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Factors associated with the spatial heterogeneity of the 
first wave of COVID-19 in France: a nationwide 
geo-epidemiological study
Jean Gaudart, Jordi Landier, Laetitia Huiart, Eva Legendre, Laurent Lehot, Marc Karim Bendiane, Laurent Chiche, Aliette Petitjean, Emilie Mosnier, 
Fati Kirakoya-Samadoulougou, Jacques Demongeot, Renaud Piarroux, Stanislas Rebaudet

Summary
Background The objective of this study was to better understand the factors associated with the heterogeneity of 
in-hospital COVID-19 morbidity and mortality across France, one of the countries most affected by COVID-19 in the 
early months of the pandemic.

Methods This geo-epidemiological analysis was based on data publicly available on government and administration 
websites for the 96 administrative departments of metropolitan France between March 19 and May 11, 2020, including 
Public Health France, the Regional Health Agencies, the French national statistics institute, and the Ministry of 
Health. Using hierarchical ascendant classification on principal component analysis of multidimensional variables, 
and multivariate analyses with generalised additive models, we assessed the associations between several factors 
(spatiotemporal spread of the epidemic between Feb 7 and March 17, 2020, the national lockdown, demographic 
population structure, baseline intensive care capacities, baseline population health and health-care services, new 
chloroquine and hydroxychloroquine dispensations, economic indicators, degree of urbanisation, and climate profile) 
and in-hospital COVID-19 incidence, mortality, and case fatality rates. Incidence rate was defined as the cumulative 
number of in-hospital COVID-19 cases per 100 000 inhabitants, mortality rate as the cumulative number of in-hospital 
COVID-19 deaths per 100 000, and case fatality rate as the cumulative number of in-hospital COVID-19 deaths per 
cumulative number of in-hospital COVID-19 cases.

Findings From March 19 to May 11, 2020, hospitals in metropolitan France notified a total of 100 988 COVID-19 cases, 
including 16 597 people who were admitted to intensive care and 17 062 deaths. There was an overall cumulative 
in-hospital incidence rate of 155·6 cases per 100 000 inhabitants (range 19·4–489·5), in-hospital mortality rate of 
26·3 deaths per 100 000 (1·1–119·2), and in-hospital case fatality rate of 16·9% (4·8–26·2). We found clear spatial 
heterogeneity of in-hospital COVID-19 incidence and mortality rates, following the spread of the epidemic. After 
multivariate adjustment, the delay between the first COVID-19-associated death and the onset of the national lockdown 
was positively associated with in-hospital incidence (adjusted standardised incidence ratio 1·02, 95% CI 1·01–1·04), 
mortality (adjusted standardised mortality ratio 1·04, 1·02–1·06), and case fatality rates (adjusted standardised fatality 
ratio 1·01, 1·01–1·02). Mortality and case fatality rates were higher in departments with older populations (adjusted 
standardised ratio for populations with a high proportion older than aged >85 years 2·17 [95% CI 1·20–3·90] for 
mortality and 1·43 [1·08–1·88] for case fatality rate). Mortality rate was also associated with incidence rate (1·0004, 
1·0002–1·001), but mortality and case fatality rates did not appear to be associated with baseline intensive care 
capacities. We found no association between climate and in-hospital COVID-19 incidence, or between economic 
indicators and in-hospital COVID-19 incidence or mortality rates.

Interpretation This ecological study highlights the impact of the epidemic spread, national lockdown, and reactive 
adaptation of intensive care capacities on the spatial distribution of COVID-19 morbidity and mortality. It provides 
information for future geo-epidemiological analyses and has implications for preparedness and response policies to 
current and future epidemic waves in France and elsewhere.

Funding None.

Copyright © 2020 The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 4.0 license.

Introduction
The spread of the COVID-19 pandemic has exhibited 
important heterogeneity between countries and regions.1 
Spatial differences between incidence and mortality rates 
have been associated with factors as various as the arrival 
time of SARS-CoV-2,2 population age structure,3 urban 

develop ment and population density,4 economic level,4 
health system,5 climatic and meteorological factors,6 and 
anti-contagion policies and practices.7–9

In France, the first COVID-19 case was confirmed on 
Jan 24, 2020. An exponential epidemic then spread rapidly, 
resulting in a national lockdown from March 17, 2020. 

http://crossmark.crossref.org/dialog/?doi=10.1016/S2468-2667(21)00006-2&domain=pdf
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The first wave peaked on March 31, and lockdown ended 
on May 11 (panel). By June 10, 2020, France was one of 
the most affected countries, with 150 000 cumulative 
cases confirmed by WHO and nearly 30 000 associated 
deaths.

Although the spatial distribution of the first epidemic 
wave was heterogeneous across the country,15 no study has 
yet analysed the underlying combination of deter mi-
nants of this spatial heterogeneity. We there fore did a 
geo-epidemiological analysis using data that were publicly 
available on government and admin istration websites to 
study the ecological factors associated with in-hospital 
COVID-19 incidence, mortality, and case fatality rates 
across France during the national lockdown. Our objective 
was to better understand the factors potentially associated 
with the heterogeneity of in-hospital COVID-19 morbidity 
and mortality across the country.

