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Abstract 
 
We examine the economic geography of gender wage gaps to understand the role that location 
plays in gender earning differences. Using panelised administrative data for the universe of French 
workers, our findings indicate that women benefit relatively more from density than men, with an 
urban wage premium (return to urban density) 48% higher than for men. We identify a number of 
factors that explain this gap, with a large share being explained by the structure of the local labour 
market, notably, the extent of occupational segregation. Another important factor is commuting 
patterns, while childcare availability plays only a moderate role. 
JEL-Codes: J310, J160, R100, R230, R120. 
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1 Introduction

Although wage differences between men and women have narrowed consider-

ably over the past decades, they have not vanished (see e.g. Goldin, 2014). To

explain this persistence in the gender wage gap, discrimination, child penalties,

and gender norms are often invoked (Kleven et al., 2019a,b; Bertrand et al.,

2015). While much has been learned about these factors at large, their spatial

dimension has received little attention to date. The aim of this paper is thus

to examine the economic geography of gender earnings gaps using data for the

universe of French workers.

Geography should matter. It is well known in urban economics that wages

tend to be higher in denser local labour markets, and this so-called urban wage

premium is explained in part by agglomeration economies (see, for example,

Combes and Gobillon, 2015, and more recently Dauth et al., 2022 and Card

et al., 2024). By contrast, little is known about whether such wage gains

differ between men and women and whether characteristics of the local labour

market other than agglomeration economies can explain the differences. In this

paper, we bring these two perspectives together and ask whether the urban

wage premium, and hence the gender earnings gap, varies systematically across

local labour markets, and if so, why?

Our empirical strategy starts by following standard practice in urban eco-

nomics, as we estimate multi-stage AKM-style multi-way fixed effect mod-

els following Combes et al. (2008) and recent advances in the agglomeration

economies literature, such as Card et al. (2024). In the first stage, wage regres-

sions are estimated using worker and location fixed effects in order to correct

for the potential selection of workers across locations. In the second stage, the

measure of the urban wage premium is obtained by regressing the fitted loca-

tion effects on the logarithm of location density. Adapting this procedure to

our context, we estimate the first stage empirical model separately by gender

and then regress the differences in the gender-specific fitted location effects on

location density to obtain our measure of the gender gap in the urban wage

premium.
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The credibility of this research design depends on the quality of the fitted

location effects. As these are identified in the data by movers, sufficient move-

ment across local labour markets is required. Consequently, the demands on

the data are considerable. We meet this data challenge by using French admin-

istrative panelised data for the universe of workers for the period 2005-2019,

yielding about 237 million observations across the entire French metropolitan

territory. Moreover, our panel enables the construction of worker employment

history, so we can control in the first stage for where work experience has been

acquired and thus for dynamic agglomeration gains, as done by De la Roca

and Puga (2016). We find that the French urban premium of female workers is

48% larger than that of men, implying that, doubling the population density

of the commuting zone is associated with an approximate increase in earnings

of 2.4% for women, compared to 1.6% for men.

Having obtained a significant gender gap, we then show in the second part

of our analysis that this gap can be explained as we augment the second-stage

regression by relevant descriptors of the local labour market. The density of ur-

ban areas can affect both labour demand as well as the availability of services,

which in turn may impact the labour supply of men and women differently.

In particular, we consider aspects such as childcare provision and commuting

times, as well as labour market features including the diversity of occupations

available and the extent of labour market concentration. The latter could

affect men and women differently; for example, greater concentration could

weaken the position of women when bargaining their pay, thus resulting in a

greater gender earnings gap. Given the importance attributed to social norms

in the recent literature on gender gaps, we also consider a proxy for gender

norms to ask if more traditional norms in low-density locations are behind the

observed gap. Under more traditional norms that view women as secondary

earners, firms could be less likely to promote women, women themselves may

be less inclined to negotiate their earnings upwards, or they may self-select

into occupations seen as feminine, all of which would result in lower female

earnings in less dense locations.

