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Abstract

While COVID-19 was responsible for more than 600,000 deaths worldwide as of July 24, 2020,

very little is known about the socio-economic heterogeneity of its impact on mortality. In this paper,

we combine several administrative data sources to estimate the relationship between mortality due to

COVID-19 and poverty at a very local level (i.e. the municipality level) in France, one of the most

severely hit countries in the world. We find strong evidence of an income gradient in the impact of

the pandemic on mortality rates, which is twice as large in municipalities below the 25th percentile of

the national income distribution than in municipalities above this threshold. We then show that both

poor housing conditions and higher occupational exposure play a key role in this heterogeneity: taken

together, these mechanisms account for up to 77% of the difference observed between rich and poor

municipalities.
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PSE and the LABEX OSE - ouvrir la Science Économique funding for data access. Declarations of interest: none. E-mail

addresses: paul.brandily@psemail.eu; clement.brebion@lecnam.net; simon.briole@psemail.eu; laura.khoury@nhh.no

1



1 Introduction

While COVID-19 is directly responsible for at least 633,000 deaths around the globe, as of July 24,1

we know very little on the heterogeneity of its impact on mortality across regions and individuals. In

particular, while an emerging literature in the US shows that ethnic minorities exhibit higher levels of

COVID-19 prevalence (Almagro and Orane-Hutchinson, 2020; Borjas, 2020; McLaren, 2020), the evidence

on the heterogeneous effect of COVID-19 on mortality across income groups remains scarce.

In this paper, we explore this issue in the context of France, one of the most severely hit countries

in the world. We combine several administrative data sources to estimate the relationship between

mortality due to COVID-19 and poverty at the municipality level, a very detailed geographic scale (1,600

inhabitants and 15 sq.km per municipality, on average). Accurately estimating this relationship is one of

the main challenges faced by the literature because of the limited availability and reliability of public data

on mortality directly attributable to COVID-19.2 We circumvent this issue by using exhaustive death

records provided by the French National Statistical Institute (INSEE) on a daily basis and we focus on

excess mortality, broadly defined as the deviation in mortality with respect to a reference (pre-COVID)

period.

We also take advantage of a quasi experimental setting to identify the causal impact of COVID-19 on

mortality at the municipality level. The evolution of mortality across time can be affected by confounding

factors not directly related to COVID-19. One obvious factor relates to the very special life conditions

implied by the lockdown, but health-related factors due to year-to-year variations in seasonal diseases may

also have an impact on excess mortality.3 To overcome this issue, we exploit the fact that the lockdown was

uniformly implemented over the French territory on March 17 (up until May 11) while the spread of the

epidemic was still very heterogeneous across regions. In particular, we can distinguish high-infection areas,

where COVID-19 was already widely spread when the lockdown started, from low-infection areas, where

the prevalence of COVID-19 was very low but where life conditions became completely identical to those

of high-infection regions.4 We build on this quasi-experimental setting by employing a triple-difference

strategy that consists of comparing the evolution of mortality between rich and poor municipalities located

1Source: European Centre for Disease Prevention and Control.
2In particular, measures based on confirmed cases are likely to introduce a substantial downward bias due to limited

(and unequally distributed) testing capacities (Borjas, 2020; Roser et al., 2020). For example, projections by Silverman et al.
(2020) suggest that almost 80 percent cases of COVID-19 in the US were never officially diagnosed. Scarpetta et al. (2020)
further show that France ranks among the worst OECD countries with respect to the number of tests per inhabitants.

3More specifically, differential effects of lockdown and/or seasonal diseases between rich and poor municipalities would
bias our estimation of the heterogeneous impact of COVID-19 on mortality across municipalities.

4Government records indicate that, on March 17, the intensive care units occupancy rate was 8% in low-infection
départements vs. 34.5% in high-infection départements.
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in high-infection regions and in low-infection regions. Our analysis compares municipalities within urban

areas to investigate the role of very local socio-economic determinants on the spread of the virus.

We find strong evidence of a positive relationship between municipalities’ mortality due to COVID-19

and their poverty level. In high-infection regions, the pandemic caused a 50pp increase in mortality in most

municipalities (relative to low-infection areas), but this increase actually reached 88pp for municipalities of

the poorest quartile (i.e. municipalities where the median household income is below the 25th percentile

of the national income distribution). By contrast, the comparison of rich and poor municipalities in

low-infection regions reveals no significant difference in the evolution of mortality.

Based on the same methodological approach, we then explore potential mechanisms explaining the

causal relationship between mortality and poverty observed at the municipality level. While we acknowl-

edge the key role that health factors may play at the individual level, we focus on two complementary

mechanisms related to disease transmission channels at the municipality level.5 Thanks to administra-

tive and nearly exhaustive data, we are able to observe labor market and housing conditions of every

municipalities’ inhabitants. We first build two different measures of occupational exposure at the mu-

nicipality level, based (i) on the frequency of social contacts under regular working conditions and (ii)

on the share of essential workers that continued going to their workplace during the lockdown. Housing

conditions are captured by the municipality-level share of overcrowded housing. Finally, to investigate

the potential interaction between occupational exposure and housing conditions, we compute the share

of multi-generational households that include at least one worker and an elderly person (over 65 y.o.).

A preliminary analysis confirms that all our indices measuring occupational exposure and poor hous-

ing conditions strongly relate to municipalities’ poverty level. Further analysis shows that the share of

overcrowded housing units unambiguously increases mortality due to the pandemic. We also find strong

evidence that a greater occupational exposure in the municipality leads to an increased mortality, but

this result is stronger when we use a measure of social contacts based on pre-lockdown working conditions

rather than the share of essential workers, suggesting that the spread of the epidemic through the labour

market was less pronounced during the lockdown. Finally, the share of multi-generational households

significantly and positively relates to excess mortality, suggesting that the effects of poor housing con-

ditions and occupational exposure on mortality may partially operate through working-age individuals

5An extensive literature provides evidence of substantial health inequalities across individuals of different socio-economic
status (Adler and Rehkopf, 2008; Cutler et al., 2012). A recent work by Wiemers et al. (2020a) confirms a higher incidence
of severe complications from COVID-19 among poor individuals. Further mechanisms may also include: greater levels of air
pollution in poorer areas (Cole et al., 2020; Persico and Johnson, 2020) and lower levels of compliance to lockdown and to
self-protection measures among low-income individuals Papageorge et al. (2020), among others. While population density is
also an often debated mechanism, we do not treat it as a potential mechanism given its negative correlation with poverty in
our data.
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transmitting the virus to more vulnerable individuals in their household. A Oaxaca-blinder decomposi-

tion finally reveals that, taken together, these mechanisms account for up to 77% of the differential in

mortality observed between rich and poor municipalities located in high-infection regions.

We make several contributions to the emerging literature on the socio-economic aspects of COVID-

19’s consequences and on the factors influencing the spread of COVID-19. A first strand of this literature

highlights the unequal effects of the COVID crisis on individuals’ labor market outcomes.6 These papers

tend to show that the crisis primarily affected the income and risk of job loss of vulnerable groups,

especially ethnic minorities and low-paid workers.7 Some recent works also provide evidence on the

unequal distribution of COVID-19 infection rates and related mortality across ethnic groups (Bertocchi

and Dimico, 2020; Borjas, 2020; McLaren, 2020; Sa, 2020). Another strand of the literature studies

the potential channels of transmission of the epidemic. In particular, recent works focus on the role of

occupational exposure (Almagro and Orane-Hutchinson, 2020; Lewandowski, 2020), economic activities’

concentration (Ascani et al. (2020)), urban density (Carozzi (2020)), presence of care homes (Alacevich

et al. (2020)), mass protests (Dave et al. (2020)) or elections (Bach et al. (2020)) in the spread of the

epidemic.