Methods
Parameters and data collection
In this geo-epidemiological study, we assessed the 
ecological factors associated with in-hospital COVID-19 
incidence, mortality, and case fatality rates across the 
96 administrative departments of France during the 
national lockdown. Ecological factors included the spatio-
temporal spread of the epidemic before the national 
lockdown, demographic structure of the population, 
baseline intensive care capacities, baseline population 
health and health-care services, new chloroquine and 

hydro xychloroquine dispensations, economic indicators, 
urbanisation, and climate.

Numbers of suspected COVID-19 outpatients were not 
systematically recorded by the French surveillance system 
coordinated by Santé publique France (Public Health 
France). Indeed, most infectious cases, symp tomatic or 
not, were not detected during the first epidemic wave, and, 
due to a shortage of tests, RT-PCR tests were reserved 
for in-hospital cases. However, confirmed (by RT-PCR) 
or probable (according to clinical and CT-scan signs) 
in-hospital COVID-19 cases and deaths were systematically 
compiled by Santé publique France from March 19, 2020, 
onwards. We downloaded these in-hospital data, aggre-
gated at the departmental level, from the open data portal 
of the French Government (appendix pp 1–3), and we 
calcu lated cumulative values from March 19 to May 11, 2020, 
covering the first national lockdown. Inci dence rate was 
defined as the cumulative number of in-hospital COVID-19 
cases per 100 000 inhabitants, mortality rate as the 
cumulative number of in-hospital COVID-19 deaths per 
100 000 inhabitants, and case fatality rate as the cumulative 
number of in-hospital COVID-19 deaths per cumulative 
number of in-hospital COVID-19 cases.

Before March 19, 2020, COVID-19-associated deaths at 
the departmental level were routinely declared by the 
Regional Health Agencies (Agences régionales de santé). 
These values were compiled as of Feb 7, 2020, in a separate 
publicly available database (appendix pp 1–2), which we 
used to calculate the relative lag between the first 

Research in context

Evidence before this study
The spread of the COVID-19 pandemic has shown important 
heterogeneity between countries and regions, and France was 
one of the most affected countries in the early months of the 
pandemic. To assess the factors associated with the spatial 
differences between incidence and mortality rates, we searched 
PubMed for all articles up to Sept 28, 2020, using the query 
(COVID-19 OR SARS-CoV-2) AND ((France [title] AND 
epidemiology) OR (France [title] AND lockdown) OR (lockdown 
[title] AND (effect [title] OR effectiveness [title] OR impact 
[title])) OR “ecological study” OR (socioeconomic [title] OR 
demography [title] OR demographic [title] OR climate [title] 
OR climatic [title])). Some articles describing the initial COVID-19 
clusters in France presented results of mechanistic or agent-based 
models at a coarse spatial scale, but none of the 456 articles 
described the first pandemic wave in France and analysed 
associated factors at a fine spatial scale. Similarly, the effect of the 
national lockdown in France was studied by only a few 
mechanistic or agent-based models. Worldwide, the importance 
of lockdown policies to drastically decrease COVID-19 cases and 
deaths was mostly suggested by model predictions, or by a few 
inter-country epidemiological comparisons. The influence of 
population age structure on COVID-19-associated mortality was 
highlighted at the country level but not studied at finer scales. 

COVID-19 incidence and mortality appeared to be higher in 
countries with a high socioeconomic status, but within affected 
countries or territories, populations with low socioeconomic 
status generally reported lower cases and mortality, suggesting a 
frequent testing and reporting bias.

Added value of this study
This geo-epidemiological multivariate analysis confirmed that 
the marked spatial heterogeneity of in-hospital COVID-19 cases 
and deaths across metropolitan France was strongly associated 
with the initial spread of the first pandemic wave before its 
efficient freezing by the national lockdown. Case fatality rate 
was not associated with the initial number of intensive care 
beds, suggesting that hospitals could rapidly scale up their 
capacities and organise medical evacuations to less affected 
areas. We found no independent association between 
in-hospital COVID-19 incidence and the four climates of 
metropolitan France.

Implications of all the available evidence
Epidemiological analyses should include COVID-19 pandemic 
spread, demographic structure, mitigation measures, 
and health-care capacities. All countries should adapt their 
preparedness plans to these key factors to better respond to 
current or future pandemic waves.

For the WHO COVID-19 
Dashboard see 

https://covid19.who.int/

See Online for appendix

https://covid19.who.int/
https://covid19.who.int/
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COVID-19 death and the lockdown on March 17 for each 
department, to account for the temporal progression of 
the epidemic wave across the country and the effect of the 
national lockdown. Because male sex and older age are 
associated with increased severity of disease,16,17 we 
extracted the population age and sex structure estimated 
in 2020 for each department from the French national 
statistics institute (Institute national de la statistique et des 
études économiques; appendix pp 1–2). Considering that 
over whelmed intensive care capacities might affect quality 
of care for patients with COVID-19, we also obtained the 
baseline number of intensive care unit (ICU) beds per 
department in 2018 from the website of the Ministry of 
Health (Ministère de solidarité et de la santé; appendix p 1).