Augmenting the model with local characteristics, the significant baseline
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estimate of the gap in the coefficients of log density of 0.0076 is fully explained

by the local determinants. We find that several forces are at work. About one-

third (36%) of the initial difference in the urban wage premium between men

and women is due to dynamics returns to experience when we augment our

first-stage with controls for where and when the experience has been acquired.

Then, we assess the effect of local features. The decomposition developed

by Gelbach (2016) is especially useful for our specification as it allows to

disentangle the extent to which the effect of population density on the urban

premium gender gap is mediated by other explanatory variables.1

Our findings indicate that the gap remaining once we control for experience

history is mainly explained by the structure of the local labour market. A key

feature is the extent of occupational segregation, and our results indicate that

in areas with low population density, the distinct sorting of men and women

into separate occupations is more pronounced. This, in turn, is correlated with

a larger wage gap, in line with an extensive literature showing that feminised

occupations command lower wages (Blau and Kahn, 2003). Additionally, lo-

cal disparities in road commuting time contribute considerably to the gender

gap in agglomeration economies. This result is consistent with recent evidence

highlighting the role of commuting in creating gender wage gaps (Le Barban-

chon et al., 2021; Liu and Su, 2024), and since commuting time is greater in

less dense areas this factor explains part of the effect of density. Labour market

concentration and the diversity of industries are also important. In contrast,

differences across locations in the availability of childcare play a significant but

economically moderate role. Historical gender norms are significant too but

their effect is largely wiped out once we control for occupational segregation.

Our approach enables us to make several contributions to the established

literature. First and foremost, we provide a detailed examination of the eco-

nomic geography of the gender gap, using exhaustive population data for

French workers at the appropriate spatial scale (local labour markets). To

date, researchers usually take a non-spatial perspective to explain the persis-

1Notably, this decomposition allows to overcome the problem of sequence dependence,
i.e. the order in which additional covariates enter the regression which can affect the results.
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tence of the gender wage gap. For instance, a recent literature has pointed to

the effect of social norms, leading to differences in chosen occupations or hours

of work. Goldin (2014), for example, emphasizes the importance of workplace

norms concerning hours of work which affect the degree of flexibility that

women may have, while Bertrand et al. (2015) focus on households’ desire

to conform to the “breadwinner norm”, which results in women taking labour

supply decisions that ensure their husbands earn more than they do. We show,

first, that these factors follow a systematic spatial pattern, as the gender gaps

in the densest local labour markets are considerably smaller than in the least

dense ones. Second, we find that some but not all aspects related to gender

norms matter. A large share of the gender gap in the urban wage premium is

explained by the higher occupational segregation observed in the least dense

locations. In contrast, availability of childcare facilities plays a moderate role

while the length of commuting is an important factor. The urban premium

gap is also explained by other features of the local labour market, as women’s

earnings are negatively affected by a lower diversity of industries and greater

labour market concentration, an aspect that has been largely ignored in the

debate on gender gaps.

Second, we contribute to the literature on the urban wage gap by highlight-

ing how it differs across genders, thus identifying a gender gap in the urban

wage premium. The typical focus in this literature is on male workers and lit-

tle attention has been given to the heterogeneity of this phenomenon between

different demographic groups.2 This difficulty likely arises from the challenges

in tracking women’s career trajectories locally and over time, especially fol-

lowing career breaks, which are more common among women than men due

to motherhood. Our paper builds on the existing literature on agglomera-

tion economies by computing the agglomeration gains for women as well as

for men. Our finding that women experience a higher urban wage premium

implies that focusing exclusively on men results in an underestimation of the

2A notable exception is Ananat et al. (2018) who have explored the urban wage premium
gap between black and white male workers in the US and show that higher density results
in a smaller increase in wages for blacks than for whites in the same metropolitan area.
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overall urban wage premium. Moreover, the contrast between our results and

those on black workers (in the US) indicates that the mechanisms through

which density affects the wages of minority workers are highly specific to the

minority group under consideration (Ananat et al., 2018).