Our main contribution is to provide clear evidence of a substantial income gradient in the impact of the

pandemic on mortality, and to highlight the key role played by poor housing conditions and occupational

exposure in explaining this income gradient in the impact of COVID-19 on mortality. More generally,

we also show that both occupational exposure and poor housing conditions act as powerful transmission

channels of the epidemic. As compared to previous papers, we are able to base our analysis on exhaustive

data available at a very local level for a large population. To the best of our knowledge, our paper is also

one of the first to study potential transmission channels based on excess mortality rather than infection

rates or fatalities officially attributed to COVID-19. Finally, we develop a triple difference estimation

strategy that allows us to isolate the effect of COVID-19 from that of lockdown on excess mortality.

The remainder of the paper is organized as follows: section 2 describes the mortality data and the

construction of our outcome variable. In section 3, we present our empirical strategy before estimating

the link between poverty and excess mortality due to COVID-19 in section 4. Given these results, in

section 5 we explore potential mechanisms and in section 6 we present our conclusion.

6See e.g. Adams-Prassl et al. (2020); Alstadsæter et al. (2020); Borjas and Cassidy (2020); Dingel and Neiman (2020);
Fairlie et al. (2020); Montenovo et al. (2020); Yasenov (2020)

7However, Forsythe et al. (2020) also show that the crisis had a strong short-term impact on job vacancies and UI claims
in all industries and for most occupations in the US.
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2 Measuring COVID-19 related mortality

In this paper, we gather various data sets using municipality-level identifiers. In France, municipalities

are small administrative units of 1,600 inhabitants and 15.3 sq.km on average (as of 2014); there are about

35,000 of them in 2020. Our analysis compares municipalities within urban areas. Urban areas are groups

of neighboring municipalities defined by the French National Statistical Institute (INSEE).8 The majority

of our sources are exhaustive administrative data sets made available by INSEE, we provide more details

on all data in appendix B.

Mortality

To measure mortality due to COVID-19 at the municipality level, we rely on daily counts of deaths

from INSEE. Data includes municipality and place (hospital or clinic, home, care home, etc.) of death as

well as a set of individual-level characteristics such as sex, date of birth and municipality of residency.9

Most of our analysis focuses on the month of April - when the peak of the epidemic in France occured

(see Appendix D for a discussion and graphical evidence).

We use data on all-cause mortality data rather than COVID-19 cases or deaths, because the latter

suffer from several limitations: first, testing was not randomly allocated over the territory during the

period of observation, especially in the case of France that ranks among the worst OECD countries in

number of tests per inhabitant (Scarpetta et al., 2020; Foucart and Horel, 2020; Borjas, 2020). Second,

people who die from VIDOC-19 may not be accurately identified (e.g., if they die at home). According

to Silverman et al. (2020) projections, almost 80% of cases of COVID-19 in the US were never diagnosed.

Finally, to our knowledge, the only data available in France include people who died in hospital only,

and at a less precise spatial level (département). Conducting the analysis at the municipal level is crucial

as it allows for a closer examination of the socio-economic determinants of mortality due to COVID-19.

Indeed, while the location of a new cluster within a country may be the result of many factors, the focus

here is on the role of socio-economic factors in explaining the spread and severity of the epidemic at the

local level.

8There are 706 urban areas in France with a median number of municipalities of 89 and a median population size of
221,105 inhabitants.

9In the emergency of the COVID-crisis, INSEE made the data set available at a high frequency rate: this has induced
potential measurement errors although INSEE applies corrections at each iteration. We recognize this limitation and update
our data as often as possible. Note that, in theory, municipalities have about one week to inform INSEE about new death.
As the version of the data that we are currently using got downloaded on June 30, our measures should be accurate. For a
discussion on the quality of the data, see the information provided by INSEE. We follow the guidelines detailed in this blog
post.
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Excess mortality

Our main outcome variable is excess mortality in April 2020. It is defined as the ratio between

death rate in April 2020 and the average death rate in April 2018 and 2019.10 Because we use the same

population value (recorded in 2014) for the computation of all three death rates, it translates into the

ratio of the number of deaths in April 2020 and the average of the number of deaths in April 2019 and

2018, as follows:

Death rm =
Nm,2020

(Nm,2018 +Nm,2019)/2

where Nm,y is the number of deaths in municipality m in April of year y.

This definition of the excess mortality rate follows the guidelines defined by the Centre for Epi-

demiology of Medical Causes of Death of the French National Institute of Health and Medical Research

(INSERM, CepiDc) available here. As it is a relative measure, it takes into account population size.11

The French National Institute of Health and Medical Research has used alternative measures in

previous studies (SPF, 2019), such as the difference in the number of deaths:

Death r
′
m = Nm,2020 − (Nm,2018 +Nm,2019)/2

We therefore provide a robustness check using this definition, and results hold (Table A5 of Appendix 6).

It has been shown that the likelihood of dying from COVID-19 is much higher among people over 65

years old (Wu and McGoogan, 2020).12 However, to be as agnostic as possible, we use the total count of

deaths, without specifically focusing on the elderly. We also report the coefficient of our main regression

for different age groups in Appendix 6 (Figure A2).

Note that using all-cause excess mortality could create potential biases as it captures both the effect

of COVID-19 and of the lockdown, and because it can be sensitive to random variations (Le Bras, 2020).

We address these issues in two ways: (i) by measuring excess mortality over a month (so as to avoid

day-to-day random variations in the number of deaths); (ii) by using an empirical strategy that isolates

the effect of COVID-19 from that of the lockdown (see Section 3).

10We use the average of years 2018 and 2019 because taking several years makes our measure less sensitive to random
events occurring in a given year. For data availability reasons, we cannot go further back in time, since death data before
2018 do not include, at the moment, information on the municipality of residency. However, INSEE advises against using
too many years because demographic change makes the comparison of the number of deaths less relevant as we go further
back in time.

11However, we also control for total population and population over 65 years old in our regressions.
12In its report of March 24, the National Public Health Agency (Santé Publique France) explains that the number of

deaths of people under 65 y.o. without pre-existing conditions accounts for 2.4% of total deaths due to COVID-19 in France.
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3 Empirical strategy

We take advantage of a quasi-experiment affecting the spread of the COVID-19 epidemic in France by

employing a triple-difference strategy. Our main model (Equation 1) estimates the change in mortality

rate at the municipality level over three dimensions: (i) time; (ii) the infection intensity of COVID-19

and (iii) income. The time dimension consists in comparing the number of deaths in April 2020 with

the number of deaths in April 2018 and 2019. This difference does not explicitly appear in Equation 1

but is captured in the dependent variable Death rm,ua,d, which is defined as the excess mortality rate

in municipality m of urban area ua in département d (cf. section 2 above). The second difference in

Equation 1 compares municipalities in low- and high-infection areas. For that purpose we define the

indicator Infectd that takes the value one for municipalities in high-infection départements (indexed by

d).13 On May 7, the Ministry of Public Health published a map differentiating low- and high-infection

areas, defined at the département level. Although this map dates from May and was made in order to

guide the lockdown lifting across the country, it also appears to be a good proximate measure of the

infection intensity before and during the lockdown. We provide more details in Appendix A and report

the map in Figure A1. Finally, the third and last difference compares municipalities according to their

median standard of living. We split municipalities in two groups and the variable Poorm,ua,d in Equation

1 indicates whether municipality m belongs to the poorest group. In section 4 below, we discuss the

cut-off that we use to distribute municipalities across poorer and richer groups.