During the early phase of the epidemic, some treat ments 
were suggested to have antiviral properties (with a low 
level of evidence). Chloroquine and hydroxy chloro quine 
were among such treatments, and were suggested to play a 
part in the spatial heterogeneity of COVID-19 incidence 
and mortality rates in France and some other countries.18,19 
We therefore extracted the number of new chloroquine 
and hydroxychloroquine dispensations at the departmental 
level between Jan 1 and April 19, 2020, from an official 
report of the French national drug agency (Agence nationale 
de la sécurité du médicament et des produits de santé) and the 
French national health insur ance fund (Caisse nationale 
de l’Aussurance Maladie), which showed a surge in new 
dispensations of these two medications in pharmacies in 
the first week of March (appendix pp 1–2).

Given that structural health determinants and 
comorbidities have been associated with the severity of 
COVID-19, we also considered additional indicators 
associated with department-specific baseline population 
health and health-care services (appendix pp 1–2). We 
therefore included the baseline number of total deaths 
per department between March 19 and May 11, 2018, 
and between March 19 and May 11, 2019, indicators related 
to the availability of health-care resources, indi cators 
of subsidised medical or dependency insurance, the 
proportion of hospital stays in several types of ward (eg, 
endocrinology, cardiology, pneumology, and medi cine 
wards), and several economic indicators at the depart-
mental level (appendix pp 1–3). To investigate the role of 
population density and connectivity in COVID-19 hetero-
geneity, we obtained indicators that describe urbanisation 
from the national institute of statis tics and economics, 
which are described in the appendix (pp 1–3). Because 
France is climatically diverse, we characterised depart-
ments according to eight climate profiles, which are 
described in the appendix (pp 1–3). Finally, to consider 
spatial autocorrelation, we extracted the centroid coordi-
nates of each department from a publicly available 
shapefile (appendix pp 1–3).

Statistical analysis
We calculated in-hospital COVID-19 incidence, mortality, 
and case fatality rates for each of the 96 administrative 

departments of metropolitan France. We mapped these 
indicators and deviations from nationwide rates. We also 
estimated spatial autocorrelation using Moran’s I statistic 
for areal data (Queen criterion of contiguity).20

To analyse the factors associated with epidemiological 
indicators and avoid the curse of dimensionality and 
multicollinearities, we first summarised multi dimen-
sional factors using a non-supervised classification tech-
nique: hierarchical ascendant classification on principal 
component analysis.21 To classify departments into similar 
age–pyramid profiles, we did a principal component 
analysis on the relative composition of the 5-year age 
and sex population groups, and we then included the 
coordinates of each variable in the first 25 principal 
components in a hierarchical ascendant classification. 
Similarly, we used hierarchical ascendant classification 
based on principal component analysis coordinates to 
classify department-specific population health and health-
care services, economy, climate, and urbanisation, on the 
basis of corresponding indicators (appendix pp 1–3). 

Panel: The first wave of the COVID-19 epidemic and mitigation measures in France

SARS-CoV-2 seemed to be already spreading in France in late December, 2019,10 but the 
first three patients prospectively diagnosed with COVID-19 were reported on 
Jan 24, 2020, in Bordeaux and Paris, all returning from Wuhan (China).11–13 In 
February, 2020, four clusters were reported in other areas, including Haute-Savoie, Oise, 
Morbihan, and Haut-Rhin. These clusters were mainly due to contact with people 
travelling from Singapore, China, Italy, or Egypt, and no specific spatial trends were 
identified at this stage. In Mulhouse city (Haut-Rhin), one religious event that took place 
from Feb 17 to Feb 21, 2020, brought together 2000–2500 participants from all over 
France and several other countries (eg, Belgium, Switzerland, Germany, and Burkina Faso). 
Many attendees became infected and then spread the virus onwards when returning 
home. The Oise cluster, near Paris, appeared in late February around a military airbase 
employing around 2500 people. Several airbase staff had been involved in the 
repatriation of a French citizen from China on Jan 31, 2020.

Following these initial sporadic cases and limited clusters, the COVID-19 epidemic wave 
rapidly spread from northeastern France (Grand-Est) towards north-central regions 
(Île-de-France and Haut-de-France). Given the exponential number and spatial diffusion 
of new cases and clusters, the first official mitigation measures were gradually applied 
from March 5, 2020, such as a ban on gathering of more than 5000 people, then 
1000 people (March 14) and 100 people (March 16). On March 15, the first round of 
municipal elections took place but unessential services, including restaurants and cafes, 
were closed, followed by schools and main religious services the next day. On March 17, 
as France had already recorded a total of 7730 cases and 175 deaths, and as incidence was 
doubling every 3 days, a national lockdown was ordered by the government,14 and 
eventually extended until May 11. The daily incidence peak was reached on March 31, 
with 7578 new confirmed cases. However, considering the low level of testing capacities 
in France at this time of the epidemic, a model suggests that as many as 300 000 daily 
new infections might have occurred right before the lockdown onset.15 Hampered by the 
lockdown, the epidemic reached the rest of the country more slowly. In these other 
departments, the first deaths generally occurred after lockdown implementation, 
except for specific departments such as Corse-du-Sud (Corsica Island) and Morbihan 
(Brittany region). In the southeastern region, the most densely populated department 
(Bouche-du-Rhône including Marseille, the second largest French city) was more 
affected than the surrounding ones, in terms of incidence and mortality rates.
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Sensitivity analyses were done through simulation studies 
(appendix pp 4–6).