Third, although a small literature on gender and location exists, we advance

our understanding of the reasons why the urban premium is higher for women,

reconciling the recent evidence in both the urban economics and the literature

on gender gaps in earnings. This empirical literature has examined how city

size affects the gender wage gap with mixed evidence. Early work found a

negative correlation between city size and the gender wage gap in the US and

in the UK, showing that the larger the population of the standard metropolitan

area, the smaller the gender wage gap is; see Oaxaca (1973), Frank (1978), and

Ofek and Merrill (1997). More recently and focusing on different countries,

Phimister (2005), Hirsch et al. (2013), Duranton (2016), Nisic (2017), Almeida

et al. (2022) and D’Costa (2024) also found a positive correlation between city

size or the rural/urban divide and women’s wages relative to men’s. Meekes

and Hassink (2023) and De la Roca and Puga (2016), in turn, do not find

a significant difference. Data limitations imply that these analyses do not

correct for the sorting of workers across locations.3

Our paper’s contribution to this literature is twofold. On the one hand, we

provide the first analysis of gender urban wage premia that corrects for the

bias associated with sorting. This avoids concerns due to unobserved worker

ability and endogeneity, and our use of alternative methodologies shows that

the gender gap in is robust to the estimation approach employed. On the

other, this literature has barely examined the mechanisms that may explain

3The paper closest to our work is D’Costa (2024), who use the specification proposed
by Glaeser and Maré (2001) to estimate the gender gap in the urban wage premium. Her
approach differs from ours in that it employs a one-step approach with individual fixed
effects, whereas we rely on the recent literature that has widely documented the benefits of
the 2-steps approach to estimate the agglomeration economies, starting with Combes et al.
(2008). Also, while D’Costa (2024) uses a binary rural/urban divide, we follow the literature
by using a continuous measure of population density. This provides finer granularity, avoids
arbitrary cutoffs, and better captures local externalities.
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why women benefit more than men from denser locations.4 Our paper explores

the reasons why the urban premium is higher for women, and identifies three

key aspects not explored by the agglomeration economics literature: the role

of returns to experience, the impact of commuting costs, and the fact that

denser locations exhibit less occupational segregation, potentially due to more

traditional gender norms.

The rest of the paper is structured as follows. Section 2 describes our data,

while section 3 describes the empirical strategy following the methodology

developed by Combes et al. (2008). We then present our key results (Section

3.2) and explore possible mechanisms (Section 3.3). Section 4 concludes. The

Online Appendix contains substantial supplementary material covering data

descriptives, details on estimation methods, additional empirical evidence, and

robustness analyses.

2 Administrative population data

We use panelised administrative data for the universe of workers in France over

the period 2005 to 2019 working in private or public firms, but excluding civil

servants.5 Known as BTS (Base Tous Salariés), these data are provided by

the French National Institute for Statistics (INSEE) as a series of exhaustive

yearly files, derived from tax returns submitted by firms on their employees’

payrolls. To construct the pseudo-panel, we follow the variable-based matching

approach described in Babet et al. (2023).6 Our spatial unit, reported in the

4Starting with Frank (1978), the literature has simply argued that women exhibit a
lower spatial elasticity of labour which in turn leads to lower wages.

5More specifically, the data includes workers in EPIC, ‘Établissement public à caractère
industriel et commercial en France’, which include firms such as France Télécom, Air France,
EDF-GDF, or SNCF, but exclude civil servants such as school teachers or those holding
public office.