Death rm,ua,d = α+ δ.Infectd + λ.Poorm,ua,d + ρ.Infectd.Poorm,ua,d + β.Xm,ua,d + cua + εm,ua,d (1)

The main coefficient of interest is ρ which estimates the difference across high-infection and low-infection

areas of the difference in excess mortality between rich and poor municipalities within given urban areas.

Xm,ua,d is a vector of controls that varies according to the specification. The most comprehensive one

includes the total population and the population above 65 years old. Importantly, we introduce cua, an

urban-area fixed-effect so that we only exploit differences between municipalities located in a contiguous

urban environment. Municipalities are the smallest administrative units in France, and urban areas are

greater statistical units made of multiple municipalities. Our results are thus valid when comparing units

at a very fine spatial level.

13Relative to municipalities, départements are higher administrative units. There are 94 départements in mainland France,
excluding Corsica.
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This triple difference design takes advantage of a quasi-experiment: the uniform implementation of

the lockdown in France (between March 17 and May 11) froze the epidemic at very different stages of

development over the territory, while imposing identical restrictions for all areas. This design allows us

to disentangle the impact of the epidemic from that of the lockdown. This is crucial as the effect of

the lockdown on mortality is unclear and could be non-orthogonal to households’ income.14 However,

the triple-difference design does not control for the risk that, coincidentally, the differences in COVID-19

infection intensity across areas at a given point in time could be non-orthogonal to areas’ income level.

To take this into account, we include urban-area fixed-effects in our model. Finally, we cluster standard

errors at the département level, the most aggregated level of treatment status in our design. Note that

clustering at the level of urban areas does not change the nature of our results.

This model identifies the causal effect of poverty on COVID-19 related excess mortality under the sole

hypothesis that, absent COVID-19, the average difference in the evolution of mortality in April (2020 v.s.

2019 and 2018) between rich and poor municipalities of the same urban area would have been the same

in high and low-infection départements.

4 Excess mortality due to COVID-19 and poverty

In this section, we show that, within urban areas, excess mortality due to COVID-19 was higher in

poorer municipalities. We first uncover a non-linear relationship between within-urban-area income and

excess mortality, showing that the poorest municipalities suffered more of COVID-19. We then turn to

the estimation of Equation 1 to argue that this relationship is causal.

4.1 A non-linear relation between income and mortality due to COVID-19

In this subsection, we show that the relation between municipalities’ income and excess mortality

is not linear but driven by the poorest municipalities. These results are of importance per se but also

because they inform our identification strategy and the way we define poor and rich municipalities.

To show that most of the excess mortality is driven by the poorest municipalities of French urban areas,

we estimate Equation 2. Using tax data (the 2014 Filosofi database, see Appendix B for more details),

we rank municipalities according to the median standard of living of their households, from the poorest

quartile (Q1) to the richest quartile (Q4). We then regress our main dependent variable (Death rm,ua,d,

the municipality excess death ratio) on a set of dummies indicating each of the four quartiles (omitting

14On the impact of the lockdown on mortality rates see for instance Brodeur et al. (2020) - who have shown that deaths
related to traffic accidents have dropped.
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Q3 as the reference category) as well as a vector Xm,ua of municipality characteristics and urban-area

fixed-effects (γua), separately for low- and high-infection départements. Standard errors are clustered at

the département level.

Death rm,ua,d = c+ β1.Q1m,ua + β2.Q2m,ua + β4.Q4m,ua +Xm,ua.Λ + γua + νm,ua (2)

Figure 1 plots the estimated coefficients β1, β2 and β4 (and their 95% confidence interval) for urban

areas in high-infection départements (1(a)) and in low-infection départements (1(b)). Figure 1(a) shows

a marked difference between the excess mortality in the bottom quartile and in the other groups. On

average, within high-infection urban areas, the rise in the number of deaths that occurred in bottom-

quartile municipalities (between April 2020 and both April 2019 and 2018) is 40 percentage points larger

than in municipalities of the 3rd quartile. Excess mortality in the other quartiles follows a weak trend in

income but no difference across these groups is significant at the 5% level. Strikingly also, such pattern is

absent in low-infection urban areas. The poorest municipalities of these urban areas do not show excess

mortality levels that are significantly different from richer municipalities. We take these first results as

evidence that COVID-19 increased excess mortality in the poorest municipalities within high-infection

urban areas. This result is robust to alternative definition of income.15

15For instance, we also partitioned the distribution of income by deciles. In high-infection areas, the bottom three deciles
show similar excess mortality levels that are significantly different from municipalities in the 5th decile. Deciles four as well
as deciles six to ten are not significantly different in terms of mortality from the 5th decile. Hence our choice to work at the
quartile level in the end.
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Q1 (poorest)

Q2

Q3

Q4 (richest)

-1 -.8 -.6 -.4 -.2 0 .2 .4 .6 .8 1

(a) High-infection zone

Q1 (poorest)

Q2

Q3

Q4 (richest)

-1 -.8 -.6 -.4 -.2 0 .2 .4 .6 .8 1

(b) Low-infection zone

Figure 1: Excess mortality according to municipalities’ income

Note: This Figure shows the 95% confidence intervals of the coefficients estimated in Equation 2 - that is the regression of
excess mortality on quartiles of the distribution of municipalities’ income, on controls and on urban areas fixed effects.
Regressions are separately led in high-infection départements (Figure 1(a)) and low-infection ones (Figure 1(b)).
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4.2 The causal impact of poverty on excess mortality due to COVID-19

In this subsection, we argue that the relation between municipality income and excess mortality in

April 2020 shown in Figure 1 is causal and due to COVID-19. Our argument is based on the main

hypothesis that, absent COVID-19, the difference in the average evolution of mortality in April (2020 vs.

2019 and 2018) between rich and poor municipalities of each urban area would have been the same across

(actually) high-infection and low-infection départements. To support this hypothesis, we first present

graphical evidence of the change in mortality across municipalities’ income between high-infection and

low-infection areas over time. We then estimate the corresponding triple-difference model.