We mapped the resulting classifications at the depart-
ment level, as well as the lag between the first COVID-19-
associated death and lockdown, ICU bed capacities, and 
the incidence of chloroquine and hydroxychloroquine 
dispensations.

To assess the relationships between these factors and 
in-hospital COVID-19 incidence, mortality, and case 
fatality rates, we used generalised additive models with a 
negative binomial regression to consider over-dispersion. 
A Gaussian kriging smoother (with a power exponential 
covariance function), based on the geographical coordi-
nates of each department centroid (s(lon,lat)), was used 
to take spatial autocorrelation into account, as previously 
described.22 Log(population) was used as an offset to 
estimate standardised incidence ratios (equation 1) and 
standardised mortality ratios (equation 2), and log(cases) 
was used as an offset to estimate standardised fatality 
ratios (equation 3):

where s(lon,lat) was the Gaussian kriging smoother 
function using the longitude and latitude coordinates, 
and NegBin was the negative binomial distribution. For 
each outcome, the analysed cofactors are listed in the 
appendix (pp 1–2). Briefly, to model the in-hospital 
incidence rate, we considered the relative lag between the 
first COVID-19 death and the lockdown on March 17 
(ie, the progression of the epidemic wave) and all risk 
factors, except for ICU capacities. To model the in-hospital 
mortality rate, we considered in-hospital COVID-19 cases, 
factors possibly associated with case severity (ie, popula-
tion age structure and dispensation of chloroquine and 
hydroxychloroquine), and factors associated with case 
management capacities and preparedness (ie, progression 
of the epidemic wave, ICU bed capacity, population health, 
and health-care services), but not factors directly associ-
ated with incidence (ie, the economy, urbanisation, and 
climate). We con sidered similar factors to model the 
in-hospital case fatality rate, except that cases were used as 
an offset to estimate standardised fatality ratios.

We first separately analysed each factor with univariate 
models. Multivariate generalised additive models then 
used directed acyclic graphs23 to include variables that 
appeared to be important from a public health perspective, 
such as population age structure or population health and 
health-care services (appendix pp 7–8). In the multivariate 
mortality model, we considered the interaction between 

in-hospital cases and the relative lag between the first 
COVID-19-associated death and lockdown. Finally, we 
mapped Pearson residuals of multivariate models to 
highlight outliers (appendix p 9) and the deviation from 
the nationwide rates (appendix p 10). Spatial adjustments 
were verified by Moran I statistics on Pearson residuals. 
Sensitivity analyses of the three models were done by 
substituting the three outcomes (incidence, mortality 
rate, and case fatality rate) by emergency allergies and 
in-hospital allergies among patients at emergency depart-
ments, and in-hospital allergies among emergency 
allergies (appendix pp 11–13).

All analyses and maps were made using the software 
program R version 4.0.0 and the tidyverse, mgcv, 
FactoMineR, rgdal, spdep, and dagitty packages.

Role of the funding source
There was no funding source for this study. 

Results
From March 19 to May 11, 2020, hospitals in metro politan 
France notified a total of 100 988 COVID-19 cases, 
including 16 597 people who were admitted to the ICU 
and 17 062 deaths. These values corresponded to an overall 
cumulative in-hospital incidence rate of 155·6 cases 
per 100 000 inhabitants (range 19·4–489·5) across the 
96 administrative departments (figure 1). The overall 
cumulative in-hospital mortality rate was 26·3 deaths per 
100 000 inhabitants (range 1·1–119·2). Both indicators 
showed a marked heterogeneity following a north-to-
south gradient (figure 1), with high spatial autocorrelations 
(both Moran’s statistics 0·68; p<0·0001) related to the 
diffusion of the epidemic. The highest incidence and 
mortality rates were observed in Territoire-de-Belfort 
(489·5 cases and 119·2 deaths per 100 000 inhabi tants) 
and Haut-Rhin (485·7 cases and 101·4 deaths per 
100 000 inhab itants). In the department of Paris, the inci-
dence was 397·6 cases per 100 000 inhabitants and the 
mortality rate was 74·9 deaths per 100 000, and in Bouches-
du-Rhône (including Marseille, the second largest French 
city) the incidence was 200·5 cases per 100 000 and the 
mortality rate was 23·0 deaths per 100 000, which was 
higher than in surrounding depart ments. The overall 
cumulative in-hospital case fatality rate in metropolitan 
France was 16·9%. Case fatality rate also showed distinct 
heterogeneity (from 4·8% in Ariège to 26·2% in Indre; 
figure 1), but with a lower spatial autocorrelation (Moran’s 
statistic 0·32; p<0·0001).