6In the BTS, each worker is assigned a pseudonymous identification code that changes
annually. However, most job-related variables are available for both the current year and
the preceding year. The construction of the exhaustive pseudo-panel is then done with the
data overlap based on matched attributes (e.g. establishment ID, gender, hours worked, job
duration in days, job start and end dates, work and residence municipalities, earnings, and
age) between the information of the current year and the preceding one.
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BTS, is the commuting zone (CZ - zones d’emploi), based on the place of

residence, and defined by the INSEE for the year 2010 on the basis of the

daily commute of workers, leading to a partition of mainland France into 297

commuting zones.7

While the exhaustive BTS data has not been available to researchers until

recently, its sibling, the 1/12 sample known as the DADS (Déclarations An-

nuelles des Données Sociales), has been used for many years.8 Our empirical

strategy, explained in detail in Section 3.2 below, requires sufficient movement

of subgroups of workers across commuting zones and that the data be spa-

tially representative even for the smallest locations. Since this might not be

the case in the 1/12 sample, we work with the universe of French private sector

employees.9

2.1 Variable construction

The BTS dataset allows us to construct complete labour market histories in-

cluding wages, time worked, and type of job contract. ‘Wages’ refer to the

principal occupation of the worker and are computed as monthly deflated gross

earnings in 2019 prices. Monthly earnings is our main variable of interest.

Our spatial unit is the commuting zone, but we follow standard practice

in urban economics and refer to ‘commuting zones’,‘cities’ and ‘locations’ in-

terchangeably. The ‘density’ of a commuting zone is defined as the number of

inhabitants, using the INSEE’s historical data of communal populations, di-

vided by the surface area in kilometres, for each year between 2005 and 2019.

The geo-coding of place of residence and place of work allows us to measure

where work experience was acquired in the past, as well as to measure the

current commuting distance, two aspects that we will consider in our analysis

7In Appendix D.3, we check the robustness of our results to an alternative spatial unit,
the urban areas (Zones Urbaines).

8See, for instance, Abowd et al. (1999) Abowd et al. (1999); Combes et al. (2012);
Schmutz and Sidibé (2018); Le Barbanchon et al. (2021) or Bilal (2023).

9Table D.2 in Appendix D.1 reproduces our main estimates using the DADS and shows
that using these data results in an underestimation of the female city size earning premium
and an overestimation of the male one.
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following recent work that highlights the importance of these variables (De la

Roca and Puga, 2016; Le Barbanchon et al., 2021).

Occupations are coded according to the French classification PCS (at the

2-digit level) with 23 categories while industry variables are coded according

to the French industry classification (NAF) with 17 categories. Appendix A

provides a detailed enumeration of categories.

Additional commuting zone descriptors are constructed from both the BTS

and other administrative data sources. The former is used to construct mea-

sures of occupational segregation, average road commute, and labour market

concentration. Appendix A describes in detail all additional variables used,

which include, for example, a measure of labour market tightness constructed

using data from the French unemployment agency, or the availability of child-

care services, obtained from administrative data on firms and their establish-

ments’ location and main activity in France (SIRENE data).10

2.2 Sample selection

We consider prime-age workers in the private sector in mainland France.11

More specifically, our age restriction is 25-55, excluding young and teenage

workers since we want to focus on stable career paths. As our empirical strat-

egy exploits the mobility of workers, the well-known ‘getting-started’ phe-

nomenon would add confounding noise for the youngest workers since most

teenage workers are on minimum wages with little wage change following job-

to-job transitions. For the same reasons, we exclude older workers whose re-

location decisions might be influenced by (pre-)retirement considerations and

for whom there may be considerable selection into employment, for example

if those on lower wages retire early.

10Alternative specifications using measures of local childcare services built with data
obtained from the State Services for Family (‘Caisse d’Allocation Familiales’), available
only from 2013 onwards, provide similar results.

11The public sector is included in the BTS only from 2010 onwards. Our robustness tests
in Appendix D.3, Table D.5, confirm that our results do not change when we restrict the
observation window but include these workers.
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Our analysis focuses on the period 2005 to 2019, given data availability,12

and these selection rules yield a population that comprises 106,412,914 employ-

ment spells for women and 131,336,044 for men. Overall we observe 40,380,984

workers.