Figure 2 displays the binned scatter plot of the average number of deaths per year, controlling for

total population, population above 65 years old and urban-area fixed effects, separately for municipalities

from the bottom quartile (red line) and the other three (blue line). The left panel is based on low-

infection départements only. On that sample, there is a small rise in deaths in 2020 compared to previous

years but the evolution is comparable across poor and rich municipalities, although slightly higher for

the lowest quartile of income. In high-infection areas however (right panel), the pattern is dramatically

different: in 2020, mortality sharply increased and much more so in the lowest quartile municipalities than

in richer municipalities. Importantly, changes in mortality over the pre-COVID period (2018-2019) were

very similar in poor and rich municipalities (i.e. the trends were parallel) and in high- and low-infection

départements. This last piece of evidence supports the hypothesis that, absent COVID-19, the evolution

of within urban-areas differences in mortality between rich and poor municipalities would have been the

same in high- and low-infection départements; while it is not possible to test such hypothesis, we take

Figure 2 as a strong argument in its favor.
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Figure 2: Municipalities’ mortality between 2018 and 2020 according to municipalities’ poverty level

Note: This Figure shows the evolution of municipalities’ average number of deaths during the month of April between 2018
and 2020, separately for municipalities whose median income is lower than the first quartile of French municipalities’
median income (red) and municipalities above that threshold (blue). The left (right) hand graph corresponds to
municipalities located in low (high) infection départements. All estimations control for urban area fixed effects, total
population and share of population above 65 years old.

Estimands of Equation 1 displayed in Table 1 provide further evidence that the relation between

poverty and excess mortality due to COVID-19 is positive and that it is driven by the poorest munic-

ipalities. In line with what precedes, panel A of columns (1) and (2) shows results where the poverty

cut-off is the first quartile of municipalities’ median income. In rich municipalities located in low-infection

départements, the average number of deaths in April 2020 is 110% of the average number of fatalities in

2019 and 2018. This limited rise is potentially due to COVID-19 but we do not disentangle its causes and

consider it as a baseline scenario for 2020 (that is the most conservative approach). The contrast with

high-infection areas is striking: in these areas, mortality in rich municipalities in April 2020 is 160% of

that of April 2019 and 2018 (i.e. a 0.50 increase in the average excess mortality ratio of 1.1 in non-poor,

low-infection municipalities). Most importantly for us, while the impact of income on excess mortality is
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not significantly different from zero in low-infection départements, it is strongly and significantly positive

in high-infection départements. In these départements, COVID-19 has caused an excess mortality that is

38 percentage points larger on average in municipalities of the bottom quartile of the income distribution

than in richer municipalities. That is to say, poorest municipalities saw their mortality double. These

results are qualitatively unchanged when we compare municipalities above or below the median of the

national distribution of median income (see columns (3) and (4)). We also discuss the evolution of 2020

mortality over time (on a pair-of-week approach) in Appendix D.

Table 1: Excess mortality due to COVID-19 according to municipalities’ poverty level

(1) (2) (3) (4)

Infected Region 0.56765∗∗∗ 0.50295∗∗∗ 0.55603∗∗∗ 0.49125∗∗∗

(0.15339) (0.14053) (0.15971) (0.14508)

Very poor (Quart1) -0.03873 -0.04777
(0.04827) (0.04885)

Infected*Quart1 0.50212∗∗∗ 0.42904∗∗∗

(0.13412) (0.11738)

Poor -0.05926∗ -0.05818∗

(0.03207) (0.03177)

Infected*Poor 0.27501∗∗∗ 0.21982∗∗∗

(0.07986) (0.06735)

Control outcome mean 1.105 1.105 1.130 1.130

Urban areas FE X X X X
Controls . X . X

Note: This table shows the result of regressing municipalities’ excess mortality in April 2020 on
a dummy indicating that the municipality is located in a high-infection département, a dummy
indicating that the municipality’s median income is under the poverty cut-off and the interaction of
these dummies, using the ratio definition of excess mortality (i.e., number of deaths in April 2020 as
compared to April 2018 and 2019). The poverty cut-off in columns (1) and (2) corresponds to the
first quartile of municipalities’ median income, while it corresponds to the median of municipalities’
median income in columns (3) and (4). All regressions include urban areas fixed-effects. Regres-
sions in columns (2) and (4) further control for total population and for the age structure in the
municipality. The control outcome mean line reports the mean of the excess mortality rate in low-
infection-non-poor municipalities. Standard errors in parentheses are clustered at the département
level. * p<0.10, ** p<0.05, *** p<0.01.
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5 Potential mechanisms

In this section, we explore the role of two potential mechanisms that could explain the relationship

between poverty and COVID-19 related mortality: labor-market exposure (section 5.1) and housing

conditions (section 5.2).

We chose these two channels informed by current literature about how COVID-19 is transmitted.

We of course acknowledge that these are only two potential mechanisms among many, that poverty is

multidimensional and that we notably ignore the role of comorbidities known to be related with poverty

and that most likely played a role in the observed phenomenon (Wiemers et al., 2020b; Raifman and

Raifman, 2020). In other words, we do not aim to identify all the potential channels but intend to quantify

the respective role of labor-market and housing conditions in explaining the difference in mortality between

poorer and richer municipalities.

5.1 Labor Market and Exposure to COVID-19

5.1.1 Measures

We explore the idea that low-paid occupations are also more exposed to COVID-19 transmission. Our

hypothesis is that some occupations may be at higher risk, because of the nature of work in the pre-

lockdown period or because they continued to operate during the lockdown. Specifically, we build a first

measure of exposed occupations using a survey called “DEFIS” that gives a proximate measure of “direct

contact with the public” for each 3-digit level occupation code. This survey is informative on the usual

business conditions and is most relevant to analyse the impact of pre-lockdown exposure. We next exploit

the list of essential workers from the Paris Region Health Observatory. This list details occupations and

sectors of workers that kept on going to their workplace during lockdown. We provide more details about

the construction of these measures in Appendix A and reference the sources in Appendix B. Appendix 2

shows descriptive statistics.

To quantify the municipality level labor-market exposure to COVID-19, we map our two occupational

measures to exhaustive social security records called DADS. The DADS is an exhaustive administrative

data set that firms are compelled by law to fill-in yearly (cf. Appendix B). In particular, for virtually

any worker in France, we observe: the occupation and sector of employment (both at the highest level

of precision), municipality of work and municipality of residency. This allows us to compute (i) the

worker-weighted average frequency of contact (hereafter “index of frequent contact”) and (ii) the share

of essential workers in every French municipality.
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Table A2 shows the strength of the link between poverty and our labor-market measures, once included

our baseline covariates and urban-area fixed-effects. In both cases, municipalities of the poorest quartile

have more occupations in contact with the public (first column of Panel A) and more essential workers

(second column of Panel A).16

5.1.2 Results

We now estimate the triple difference model exposed in Equation 1 but substituting labor-market-

related measures in place of the poverty indicator. Table 2 reports the main coefficient of interest (i.e.

the ρ of Equation 1).

Both labor-market indices have a significant effect on excess mortality. The first column of Panel

A of Table 2 indicates that when the share of frequent-contact jobs increases by 1pp in highly infected

départments, excess mortality in April increases by about 2.56 percentage points. Put differently, increas-

ing the share of frequent-contact workers by one standard-deviation (0.046) increases excess mortality by

12pp. Although the share of essential workers has a significant effect on excess mortality, our findings

suggest that pre-lockdown occupational exposure is the most important determinant. Indeed, as displayed

in Appendix 4, when both labor-market indices are included in the regression, the coefficient of the share

of essential workers loses its significance. Further, the correlation between the two variables is sizeable

(0.46). Graphical evidence also supports this interpretation: Figure A5 (Appendix D) shows that the

weekly effect of the share of essential workers and of the index of frequent contact have the same pat-

tern. Would the former play a role independently of the latter, its effect should be a bit delayed. Taken

together, these results suggest that a larger share of essential workers rises mortality mostly through its

induced effect on pre-lockdown exposure.