Across the 96 departments, the first COVID-19-
associated death occurred at a median of 3 days after the 
lockdown (ie, a median relative lag of –3 days [IQR –7 to 1]; 
figure 2F), with a maximum of 19 days in Oise, and 
a minimum of –44 days in Lozère. This lag shows 
the temporal progression of the epidemic wave across 
the country from northeastern and north-central depart-
ments. Hierarchical ascendant classification based on 
principal component analysis coordinates from age 

log(cases) = factors + offset(log(population)) (1)
 + s(lon,lat)~NegBin

log(deaths) = factors + offset(log(population)) (2)
 + s(lon,lat)~NegBin

log(deaths) = factors + offset(log(cases)) (3)
 + s(lon,lat)~NegBin
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pyramids classified departments into four classes: high 
proportion aged 25–49 years (class 1), high proportion aged 
<25 years (class 2), high proportion aged 50–85 years 
(class 3), and high proportion aged >85 years (class 4; 
figure 2A). The overall density of ICU beds in 2018 in 
France was 8·1 per 100 000 inhabitants, ranging from 
2·0 per 100 000 in Eure to 21·9 per 100 000 in Paris 
(figure 2G). Overall, the rate of new chloroquine and 
hydroxychloroquine dispensations in French pharma-
cies was 32·0 per 100 000 inhabitants from Jan 1 to 
April 19, 2020, ranging from 14·4 per 100 000 in Mayenne 
to 68·7 per 100 000 in Bouches-du-Rhône and 75·5 in Paris 
(figure 2H). Hierarchical ascendant classification based on 
principal component analysis classified departments into 
three classes of population health and health-care services: 
high proportion of the population receiving home health 
assistance (class 1), high health professional density 
(class 2), and high proportion of hospital stays (class 3; 
figure 2E). Classification for economic indicators also 
identified three classes: high median standard of living 
(class 1), high rate of social assistance (class 2), 
and high poverty and unemployment ratios (class 3; 
figure 2D). Classification for the urbanisa tion indicators 
fitted departments into four classes: very high proportion 
of the population living in metropolitan cities and high 
road density (class 1), high proportion of the population 
living in metropolitan cities and lower road density 
(class 2), high proportion of the population living in 
multipolar cities (class 3), and high proportion of the 
population living in remote communes (class 4; figure 2C). 
Finally, classification on climate indicators identified four 
department classes: central plains with modified oceanic 
climate (class 1), oceanic, altered oceanic, or south-
west basin climate (class 2), semi-continental, submontane, 
or mountain climate (class 3), and mediter ranean cli-
mate (class 4; fig 2B). The characteristics of the classes for 
these multi dimensional variables are described in the 
appendix (pp 14–18).

In the univariate analysis, the incidence rate at the 
department level from March 19 to May 11, 2020, appeared 
to be associated with the lag between the first death and 
lockdown, population age structure, new chloroquine 
and hydroxychloroquine dispensations, and urbanisation 
(table 1). In the final multivariate model, higher cumulative 
COVID-19 incidence rates were associated with early 
arrival of the epidemic wave (for each day between the first 
death and lockdown, adjusted standardised incidence 
ratio 1·02, 95% CI 1·01–1·04; table 1). Compared with 
the very high-density depart ments of Paris and those 
surrounding it (class 1 of urbanisation), departments with 
a high proportion of the population living in metropolitan 
cities but with lower road density (class 2) showed a lower 
COVID-19 incidence rate (adjusted standardised incidence 
ratio 0·61, 0·37–1·02; table 1) in the multi variate analysis. 
In this model, population age structure, chloroquine and 
hydroxy chloroquine dispensations, population health and 
health-care services, and climate did not appear to be 
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Figure 1: Spatial heterogeneity of COVID-19 in France, showing cumulative 
in-hospital incidence (A), in-hospital mortality rate (B), and in-hospital case 
fatality rate (C)
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Figure 2: Maps of covariates, showing population age structure (A), climate classes (B), urbanisation (C), economic profile (D), population health and 
health-care services (E), the lag between the first COVID-19-associated death and lockdown (F), baseline intensive care capacity (G), and chloroquine and 
hydroxychloroquine dispensations in pharmacies (H)
Departments were classified into four climate classes (appendix pp 1–3, 14). ICU=intensive care unit.
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associated with in-hospital COVID-19 incidence rates 
(table 1). This multivariate model explained 86·8% of the 
deviance in in-hospital COVID-19 incidence. Model 
Pearson residuals are mapped in the appendix (p 9) and 
showed no spatial correlation (Moran’s statistic –0·12; 
p=0·95). None of the most affected departments showed 
important model residuals, and there were particularly 
minimal residuals in Paris and Bouches-du-Rhône 
(appendix p 9).

In the univariate analysis, the mortality rate at the 
departmental level appeared to be positively associated 
with the lag between the first death and lockdown, the 
cumulative number of in-hospital COVID-19 cases from 
March 19 to May 11, 2020, ICU capacity, and new 
chloroquine and hydroxychloroquine dispensations 
(table 2). In the final multivariate model, higher COVID-19 
mortality rates were associated with early arrival of the 
epidemic wave (for each day between the first death and 
lockdown, adjusted standardised mortality ratio 1·04, 
95% CI 1·02–1·06) and with in-hospital COVID-19 case 
number (for each case adjusted standardised mortality 

ratio 1·0004, 1·0002–1·001), even after taking into account 
the interaction between both factors (table 2). Compared 
with depart ments with a high proportion of inhabitants 
aged 25–49 years (class 1 of population age structure), 
departments with a high proportion of inhabitants aged 
>85 years (class 4) had a much higher COVID-19 mortality 
rate (adjusted standardised mortality ratio 2·17, 1·20–3·90; 
table 2). In the multivariate model, chloroquine and 
hydroxychloroquine dispensations, ICU capacity, and 
popu lation health and health-care services did not appear 
to be associated with COVID-19 in-hospital mortality rates 
(table 2). This multivariate model explained 82·1% of 
the deviance in in-hospital COVID-19 mortality. Model 
Pearson residuals are mapped in the appendix (p 9) and 
showed no spatial correlation (Moran’s statistic –0·11; 
p=0·93). Residuals in Bouches-du-Rhône appeared higher 
than in surrounding departments, meaning that the 
observed mortality there was higher than the predicted 
mortality (appendix p 9).

