionally affect-
ed [2, 3]. The determinants of COVID-19 transmission 
are still uncertain, but previous studies suggest that popu-
lation density, overcrowding, mobility, and socio-eco-
nomic status are potentially relevant [2, 4, 5]. These seem 
to vary according to contextual specific factors and mo-
ments in time, however. A small number of studies have 
attempted to identify municipality-level determinants of 
transmission using methods such as multiple linear re-
gression (MLR) and neural network analysis [6, 7]. One 
study mapped county (municipality-level) determinants 
of COVID-19 transmission in nursing homes in the USA, 
and found that factors like per-capita income, average 
household size, population density, and minority compo-
sition were significant predictors of COVID-19 cases in 
nursing homes [6].

The social determinants of health are interrelated 
and likely to play a major role in the COVID-19 pan-
demic. Education level influences occupation, which 
determines economic stability and income level, which 
can, in turn, impact the type of health care and health-
seeking behaviour. Simultaneously, education might 
influence in which neighbourhood an individual lives, 
i.e., determining their social and community context 
[7]. This intricate network makes the study of causality 
difficult and must be considered with caution. Never-
theless, it is relevant to assess the abovementioned fac-
tors and generate a hypothesis on how they influence 
the spread of COVID-19.

We thus aimed to identify the municipality-level de-
terminants of COVID-19 cases in Portugal at 4 moments 
of the first epidemic wave. 
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Table 1. Summary results of linear regression models

Dimensions Indicators March 23 May 28 June 8 June 27

Disease 
(2019, by group)

Infectious
Cancer
Blood and other diseases involving the immune system
Endocrine, nutritional, and metabolic
Cardiovascular
Mental illness and substance abuse + +
Respiratory +
Digestive
Urinary and genital system

Economy Exports (% of the of the country) 2019 + +
Overnight stays 2019 + +
Food industry location quotient 2018 +
Beverage industry location quotient 2018 + +
Wholesale and retail location quotient 2018
Trade location quotient, maintenance and repair of motor vehicles and 

motorcycles 2018
Wholesale location quotient 2018
Transport and storage location quotient 2018
Location quotient of storage activities and transport ancillary activities
Location quotient of accommodation, catering and similar activities 2018 + +
Restoration location quotient and similar 2018 +
Construction location quotient 2018 + + +
Agriculture location quotient, animal production, hunting, forestry, and 

fisheries 2018
Textile manufacturing location quotient 2018
Location quotient for the manufacture of chemicals and synthetic or artificial 

fibres
Location quotient of the manufacture of electrical equipment 2019 + +
Education location quotient 2018 + +
Location quotient of social support activities with housing 2018
Employment in agriculture, animal production, hunting, forestry, and fisheries

(% at national level) 2018
Employment in manufacturing industries (% at national level) 2018
Employment in traditional industries (% at national level) 2018
Employment in housing, catering, etc. (% at national level) 2018
Employment in production services (% at national level) 2018

Mobility % of the population working in another parish of the municipality 2011
% of the population working outside the municipality 2011 + +
% of movements with car use 2011
Infectious diseases 2019

Population and 
settlement 

% of the population aged 25–64 years 2019 +
% of the population aged 65–74 years 2019
% of the population aged ≥75 years 2019
Ageing index 2019
Net migration rate 2019 + + +
% of legal immigrants 2019
Resident population 2019 + + + +
Population density 2019 + + + +
Urbanization rate 2013
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Materials and Methods

We conducted an ecological study to analyse the association of 
65 municipal-level variables from official statistics drawn from 5 
dimensions, i.e., population and settlement, disease, economy, so-
cial context, and mobility, and the number of daily cases per mu-
nicipality at 4 pre-defined moments (taken from the official sur-
veillance system). The dates for this analysis were selected accord-

ing to the public health measures in place, i.e., the date of 
publication of guidelines/legal documents and the maximum 
number of cases (determined by the 3-day moving average) occur-
ring in the following 2 weeks. Four periods were selected, starting 
on March 23 (the 1st day with information available per county 
[lockdown phase]), May 28 (the 1st phase of the gradual resump-
tion of activities), June 8 (to evaluate the effects of the 2nd phase 
of the gradual resumption of activities), and June 27 (the gradual 
resumption of activities after the 3rd phase).

For each moment of analysis, we used a multivariate linear 
model (MLR) and a nonlinear model, i.e., artificial neural net-
works (ANN). MLR identified the strength of association between 
each independent variable and the outcome (number of cases). 
The variables presented in the final MLR were selected by back-
ward elimination until all remaining variables had a p value < 0.05. 
Results were summarized for each moment showing variables in-
cluded in the final models.

ANN constitute a non-linear parametric model, with the ad-
vantage of implicitly detecting non-linear relationships between 
the outcome and explanatory variables. ANN have been used to 
identify risk factors for different health outcomes, including re-
ported incidences of COVID-19 at the county/municipality level 
[8–10]. As there is no need for independence and normality of the 
variables, applying ANN in the analysis of epidemiological data is 
attractive. In addition, neural processing is able to extract relation-
ships from input variables directly over high-dimensional spaces, 
making such processing a valuable tool in complex pattern recog-
nition problems. The selected non-linear approximation imple-
mented is depicted in Figure 1. For details, please refer to the proj-
ect website [11].