5.2 Housing Conditions

5.2.1 Measures

Regarding housing conditions, we use Census data to measure the share of overcrowded housing units

in the municipality (cf. Appendices A and Appendix 2 for more details.). By multiplying the probability

16In Panel A of Table A2, the outcome means indicates that 9% of municipalities in our sample belong to the first
quartile. That share is unsurprisingly lower than 25% since the poverty variable is defined by weighting municipalities by
their population size. The first column indicates that, within an urban area, increasing the share of frequent-contact workers
by 1pp rises the probability to fall in the poorest quartile by 0.48pp. Or, a one standard deviation increase in the share
of frequent-contact workers is associated with a 2.3pp increase in excess mortality. The second column shows that a 1pp
(respectively one standard deviation) increase in the share of essential workers increases the probability to fall in the poorest
quartile by 0.91pp (respectively 9pp).
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of social contacts (either within the household or by increasing the need of going out), overcrowding is an

obvious candidate for COVID-19 transmission. In Table A2, column 4 of Panel A indicates that within

urban areas and given population size and age-structure, poorest municipalities have more overcrowded

housing units.17

5.2.2 Results

We estimate the triple difference model exposed in Equation 1 but substituting the municipality-level

share of over-crowded housing in place of the poverty indicator.

As shown by Table 2, increasing the share of overcrowded housing by 1pp increases excess mortality

by 5.6pp. In other words, and to get a sense of the magnitude of this effect, increasing the share of

over-crowded housing units by one standard-deviation (.025) increases the excess mortality by 14pp. This

is a very important effect, of comparable size with the estimates related to contacts on the labor market.

5.3 Interacting Labor-Market and Housing Conditions

5.3.1 Measures

We complement our study of labor-market and housing conditions by taking one measure at the

interaction of these two dimensions. Using exhaustive files from the Census, we compute the share of

municipalities’ households that gather at least one member aged 65 or more and one member from a

younger generation who is currently employed (see appendix A for more details on this measure). This

measure requires occupation information from the Census, which are only measured in municipalities with

at least 2,000 inhabitants and we thus report the associated results in Panel B of Table A2. Here again,

poorest municipalities are much more likely to have such type of multigenerational households.18

5.3.2 Results

In Panel B of Table 2, we observe that households including both elderly and employed individuals

seem to foster the transmission of COVID-19 and its associated mortality. We find that increasing the

share of such households by 1pp would increase excess mortality by 12pp, which happens to be equivalent

to the effect of a one standard-deviation increase. Since this last measure is only observed on a sample of

municipalities with more than 2,000 inhabitants, we also reproduce our results of Panel A (for our main

17A 1pp (respectively one standard-deviation) increase in the municipality’s share of over-crowded housing is associated
with a 2.4pp (respectively 6pp) increase in the probability to fall in the bottom 25% of the income distribution.

18The coefficient indicates that a 1pp (that happens to be the size of one standard-deviation) increase in the share of
multigenerational households increases the probability to be in the poorest quartile by 2.03pp.
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three variables) on that sample. All the point estimates are of the same magnitude, although standard

errors are larger due to the smaller sample size.

Table 2: Effect of Covid-19 on excess mortality - All
mechanisms

Occupational exposure mechanism Housing mechanism

Index of frequent contact Share of essential workers
Share of over-crowded

housing

Panel A: All urban areas

Main coefficient 2.56144*** 0.97819* 5.65638***
(0.81134) (0.50663) (1.02754)

Control outcome mean 1.036 1.036 1.043
Observations 13471 13471 12918

Panel B: Urban areas with more than 2000 inhabitant cities

Main coefficient 3.95791 0.47059 5.84591***
(2.75105) (1.24708) (1.93072)

Outcome mean 1.314 1.314 1.319
Observations 3671 3671 3653

Interaction of both mechanisms

Share of multi-generational
hh with at least one worker

Panel B: Urban areas with more than 2000 inhabitant cities

Main coefficient 12.16877**
(5.82533)

Control outcome mean 1.314
Observations 3671

Urban areas FE X X X
Controls X X X

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses are clustered at the département level. This table
shows the result of regressing municipalities’ excess mortality in April 2020 on a dummy indicating that the municipality
is located in a high-infection département, a variable measuring either housing conditions or occupational exposure and
the interaction of these variables, using the ratio definition of excess mortality (i.e. number of deaths in April 2020 as
compared to April 2018 and 2019). Each column reports the result of a separate regression examining one mechanism. The
main coefficient corresponds to the interaction term between the variable of interest and the high-infection département
dummy. All regressions include urban areas fixed-effects and control for total population and for the age structure in the
municipality. The control outcome mean line reports the mean of the excess mortality rate in low-infection municipalities.

5.4 Disentangling the role of each mechanism

To understand which mechanism prevails, we perform a horse race between variables related to occu-

pational exposure and housing conditions. Table 3 reports the results. When comparing column (1) with

columns (2) to (4), we observe that the inclusion of the share of overcrowded housing makes the coefficient
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of poverty shrink.19 Other variables have only a minor effect on the poverty coefficient. The initial co-

efficient of poverty diminishes by 45% when all covariates are included, although housing conditions and

the index of occupational contact still play a significant role in explaining excess mortality. Confirming a

previous observation, the effect of being an essential worker drops when the contact variable is included.

All in all, it suggests that both housing conditions and the frequency of social contacts through occu-

pations are important determinants of the relatively higher excess mortality due to COVID-19 in poor

municipalities, but that housing conditions appear to be the main determinant.

This analysis is confirmed by a Oaxaca-Blinder decomposition (Table A4 of Appendix 5) that quantifies

the share of the gap in excess mortality between poor and rich municipalities within urban areas in high-

infection départements that is explained by the included covariates (Oaxaca, 1973; Blinder, 1973). While

77% of the 39 percentage points difference in excess mortality rate between rich and poor municipalities

within urban area is explained by the mechanism variables (cf. column 1), the sole share of overcrowded

housing contributes 84% of these 77%, that is 65% of the total difference. This decomposition is based

on certain assumptions but, if anything, confirms that housing conditions are the main determinant of

the within-urban-area gap in excess mortality between rich and poor municipalities.

Table 3: Effect of each covariate on excess mortality due to
COVID-19

Excess Mortality Rate, april 2020

Infected Region=1 × Very poor (Quart1) 0.17657*** 0.16974*** 0.15185*** 0.10817** 0.09762**
(0.04831) (0.04423) (0.04630) (0.04338) (0.04120)

Infected Region=1 × Index of frequent contact 0.12227*** 0.08334**
(0.04005) (0.04080)

Infected Region=1 × Share of essential workers 0.09659* 0.02827
(0.05695) (0.05992)

Infected Region=1 × Share of over occupied housing units 0.12320*** 0.11403***
(0.02768) (0.02823)

Urban areas FE X X X X X
Controls X X X X X
Control outcome mean 1.038 1.038 1.038 1.043 1.043
Adjuster R2 0.0441 0.0489 0.0499 0.0527 0.0581
Observations 13219 13219 13219 12912 12912

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses. This table shows the result of regressing municipalities’
excess mortality in April 2020 on a dummy indicating that the municipality is located in a high-infection département, a
variable measuring either poverty, housing conditions or occupational exposure and the interaction of these variables, using
the ratio definition of excess mortality (i.e. number of deaths in April 2020 as compared to April 2018 and 2019). The
first columns only examines the poverty channel. Columns (2) to (4) respectively include one additional variable capturing
either the occupation or housing mechanism. The last column includes both the poverty dummy and all the mechanism
variables. All regressions include urban areas fixed-effects and control for total population and for the age structure in the
municipality. Each covariate has been normalized. The control outcome mean line reports the mean of the excess mortality
rate in low-infection municipalities.