In the univariate analysis, the case fatality rate at the 
departmental level appeared to be associated with only 

Univariate analyses Multivariate analysis

SIR (95% CI) p value aSIR (95% CI) p value

Relative lag between first COVID-19-associated death and lockdown on March 17, 2020 1·02 (1·004–1·03) 0·011 1·02 (1·01–1·04) 0·0033

Population age structure estimated in 2020 per department

Class 1: high proportion aged 25–49 years 1 (ref) ·· 1 (ref) ··

Class 2: high proportion aged <25 years 0·86 (0·64–1·15) 0·29 0·87 (0·64–1·19) 0·38

Class 3: high proportion aged 50–85 years 0·72 (0·53–0·99) 0·0407 0·68 (0·43–1·09) 0·11

Class 4: high proportion aged >85 years 0·96 (0·64–1·42) 0·82 0·92 (0·51–1·66) 0·77

Number of new chloroquine and hydroxychloroquine dispensations in pharmacies from 
Jan 1 to April 19, 2020

1·001 
(1·0003–1·001)

0·0008 1·00 (0·99–1·001) 0·16

Baseline population health and health-care services

Class 1: high proportion of the population receiving home health assistance 1 (ref) ·· 1 (ref) ··

Class 2: high health professional density 1·19 (0·94–1·51) 0·15 1·07 (0·83–1·38) 0·61

Class 3: high proportion of hospital stays 1·07 (0·82–1·38) 0·64 0·96 (0·71–1·31) 0·81

Economic indicators*

Class 1: high median standard of living 1 (ref) ·· ·· ··

Class 2: high rate of social assistance 1·07 (0·87–1·32) 0·54 ·· ··

Class 3: high poverty and unemployment ratios 0·97 (0·68–1·38) 0·86 ·· ··

Urbanisation

Class 1: very high proportion of population living in metropolitan cities and high road density 1 (ref) ·· 1 (ref) ··

Class 2: high proportion of the population living in metropolitan cities and lower road density 0·48 (0·30–0·78) 0·0029 0·61 (0·37–1·02) 0·059

Class 3: high proportion of population living in multipolar cities 0·48 (0·29–0·79) 0·0042 0·85 (0·46–1·55) 0·59

Class 4: high proportion of population living in remote communes 0·42 (0·24–0·74) 0·0025 0·94 (0·47–1·88) 0·86

Climate

Class 1: central plains with modified oceanic climate 1 (ref) ·· 1 (ref) ··

Class 2: oceanic, altered oceanic, or southwest basin climate 0·84 (0·56–1·26) 0·41 0·81 (0·57–1·17) 0·26

Class 3: semi-continental, submontane, or mountain climate 0·93 (0·63–1·36) 0·69 1·08 (0·76–1·54) 0·67

Class 4: Mediterranean climate 1·61 (0·86–3·00) 0·14 1·72 (0·96–3·05) 0·066

Analyses were made using generalised additive models with a negative binomial regression, a Gaussian kriging smoother based on geographical coordinates, and 
log(population) as an offset. The multivariate model included confounders according to the directed acyclic graph. aSIRs were adjusted on the different cofactors and spatial 
structure. SIR=standardised incidence ratio. aSIR=adjusted standardised incidence ratio. Ref=reference. *Considering the directed acyclic graph analysis, economic groups 
were not included in the multivariate analysis.

Table 1: Factors associated with in-hospital COVID-19 incidence rate at the department level in metropolitan France
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the lag between the first death and lockdown (table 3). In 
the final multivariate model, higher case fatality rates were 
associated with early arrival of the epidemic wave (for each 
day between the first death and lockdown, adjusted stan-
dardised fatality ratio 1·01, 95% CI 1·005–1·02; table 3). 
Compared with departments with a high propor tion of 
inhabitants aged 25–49 years (class 1), departments with a 
high proportion of inhabitants aged 50–85 years (class 3) 
and with a high proportion aged >85 years (class 4) had a 
higher case fatality rate (for class 4, adjusted standardised 

fatality ratio 1·43, 1·08–1·88; table 3) in the multi-
variate analysis. Compared with departments with a high 
proportion of the population receiving home health 
assistance (class 1 of population health and health-care 
services), departments with a high proportion of hospital 
stays (class 3) had a lower case fatality rate (adjusted 
standardised fatality ratio 0·83, 0·69–0·99; table 3). This 
multivariate model explained 44·6% of the deviance in 
in-hospital COVID-19 case fatality rates. Model Pearson 
residuals are mapped in the appendix (p 9) and showed no 