Dimensions Indicators March 23 May 28 June 8 June 27

Social context Number of pensioners/1,000 inhabitants 2018
Declared gross income deducted from the IRS settled by taxable person 

(in EUR) 2018
– –

Pre-school/1,000 inhabitants 2018/2019
Students in 1st cycle of basic education/1,000 inhabitants 2018/2019
Students in 2nd cycle of basic education/1,000 inhabitants 2018/2019
Students in 3rd cycle of basic education/1,000 inhabitants 2018/2019
Students in secondary education/1,000 inhabitants 2018/2019 – –
Students in higher education/1,000 inhabitants 2018/2019
Rate of basic education 2011
Rate of superior education 2011 +
Rental prices 2011 – – –
% of individuals with socially valued professions 2011
Average family size 2011
Buildings in need of repair/100 inhabitants 2011
Social housing buildings/100 inhabitants 2011

Number of independent variables in the final model 9 12 12 8
R 0.86 0.94 0.95 0.96
R2 0.73 0.88 0.91 0.93
R2 adjusted 0.72 0.87 0.91 0.92

+/–, Positively/negatively associated statistically significant variables in final models selected through backward elimination. To know more about 
these variables, see the Project Online Dashboard [7] (https://www.comprime-compri-mov.com/index.html).

Table 1 (continued)
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Results

For MLR, some of the identified variables (Table 1) 
were: resident population and population density, ex-
ports, overnight stays in touristic facilities, the location 
quotient of employment in accommodation, catering and 
similar activities, education, restaurants and lodging, 
some industries and building construction, the share of 
the population working outside the municipality, the net 
migration rate, income, and renting. For ANN, some of 
the identified variables (Table 2) were: population den-
sity and resident population, urbanization, students in 
higher education, income, exports, social housing build-
ings, production services employment, and the share of 
the population working outside their municipality of res-
idence. There is a communality of factors identified at 
different epidemic moments by both methods and spe-
cific ones emerged for each epidemic moment.

Discussion

Our results attempted to identify municipality-level 
determinants of COVID-19 transmission using comple-
mentary approaches. Variables identified as being associ-
ated with the number of cases reported changed over 
time, emphasizing the dynamic nature of this communi-
cable disease. 

Initially, more affected areas presented international 
relations associated with tourism or exports (in MLR and 
ANN) and the socio-economic conditions of the popula-
tion (more evident in ANN). Later, during the lifting of 
the lockdown, the epidemic surged in suburban areas 
with lower incomes and a higher number of immigrants, 
thus emphasizing the role of the socio-economic and cul-
tural determinants of transmission (e.g., crowded hous-
ing conditions and the concentration of specific econom-
ic sectors with a high concentration of employment – 
building construction, beverage, and storage). Finally, at 
moment 4, higher-education students, 1st-cycle (of basic 
education) students, and urbanization became relevant. 
Population density and the share of people working out-
side their municipality of residence were identified as fac-
tors at all 4 moments and in both methods.

It has been stated that responding to COVID-19 re-
quires continuous monitoring of environmental and so-
cietal determinants to implement adequate prevention 
strategies [1]. Only a few studies have attempted to relate 
transmission levels to community-level determinants [6, 
7, 12]. One study found that per-capita income, average M
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household size, population density, and minority popu
lation composition were significant predictors of CO
VID-19 cases in nursing homes [6]. Another identified 
age, disability, language, race, occupation, and urban sta-
tus as predictors [12]. Areas with more deprived popula-
tions and social vulnerability have been reported to have 
worse outcomes in terms of COVID-19 transmission 
[13], also at the county level [14]. Reports of deaths dis-
proportionately affecting specific groups, e.g., those with 
a non-white ethnic background, have also been published 
[15]. Some reports are calling COVID-19 a “sindemic” 
due to the concurrence of social, economic, and health 
vulnerabilities and the exponential increase of the pan-
demic [3, 16]. The European Centre for Disease Preven-
tion and Control (ECDC) also identified clusters of oc-
cupational economic activities and outbreaks in health 
care, food packaging and processing, factories/manufac-
turing, building and construction, and educational facili-
ties [17]. Our findings are in line with these other studies.

This is a preliminary approach to the study of munic-
ipality-level determinants in Portugal and some study 
limitations need to be acknowledged. First, the ecological 
design limited the ability to determine causal relation-
ships [18]. Second, the definition of the outcome as the 
daily number of cases might not have fully captured the 
spread of the disease; alternative definitions, e.g., changes 
in cases over time, could be considered in future analyses. 
Third, the number of COVID-19 cases identified is also 
influenced by surveillance system sensitivity and testing 
strategies [19, 20]. Accounting for these was not feasible 
but could be investigated in future studies, to ensure com-
parability over time. Finally, the definition of initially se-
lected variables might have been too broad, as these were 
official statistics readily available for analysis.

There is still a lot of uncertainty regarding the actual 
significance of these findings and the exact role of each 
variable in the causal network [21]. Nonetheless, the fact 
that our results were consistent with those of previous 
studies was reassuring. Further studies should consider a 
more extensive analysis of several waves of the pandemic 
and both space and time patterns. Individual-based stud-
ies would be important to shed further light on both the 
determinants of transmission and the underlying mecha-
nisms at work.

In conclusion, several factors were identified as pos-
sible determinants of COVID-19 transmission at the mu-
nicipality level. Aspects regarding the socio-economic 
characteristics of the population showed varying rela-
tionships with COVID-19 cases, while population den-
sity and mobility-related aspects were consistently associ-

ated at all 4 moments analysed. Despite some study limi-
tations, we believe that these preliminary results should 
be considered to support decisions regarding COVID-19 
prevention and control measures. More studies are re-
quired to enhance the robustness of this methodological 
approach and its results.
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