19All covariates have been normalized to ease comparison.

18



6 Conclusion

In this paper, we provide clear evidence that COVID-19 disproportionately affects the poor. The

impact of the epidemic on excess mortality is twice as large in the poorest French municipalities, though

it also caused a significant rise in mortality in other municipalities where the virus actively circulated. We

further show that both a higher share of workers frequently in contact with the public and a higher share

of overcrowded housing explain a substantial part of the link between poverty and COVID-19 related

mortality. While such results highlight the amplifying effect of the epidemic crisis on socio-economic

inequalities, they also suggest that targeting resources at poor municipalities would be an appropriate

response to the crisis, especially in order to protect workers as much as possible in the short run and to

improve housing conditions in the medium run.
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A Appendix 1 - Measurement

1 High- and low-infection départements

When deciding the gradual lifting of the lockdown, the Ministry of Public Health provided a map

differentiating red (high-infection) and green (low-infection) départements on May 7. This map distin-

guishes high- and low-infection areas on the basis of: (i) the share of ER visits for a COVID-19 suspicion;

(ii) the occupancy rate of intensive care beds relative to the initial one; (iii) the testing rate relative to the

needs. High-infection départements correspond to 41% of the population and to roughly 30% of mainland

France départements, all in the North-Eastern quarter of the country.

Although published in May, we use this distinction as a proximate measure of COVID-19 spread

intensity before and during lockdown. We can verify that, for instance, government records indicate that,

on March 17, the intensive care units occupancy rate was 8% in low-infection vs. 34.5% in high-infection

départements.

2 Labor Market Conditions

One of the main novelties of this paper is to use administrative data to test whether labor market

conditions explain the differential in excess mortality between poor and rich municipalities. We focus on

two main characteristics of jobs that we expect to be key vectors for spreading the disease: (i) whether

the worker kept on going to her workplace during the lockdown; (ii) whether the job involves frequent

contacts with the public in usual business conditions (i.e. as measured before the lockdown).

As for the first dimension, for each municipality, we compute the share of essential workers20 based on

individual employment data from the DADS and on a list of essential occupations built by the Paris Region

Health Observatory (Mangeney et al., 2020).21 Note that, although this list was built by an administrative

organisation, it remains arbitrary by nature. However, to our knowledge, there is no better way at the

moment to characterise workers that kept on going to their workplace during the lockdown.22

As for the second dimension, our proxy is based on the question “In your job, are you in direct contact

with the public” that is available in a survey called DEFIS (see Appendix B). For each occupation code

20Workers are localised according to their municipality of residency and regardless of their municipality of work.
21Essential workers include: health workers, auxiliary nurses, pharmacists, ambulance drivers, post office clerks, the police,

public transport and funeral services, firefighters, persons working in the sale of food products, delivery workers, tobacconists
and cleaning staff. On average, they include about 19.5% of workers in each municipality. The French National Statistical
Institute also used this list in one of their paper (Papon and Robert-Bobée, 2020).

22We tried an alternative approach based on sectors that remained active during the lockdown. Our results got very noisy
as we could not systematically identify firms that remained open and workers that kept on going to their workplace at a
disaggregated level.
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(at the 3-digit level), we compute the share of workers answering “Often” (v.s. “Sometimes” or “Never”).

Using the DADS, we then compute the average of this index at the municipality level based on the

occupation distribution of workers living in each municipality.

3 Housing Conditions

Our last dimension of interest is the relation between housing conditions and excess mortality due to

COVID-19. We use the average share of housing units that are overcrowded provided by INSEE at the

municipality level. Overcrowded accommodations are those that have less than “one living room, one

room for each couple, one room for each other adult aged 19 or older, one room for two children if they

are of the same sex or are under 7 years of age, and one room per child otherwise”.

4 Interaction between Labor Market and Housing Conditions

To investigate the interactions between both mechanisms, we finally build an index at the municipality

level, based on the partial census data files available for municipalities with more than 2,000 inhabitants.

We compute the share of households with both an elderly person (over 65 y.o.) and a worker that

is younger by at least 18 years (“multi-generational households” hereafter). This variable is meant to

capture the fact that having different generations living in the same apartment increases the likelihood

to get infected, and to potentially die for the elderly. This likelihood increases further if at least one of

the younger members of the household works, as it potentially multiplies her social interactions.
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B Appendix 2 - Data Sources

by alphabetical order

DADS (for “Déclarations Annuelles des Données Sociales”) is a matched employer-employee exhaustive

data set that covers all employees in private and public sectors (outside of agriculture) in the year 2016.

The DADS is an administrative data set that all employers must report yearly to social security authorities

and tax administration. The version available to researchers is provided by the INSEE. In particular,

DADS contain information about all positions occupied by any worker in a specific year, with start and end

date at the daily level. In particular, for each position held by one individual we observe: the occupation,

the firm and sector, both location of work and residency and the number of hours spent. When using

DADS to build municipality-level indicators we rely on the municpality of residency.

Daily Deaths Files (“Fichier des Décès Quotidiens”) from INSEE record each death that occurred

between January 1, 2018 and June 5, 2020. For each death, we observe information relative to the event

(the date and municipality of death as well as a category about the place of death - hospital or clinic,

home, care home, etc.) and the individual (département of residency, sex, date of birth). INSEE made

these files available at a higher frequency during the covid-19 crisis, but this comes at the expense of

some quality checks. The files are originally recorded by municipalities and then gradually added to the

INSEE data sets, one cannot exclude that the files were incomplete by the time of our analysis although

we updated them frequently (last update: June 30th).

URL: https://www.insee.fr/fr/statistiques/4487854

DEFIS (”Dispositif d’Enquêtes sur les Formations et Itinéraires des Salariés”) is a database produced

by the Céreq. It comes from a survey led on 4,500 firms and 16,000 of their workers as of 2013. Firms with

more than 10 workers are representative of the whole private sector, but smaller ones are only representa-

tive for some sub-sectors. In this paper, we use the survey led on workers in 2015. The question of interest

relates to the frequency of on-the-job contacts with the public. It refers to the current job of workers who

have not changed firm since 2013, and to the one of 2013 for workers who changed firm since then. URL:

https://www.cereq.fr/en/data-access-lifelong-learning-and-vocational-training-surveys-defis-cvts-base-reflet/

defis-employee

Filosofi database (a French acronym for “Localised Disposable Income System”), 2014 version, con-

tains a series of local measures on income and poverty. INSEE uses fiscal and social benefits data to com-
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pute these indicators at the municipality level. In particular, we are interested in the median standard of

living of each municipality’s inhabitants. The concept of standard of living corresponds to the household

disposable income divided by consumption units (using the OECD scale), to account for the size of the

household. URL: https://www.insee.fr/fr/metadonnees/source/operation/s1451/presentation

Population Censuses are used to compute a series of measures at the municipality level. Each year:

(i) a fifth of municipalities with less than 10,000 inhabitants are covered by an exhaustive census and (ii)

a sample of 8% of the population of municipalities with 10,000 or more inhabitants are surveyed. In-depth

questions relative to economic activity and family structure of households are only available for about

20% of the households of municipalities under 10,000 inhabitants and about 40% of the households in

the other municipalities (10,000 inhabitants or more). Analyses of in-depth questions cannot be done for

municipalities with less than 2,000 inhabitants as samples get too small. We use INSEE annual population

counts and both exhaustive and partial census data files.