Univariate analyses Multivariate analysis

SMR (95% CI) p value aSMR (95% CI) p value

Number of in-hospital cases accumulated from March 18 to May 11, 2020 1·0002
(1·0001–1·0003)

<0·0001 1·0004
(1·0002–1·001)

<0·0001

Relative lag between first COVID-19-associated death and lockdown on March 17, 2020 1·03 (1·01–1·04) 0·0009 1·04 (1·02–1·06) 0·0001

Population age structure estimated in 2020 per department

Class 1: high proportion aged 25–49 years 1 (ref) ·· 1 (ref) ··

Class 2: high proportion aged <25 years 0·85 (0·60–1·20) 0·36 1·30 (0·92–1·83) 0·14

Class 3: high proportion aged 50–85 years 0·74 (0·51–1·06) 0·10 1·41 (0·89–2·22) 0·14

Class 4: high proportion aged >85 years 0·96 (0·60–1·54) 0·87 2·17 (1·20–3·90) 0·010

Number of intensive care beds in 2018 1·002
(1·0004–1·003)

0·015 1·00 (0·99–1·003) 0·57

Number of new chloroquine and hydroxychloroquine dispensations in pharmacies from 
Jan 1 to April 19, 2020

1·001
(1·0002–1·001)

0·0054 1·00 (0·99–1·001) 0·28

Baseline population health and health-care services

Class 1: high proportion of the population receiving home health assistance 1 (ref) ·· 1 (ref) ··

Class 2: high health professional density 1·19 (0·94–1·51) 0·15 0·94 (0·69–1·29) 0·70

Class 3: high proportion of hospital stays 1·07 (0·82–1·38) 0·64 0·87 (0·61–1·23) 0·42

Analyses were made using generalised additive models with a negative binomial regression, a Gaussian kriging smoother based on geographical coordinates, and 
log(population) as an offset. The multivariate model included confounders according to the directed acyclic graph. aSMRs were adjusted on the different cofactors, spatial 
structure, and the interaction between COVID-19 cases and temporal progression of the epidemic wave (p=0·062). SMR=standardised mortality ratio. aSMR=adjusted 
standardised mortality ratio. Ref=reference.

Table 2: Factors associated with in-hospital COVID-19 mortality rate at the department level in metropolitan France

Univariate analyses Multivariate analysis

SFR (95% CI) p value aSFR (95% CI) p value

Relative lag between first COVID-19-associated death and lockdown on March 17, 2020 1·01 (1·00–1·02) 0·011 1·01 (1·005–1·02) 0·0008

Population age structure estimated in 2020 per department

Class 1: high proportion aged 25–49 years 1 (ref) ·· 1 (ref) ··

Class 2: high proportion aged <25 years 1·01 (0·91–1·13) 0·84 1·05 (0·92–1·19) 0·51

Class 3: high proportion aged 50–85 years 1·08 (0·96–1·22) 0·19 1·25 (1·03–1·52) 0·025

Class 4: high proportion aged >85 years 1·11 (0·93–1·33) 0·25 1·43 (1·08–1·88) 0·011

Number of intensive care beds in 2018 1·00 (0·99–1·0002) 0·29 1·00 (0·99–1·002) 0·77

Number of new chloroquine and hydroxychloroquine dispensations in pharmacies from 
Jan 1 to April 19, 2020

1·00 (0·99–1·0001) 0·40 1·00 (0·99–1·001) 0·89

Baseline population health and health-care services

Class 1: high proportion of the population receiving home health assistance 1 (ref) ·· 1 (ref) ··

Class 2: high health professional density 1·01 (0·91–1·12) 0·86 0·95 (0·83–1·09) 0·46

Class 3: high proportion of hospital stays 1·00 (0·89–1·12) 0·99 0·83 (0·69–0·99) 0·066

Analyses were made using generalised additive models with a negative binomial regression, a Gaussian kriging smoother based on geographical coordinates, and 
log(population) as an offset. The multivariate model included confounders according to the directed acyclic graph. aSFRs were adjusted for the different cofactors and spatial 
structure. SFR=standardised fatality ratio. aSFR=adjusted standardised fatality ratio. Ref=reference.

Table 3: Factors associated with in-hospital COVID-19 case fatality rate at the department level in metropolitan France
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spatial correlation (Moran’s statistic –0·12; p=0·94). 
Residuals appeared to be higher in less affected depart-
ments. In Bouches-du-Rhône, the model slightly over-
estimated the case fatality rate (appendix p 9).

Discussion
This geo-epidemiological study highlights the clear spatial 
heterogeneity of in-hospital COVID-19 incidence and 
mortality rates across the departments of metro politan 
France, following the spread of the epidemic before a 
national lockdown was declared on March 17, 2020. After 
classifying the multi dimensional variables and completing 
multivariate analyses of the spatial structure of the 
epidemic, the delay that elapsed between the first COVID-
19-associated death and the onset of the lockdown appeared 
to be positively associated with in-hospital incidence, 
mortality, and case fatality rates. In other words, morbidity 
and mortality were lower in departments where the 
general lockdown caught the epidemic at an earlier stage 
of its expansion. This finding suggests that the lockdown 
was an effective way to control the diffusion of this wave of 
the epidemic across the country. This effect of the lock-
down strategy is in line with other publications that are 
based on modelling or observational studies. Among them, 
Salje and colleagues15 and Di Domenico and colleagues24 
estimated that the lockdown reduced the reproductive 
number by 77% in France and 81% in Île-de-France. Using 
databases across 149 countries, Islam and colleagues25 also 
estimated that earlier implementation of lockdown was 
associated with a larger reduction in the incidence of 
COVID-19.