2.3 Descriptive Statistics

Figure 1 maps the spatial variation across commuting zones of the gender gap

in average earnings for the year 2019. Since the urban wage premium relates

location effects to local population density, we depict in the second panel

the densities of commuting zones. These two maps suggest that the higher the

density of the population, the smaller the gender earnings gap is, especially for

the 4 largest areas in France (i.e. Paris and its surroundings, Marseille, Lyon

and Lille). This visual impression of a negative correlation is confirmed more

formally in Table A.1 in the Appendix, where we regress the local gender gap

in mean monthly earnings on local density, and obtain a negative coefficient.

The same negative correlation holds when we use alternative definitions of

earnings or hourly wages.

Since the urban wage premium will be identified on workers who change

commuting zones, we present selected summary statistics that compare movers

and stayers. A map and transition matrix of movers’ flows can be found in

Appendix A.3. Over the period 2005 to 2019, our dataset contains 5,525,132

commuting zone changes, with 15% of men and 12% of women moving at

least once. Of all the workers included in the sample, around 20% of female

employment spells correspond to women who migrate at least once, while

approximately 24% of male employment spells pertain to men who have moved

at least once. A substantial share of such moves involves career changes, as

approximately 29% of female movers have a different occupation after the

move, the corresponding percentage being 31% for men.

12Although the data is available starting in 1994, we start only in 2005 to ensure we have
sufficient prior years of data to accurately reconstruct the workers’ dynamic experience
histories to replicate the estimation of De la Roca and Puga (2016), as we will discuss
below.
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Figure 1: Local gender gaps in earnings and density in 2019

(a) Gender gaps in earnings

Notes: BTS data, 2019. This map plots the
mean gross monthly deflated earnings gap by
commuting zone. A darker area denotes a
higher gender earnings gap and a lighter area
denotes a lower gender earnings gap.

(b) Urban density

Notes: INSEE data, 2019. This map plots
the demographic density (population within
one square kilometre) by commuting zone.
A darker area denotes a higher density and
a lighter area denotes a lower density.

Table 1: Summary statistics: Average values for movers and non-movers

Men Women Gap

Monthly earnings Non-movers 3,041 2,488 553 ∗∗∗

In euros Movers 3,133 2,694 439 ∗∗∗

Part-time Non-movers 0.10 0.34 -0.24 ∗∗∗

Share of population Movers 0.10 0.24 -0.14 ∗∗∗

Experience in the Non-movers 3.76 3.50 0.31 ∗∗∗

establishment - In years Movers 2.57 2.50 0.07 ∗∗∗

Experience in the firm Non-movers 4.44 4.10 0.34 ∗∗∗

In years Movers 3.30 3.22 0.09 ∗∗∗

Short-term contract Non-movers 0.18 0.17 0.01 ∗∗∗

Share of population Movers 0.21 0.20 0.01 ∗∗∗

Note: BTS data (2005-2019). Table 1 displays the average characteristics (and gaps) of workers,
measured separately for male and female workers, as well as for movers across different commuting
zones and stayers within the same commuting zone during the period 2005-2019.

Table 1 presents summary statistics for our data. It shows that spatial
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mobility tends to increase earnings. Women tend to earn less than men, but

the earnings gender gap is lower for movers than for stayers (553e per month

for the former and 439e for the latter, the resulting earnings gap being 16%

and 22%, respectively). The incidence of part-time workers is considerably

larger for women, but lower among female movers (24% vs. 34%), while about

10% of male workers are part-timers. By construction, movers have shorter job

durations in the same establishment or firm than stayers, typically by around

one year, while the incidence of non-permanent contracts is higher among

movers. The respective durations are somewhat shorter for women than for

men.