URL: https://www.insee.fr/fr/information/2383265

Urban Areas are defined by the INSEE as a group of neighboring municipalities encompassing an

urban centre and its periphery made of municipalities where at least 40% of employed inhabitants works

in the urban centre, as of 2010. We often only consider the big urban areas, where the centre contained

10,000 jobs or more, as of 2010. Big urban areas represent 80% of the French mainland population in

2014.
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C Appendix 3 - Additional Tables and Figures

1 Institutional framework

Figure A1: High- (red) and low-infection (green) Départements as of May 7, 2020

Note: Map of Départements issued by the Government on May 7, 2020. See source.

2 Descriptive statistics

Table A1: Distribution of the explanatory variable by
poverty status

All Poor municipalities Non-poor municipalities
Mean Standard deviation Mean Standard deviation Mean Standard deviation

Share of over occupied housing units .0175874 .0255011 .0328289 .0436706 .0160234 .0222453
Index of frequent contact .5826732 .0360948 .5923971 .0413655 .581551 .0344396
Share of essential workers .1942225 .0633863 .234419 .0569818 .1875544 .0554648
Share of multi-generational households .0237836 .0113051 .0252773 .0112828 .0234873 .0112877

Observations 15093 1388 13431

This table shows the distribution of the explanatory variables used in the analysis for the full sample and
by poverty status. Poor municipalities are defined as belonging to the bottom 25% of the national median
income distribution at the municipality level. The sample is restricted to municipalities within urban areas.
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3 Association between poverty and occupation and housing variables

Table A2: Association between poverty and occupation
and housing variables

Index of frequent contact Share of essential workers
Share of over-crowded

housing

Panel A: All urban areas

Main coefficient 0.48390*** 0.90858*** 2.46026***
(0.16111) (0.08658) (0.25582)

Control outcome mean 0.092 0.092 0.091
Observations 14684 14684 14360

Share of multi-generational
hh with at least one worker

Panel B: Urban areas with more than 2000 inhabitant cities

Main coefficient 2.03794**
(0.79269)

Control outcome mean 0.086
Observations 3741

Urban areas FE X X X
Controls X X X

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses are clustered at the département level. Each column
reports the result of a separate regression of poverty on each mechanism variable. Poor is defined as belonging to the first
quartile of the median income distribution. Controls include total population and population over 65 years old. The control
outcome mean line reports the mean of the poverty variable in low-infection départements.
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4 Discussion of the occupational exposure measures

Table A3: Effect of Covid-19 on excess mortality -
Occupational exposure

Excess Mortality Rate, April 2020

Infected Region=1 × Share of essential workers 0.97819* 0.62669
(0.50663) (0.48922)

Infected Region=1 × Index of frequent contact 2.56144*** 2.12282***
(0.81134) (0.76049)

Urban areas FE X X X
Controls X X X
Control outcome mean 1.036 1.036 1.036
Adjusted R2 0.0467 0.0469 0.0488
Observations 13471 13471 13471

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses are clustered at the
département level. This table shows the result of regressing municipalities’ excess mortality
in April 2020 on a dummy indicating that the municipality is located in a high-infection
département, a variable measuring occupational exposure and the interaction of these vari-
ables, using the ratio definition of excess mortality (i.e. number of deaths in April 2020 as
compared to April 2018 and 2019). The first two columns examine the effect of being defined
as an essential worker and of exercising a frequent contact occupation, separately. The last
column includes both occupational exposure variables. All regressions include urban areas
fixed-effects and control for total population and for the age structure in the municipality.
The control outcome mean line reports the mean of the excess mortality rate in low-infection
départements.

5 Oaxaca-Blinder decomposition

The top part of Table A4 reports the excess mortality rate in poor and non-poor municipalities in high-

infection départements, as well as the share of the difference between both rates that is explained by the

included variables, and the share that is unexplained. The middle and bottom parts of the table describe,

respectively, the contribution of each variable to the explained and unexplained shares of the difference.

The first column of Table A4 indicates that 77% of the 39 percentage points difference in excess mortality

rate between rich and poor municipalities within urban area is explained by the variables capturing

occupational exposure and housing conditions. The sole share of overcrowded housing contributes 84%

of these 77%, while the essential worker variable explains the rest.23 The inclusion of population controls

in column (2) makes the explained share jump to virtually all of the total difference, but does not affect

much the respective weight of each covariate.

23The essential worker variable contributes significantly to the explained share whereas Table A3 shows that most of the
essential worker effect is absorbed by the contact channel. It suggests that being an essential worker explains to some extent
the difference in excess mortality between poor and rich municipalities in high-infection areas. However, the frequency of
social contact is the main determinant of the occupational exposure effect that explains differences in excess mortality.
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Table A4: Oaxaca-Blinder decomposition of the excess
mortality gap between poor and rich municipalities in

high-infection areas

Excess Mortality Rate, April 2020

Very poor (Quart1) = 0 1.20117*** 1.20117***
(0.02015) (0.02016)

Very poor (Quart1) = 1 1.59473*** 1.59473***
(0.06071) (0.06091)

Difference -0.39356*** -0.39356***
(0.06397) (0.06416)

Explained -0.30314*** -0.41082***
(0.03911) (0.04738)

Unexplained -0.09042 0.01726
(0.06669) (0.07215)

Explained

Share of over occupied housing units -0.25541*** -0.18438***
(0.03143) (0.02945)

Index of frequent contact -0.00326 -0.00173
(0.00294) (0.00206)

Share of essential workers -0.05203*** -0.04966***
(0.01889) (0.01880)

Urban Area, code 0.00756 0.00692
(0.01147) (0.01140)

Population Municipality, 2014 0.62253***
(0.15872)

Pop. 65-74 -1.21409***
(0.24892)

Pop. 75-84 0.11918
(0.20209)

Pop. 85+ 0.29042***
(0.10711)

Unexplained

Share of over occupied housing units 0.03890 -0.03834
(0.03882) (0.04820)

Index of frequent contact 0.00061 -0.00072
(0.00536) (0.00551)

Share of essential workers -0.03340 -0.03391
(0.02660) (0.02688)

Urban Area, code -0.02148 -0.02685
(0.05280) (0.05358)

Population Municipality, 2014 -0.63503**
(0.25436)

Pop. 65-74 1.32260***
(0.50608)

Pop. 75-84 -0.18966
(0.46288)

Pop. 85+ -0.25624
(0.23142)

Constant -0.07506 -0.12459
(0.08940) (0.10127)