Mortality rate was also strongly associated with the 
incidence rate of in-hospital COVID-19 cases, even after 
adjusting for the interaction between incidence and the 
relative lag to lockdown. However, the number of ICU 
beds available in 2018 was not associated with mortality 
or case fatality rate. In addition, we found no association 
between baseline population health and health-care 
services and incidence and mortality rates. This find-
ing suggests that hospitals managed to scale up their 
ICU capacity (≥100% increase in 21 departments; 
appendix p 19) or organise medical evacuations to less 
affected departments when necessary.

As was expected,3 in-hospital mortality and case fatality 
rates were higher in departments with older populations. 
Age has indeed been identified as the main risk factor 
of COVID-19 disease severity and death in many cohort 
studies.16,17 We did not include the prevalence of comor-
bidities such as diabetes or obesity in our study because of 
a scarcity of available data at the departmental level. 
However, we considered several indicators associated with 
overall population health, such as basal mortality rate and 
the usual proportion of hospital stays in endocrinology, 
cardiology, pneumology, and medicine wards.

We included numbers of chloroquine and hydroxy-
chloroquine dispensations in our models because previous 
statements suggested that this might be responsible for 

the lower COVID-19 burden observed in some regions.18,19 
However, our findings do not support this hypothesis 
because chloroquine and hydroxy chloroquine dispensa-
tions were not associated with in-hospital incidence, 
mortality, or case fatality rates at the departmental level. 
We could not include data for in-hospital dispensations, 
which are not publicly available in France, and the 
prescription of chloroquine and hydroxychloroquine for 
COVID-19 was limited by a French regulation on 
May 26, 2020, after the end of our study period. Although 
univariate analyses showed important associations 
between in-hospital incidence and mortality rates and new 
chloroquine and hydroxy chloroquine dispensations, these 
associations were positive (ie, higher chloroquine and 
hydroxychloroquine dispensations were associated with 
higher incidence or mortality rates). This association 
suggests a common confounding by indication,26 which 
was corrected by the multivariate analysis. Furthermore, 
our multivariate analysis explained almost all in-hospital 
COVID-19 incidence in the Paris and Bouches-du-Rhône 
depart ments, the two departments where chloroquine and 
hydroxychloroquine dispensations were the highest. The 
observed mortality in Bouches-du-Rhône was even higher 
than predicted by our model. Nevertheless, our ecological 
study was not designed to assess the effectiveness of 
chloroquine and hydroxychloroquine against COVID-19 at 
the individual level; these drugs have been shown not to 
be effective.27

Our multivariate model, which was adjusted for spatial 
heterogeneity and the delay between the first COVID-19 
death and the start of the lockdown, did not identify any 
substantial association between in-hospital incidence and 
the four different climate zones, each of which hosts one 
of the four largest French metropolitan areas. Previous 
reports have suggested that temperature and humidity 
could affect the transmission of COVID-19. However, 
these studies analysed meteorological rather than climatic 
factors, or did not consider the temporal spread of 
the pandemic.6

Our study has several limitations. We only analysed 
COVID-19 in-hospital data. Testing was too low in France 
during the first wave of the epidemic to provide an 
accurate estimation of outpatient incidence. Furthermore, 
data on COVID-19 incidence and mortality in retirement 
homes have not yet been made available at the department 
level. Criteria for admission to hospital might not have 
been homogeneous across the departments, and more 
people with milder symptoms of COVID-19 might have 
been admitted to hospital in less affected departments or 
depending on local care policies.28 The age of patients 
admitted to hospital for COVID-19 has not been made 
available at the departmental level to account for these 
differences. This factor could partly account for why our 
multivariate analysis explained only 44·6% of the case 
fatality rate. Additional factors might also have been 
associated with case fatality rate, suggesting a need for 
further analysis at a more accurate scale. For instance, it 
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was not possible to analyse ethnicity, because this 
characteristic is not recorded in French databases for 
legal reasons.

Finally, this was an ecological study rather than an 
individual population study, which introduces classical 
ecological fallacy. Even if the sensitivity analyses support 
our results, we cannot infer any direct individual risk,29 
nor interpret the results in terms of causality. Moreover, 
the multidimensional reduction of economic indicators 
using hierarchical ascendant classification on principal 
component analysis, which allows numerous factors to 
be assessed and considers collinearities and the curse of 
dimensionality, might also have flattened the differences 
between departments and hidden possible associations.

In conclusion, our findings outline the effect of the 
COVID-19 pandemic wave in a country that could absorb 
the shock, thanks to a strong hospital system and a national 
lockdown. However, the findings indirectly underscore the 
weakness of its preventive and public health system, which 
could be useful for informing countries’ preparedness for 
the current or future pandemic waves.
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