Table 2: Descriptive statistics of movers before and after the CZ migration

All 25-35 35-45 45-55

Men Women Gap Men Women Gap Men Women Gap Men Women Gap

Log density
Just before moving 5.77 5.82 0.05 5.75 5.86 0.11 5.84 5.82 -0.02 5.72 5.64 -0.08

Just after moving 5.65 5.65 0 5.68 5.74 0.06 5.63 5.57 -0.06 5.56 5.46 -0.10

Wage difference Following the migration 4% 5% 1 5% 5% 0 3% 5% 2 3% 5% 2

Note: BTS data (2005-2019). Table 2 reports the average log population density in the commuting
zones of origin and destination, for male and female movers, and the gender gap across age groups before
and after moving to a different commuting zone. Additionally, Table 2 reports the wage differential
following a move to a different commuting zone, separately measured for men and women and age
groups.

Table 2 focuses on movers and confirms that movers tend to experience

earnings gains. Following a move, the earnings of female workers increase by

about 5% across all age groups, while younger male workers enjoy slightly

higher relative gains than older male workers (5% v. 3%). Across all age

and sex groups, movers tend to end in slightly less dense locations. Maps of

movers’ flows by gender and age groups are provided in Appendix A.3, showing

that mobility patterns do not exhibit important variations throughout the life

cycle.

Further descriptive statistics can be found in Appendices A and B. In

Appendix A.4, we provide evidence that the negative selection bias occurring

in less dense CZ is not greater for women than for men, at least as far as

the educational characteristics of the non-employed are concerned. Figures

B.7 and B.8 in Appendix B, map the workforce shares by municipality and
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gender, as well as the associated gender gap, showing an absence of substantial

differences in the geographical distribution of men and women.

3 Gender gaps in the urban wage premium

3.1 Empirical strategy

3.1.1 Agglomeration economies

Recent work on the urban wage gap employs a two-step procedure, put forward

by Combes et al. (2008). In the first step, a two-way fixed effects model for

(log) wages of the AKM-type (Abowd et al., 1999) is estimated, which includes

individual fixed effects and location effects. In the second stage, the prediction

of the location effect is regressed on (the log of) local population density, the

slope coefficient being the measure of the urban wage premium. A positive

coefficient is usually interpreted as evidence of agglomeration gains, making

similar workers more productive in denser local labour markets. In contrast,

the positive correlation between worker fixed effects and location fixed effect

is seen as evidence of sorting, capturing the fact that more productive workers

tend to work in denser locations which, because of agglomeration gains, are

more productive.

Specifically, the empirical two-stage model for log wages is given by

wijt = βxijt + αi + νjt + ϵijt, (1)

ν̂jt = δDjt + ξjt, (2)

where wijt denotes the log monthly earning of worker i in commuting zone j

at time t, αi is the individual worker fixed effect, the vector xijt captures the

worker’s observed time-varying characteristics, Djt is the log of density in CZ

j at t, while ϵijt and ξjt denote errors uncorrelated with the regressors. νjt

is the potentially time-varying location (commuting zone) effect, and ν̂jt its

prediction. In the second stage regression, the predicted location fixed effects

are regressed on local density. This empirical model allows for systematic pat-

12



terns of mobility related to the fixed effects and characteristics (“exogenous”

mobility), but rules out “endogenous” mobility driven by unobserved location-

worker match-specific components.13 This is satisfied if the assignment process

is E(νl
it|X, ϵ) = Pr{J(i, t) = l|X, ϵ} = Pr{J(i, t) = l|X}, where the latter is

a function of the fixed effects and characteristics Gil(αi, ν1t, ν2t, . . . , xilt). This

condition permits systematically different mobility patterns by e.g. worker

productivity, characteristics, or location amenities, but rules out a correlation