Observations 5341 5341

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses. This
table reports the output of a Oaxaca-Blinder decomposition (Oaxaca, 1973;
Blinder, 1973) of the gap in excess mortality between rich and poor munici-
palities in high-infection areas. It indicates that the share of this gap that is
explained by included covariates. Each covariate has been normalized.
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6 Robustness checks

Excess mortality according to municipality’s income by age group

Age is one of the main determinants of COVID-19 mortality (Wu and McGoogan, 2020): the National

Public Health Agency, in its report of March 24, estimates the average age at death due to COVID-19

at 81.2. Therefore, we expect most of the variation in excess mortality to come from the top of the age

distribution. Figure A2 of Appendix 6 shows the coefficient from the same triple-difference specification

as in Table 1, for each age group separately. The coefficient for the total population is reproduced at the

left hand side of Figure A2. We observe a pattern increasing with age: among people over 85 y.o., the

difference in excess mortality between rich and poor municipalities within a given urban area is larger by

63 percentage points in high-infection départments than in low-infection ones. If the coefficients in the

four top age groups are not significantly different from each other, they are significantly different from the

coefficients for the population below 50 y.o. That supports our previous findings by showing that they

are consistent with the empirical fact that most of COVID-19 related mortality is to be found among the

elderly. It also indicates that the causal impact of poverty on COVID-19 related mortality is particularly

strong for this age group.
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Figure A2: Differential effect of Covid-19 in rich and poor
municipalities by age group

NOTE: This graph plots the triple difference coefficient for each age group separately. It measures the effect of the
interaction term between the high-infection region dummy and the poverty dummy on the excess mortality in April for each
age group.

Alternative excess mortality measure

Our preferred excess mortality measure described in Section 2 allows to account for population size,

and is in line with the recommendations of the National Public Health Institute. However, we reproduce

the main specification of Table 1 on the number of deaths rather than on the excess mortality rate. Table

A5 of Appendix 6 shows the triple-difference coefficients of a regression of the death toll in April on three

dimensions (and their interactions): (i) living in a high- v.s. low-infection region; (ii) living in a poor v.s.

rich municipality, (iii) in 2020 v.s. the average between 2019 and 2018. It indicates that, within urban

areas in high-infection départements, being a poor municipality (i.e. belonging to the first quartile of the

income distribution) increases the number of deaths in April 2020 by 9 units relative to a baseline number

of deaths in rich municipalities during the pre-COVID period of 3.8. In low-infection départements, the

average pre-COVID difference in death toll between rich and poor municipalities of the same urban area

was about 1.6 units. It has only increased by 0.7 units after COVID-19. The main effect slightly decreases

if we define poverty relative to the median of the income distribution, but remains in the same order of
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magnitude. Results are therefore consistent with our main specification, and are not sensitive to the

definition of the outcome variable.

Table A5: Death toll in April according to municipalities’
median income

Death toll, April

Infected Region=1 4.44356** 1.47092 4.43288** 1.43097
(1.88259) (0.95593) (1.92102) (0.97176)

Very poor (Quart1)=1 4.56109*** 1.61709**
(0.80568) (0.79419)

Infected Region=1 × Very poor (Quart1)=1 3.50447** 0.86855
(1.34682) (0.65567)

2020=1 0.31417*** 0.31417*** 0.30775*** 0.30775***
(0.08710) (0.08710) (0.08374) (0.08374)

Infected Region=1 × 2020=1 1.13961*** 1.13961*** 1.14070** 1.14070**
(0.42557) (0.42559) (0.43813) (0.43815)

Very poor (Quart1)=1 × 2020=1 0.41920* 0.41920*
(0.24234) (0.24235)

Infected Region=1 × Very poor (Quart1)=1 × 2020=1 4.62875** 4.62875**
(1.97916) (1.97925)

Poor=1 2.75368*** 0.99277*
(0.50238) (0.51641)

Infected Region=1 × Poor=1 2.02596** 0.61896*
(0.93545) (0.32422)

Poor=1 × 2020=1 0.12968 0.12968
(0.08445) (0.08446)

Infected Region=1 × Poor=1 × 2020=1 1.68545** 1.68545**
(0.82111) (0.82115)

Urban areas FE X X X X
Controls . X . X
Control outcome mean 2.329 2.329 1.981 1.981
Observations 44457 44457 44457 44457

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses are clustered at the département level. This table
shows the result of regressing municipalities’ death toll in April on a dummy indicating that the municipality is located
in a high-infection region (départment), a dummy indicating that the municipality’s median income is under the poverty
cut-off, a dummy Post equal to one in 2020, and the interaction of these dummies. The poverty cut-off in columns (1) and
(2) corresponds to the first quartile of municipalities’ median income, while it corresponds to the median of municipalities’
median income in columns (3) and (4). All regressions include urban areas fixed-effects. Regressions in columns (2) and
(4) further control for total population and for the age structure in the municipality.
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D Appendix 4 - Mortality Over Time

1 Change in mortality over time

We perform our main analysis on the month of April 2020 (compared to April of 2018 and 2019). In

this appendix we present results for other periods of 2020 with two main objectives: first to be transparent

and comprehensive on the evolution of mortality over time (cf. 1.1), and second to show that focusing on

April eases interpretation without loss of much information (cf. 1.2).

1.1 April as the peak in mortality

Figure A3 describes the evolution of the ratio of mortality 2020 vs. (the average of) 2018-2019 over

time and within the four categories we compare (i.e. low vs. high infection areas and poorer vs. other

municipalities). We compute the mortality ratio for periods of contiguous two weeks, from the weeks 1

and 2 to the weeks 21 and 22. Three main periods emerge from Figure A3: first, until weeks 9 and 10,

the mortality of 2020 was slightly lesser than mortality in 2019 and 2018 (a fact explained by the strength

of the 2018 Influenza epidemic in France); second, a sharp rise in mortality occurs from weeks 11 and 12;

third, mortality seems to decline back to previous levels from weeks 17 and 18.

The main take-way from this exercise is that April (roughly from week 13 to 18, as indicated by the

vertical black lines on the Figure) encompasses the peak of the 2020 rise in mortality. By selecting this

month, we thus perform our main analysis on the weeks when COVID-19 was most salient in French

mortality records.

1.2 Performing the analysis on other time periods

From Figure A3 it also appears strikingly that the pattern in mortality is much more pronounced in

high-infection areas and disproportionately affect the poorest municipalities. Such observation is at the

core of our main analysis.

Focusing on a month-to-month analysis has two main advantages: first, it eases the analysis by

reducing the dimensions of the question and second, it makes the ratio of mortality more reliable (by

reducing the number of municipalities with no death record over a specific time period). For the sake of

completeness however, we estimate again our main models (that are based on Equation 1) at the 2-weeks-

pair level. We report graphical evidence on the estimated coefficients below (in Figures A4 and A5) and

tables or numbers are available upon request.
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Figure A3: 2020 Excess Mortality, Over Weeks
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Our main take-away message here is that our model essentially performs well in the weeks around the

peak of mortality. Coefficients in April are unsurprisingly and reassuringly the highest and most signifi-

cant. If anything, this result confirms our interpretation of the main effect and the explored mechanisms.
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Figure A4: Poverty Effect Over Time
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Figure A5: Mechanisms: Over Time Analyis

(a) Labor Market Conditions

(b) Housing Conditions39
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