with a match-specific as part of ϵ. This latter scenario could arise from un-

observed human capital accumulation, so that past residuals are predictive of

future mobility. Our implementation limits this effect, since we estimate the

first stage regression for 5 year windows, thus allowing αi to vary, and we fur-

ther control for dynamic agglomeration gains relating to where experience was

acquired (as described in detail in Appendix D.2). Finally, we observe that

in our adaption of the second stage estimation, we can even accommodate en-

dogenous mobility provided it is invariant to sex, as we consider the difference

ν̂F
jt− ν̂M

jt and the distortion is then subtracted out. In Appendix E we consider

an event-study design to provide further evidence of exogenous mobility. As

is common in the literature, we do not include industry and occupation fixed

effects.14

To analyse the gender gap in agglomeration returns, we estimate the first

stage, equation (1), separately for women and men so as to obtain, for each

commuting zone, two location effects, ν̂F
jt and ν̂M

jt . This allows the effect of

density to be gender specific, so that we have different values for δF and δM .

13More specifically, let J denote the assignment of worker i to location l, J(i, t) = l,
νlit the associated dummy variable, L the matrix collecting these, and ϵ the vector of all
residuals. OLS requires E(L′ϵ|X) = 0.

14Many analyses of urban premia do not include either industry or occupation fixed effects
(Card et al., 2013, 2024; Dauth et al., 2022) while others control for industry (Combes et al.,
2008; Abowd et al., 1999). Card et al. (2024) argue that such controls are not desirable.
First, occupations tend to reflect the skills of the individual and are hence captured by the
worker fixed effects. Second, when workers change CZs, they will have access to a different
set of occupations and industries and the resulting wage changes should be interpreted as
part of the location effect. Because of this argument, and given our interest in the effect of
local labour market structure on the gender wage gap, we include neither control. However,
in the Appendix D.3, Table D.6 we show that our core estimates are robust to the inclusion
of both industry fixed effects (10 categories) and broad group of occupation (6 categories).
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To capture the gender gap, equation (3) regresses the difference in the fitted

gender-specific location effects across genders, ν̂F
jt − ν̂M

jt , on the logarithm of

city density. That is,

ν̂F
jt − ν̂M

jt = γDjt + ξ̃jt. (3)

where γ ≡ δF − δM and γ̂ is our measure of the gender gap in the urban wage

premium. A positive (negative) γ̂ indicates that female workers gain relatively

more (less) than male workers from agglomeration effects.15

Two caveats are in order. First, it is well known that the implementation of

the model is challenging since the location effects are identified only by movers,

i.e. workers changing locations, and that a low incidence of movement yields

a so-called limited-mobility bias. Moreover, the data might not be spatially

representative of small locations, resulting in further distortions. The use of

panel data for the universe of workers in France for a sufficiently long period

allows us to overcome these challenges since the data yield a large number of

movers as discussed above.

Second, although the method we employ is now widely used when looking

at agglomeration economies, Card et al. (2024) have recently raised concerns

that models using individual fixed effects underestimate the causal effects of

location. As an alternative, they propose to estimate, instead of equation

(1), the classic AKM two-way fixed effects model (Abowd et al., 1999) that

includes both individual and establishment fixed effects. They then compute

the location wage premium associated with a CZ as a weighted average of the

establishment effects in that CZ. This allows them to consider the unobserved

heterogeneity in the premiums paid by different firms in the same CZ. We will

use this approach as a robustness check and, as we will see below, find that

although it results in larger agglomeration effects, as argued by Card et al.

(2024), the increase is equivalent for men and women and consequently the

estimated gender gap is unaffected.

15Equation (2) implies a linear regression model. In Appendix C, we replicate our main
result using a spline regression approach, allowing for non-linearity.
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3.1.2 Decomposing the effect of density

Equation (3) above yields an estimate of the effect of density on the gender

wage gap. In order to understand what drives this effect, we include a set of

covariates Xjt that are deemed potential explanations of why density matters

for the gender wage gap, and try to understand the contribution of each of

these factors to the overall effect.

Gelbach (2016) highlights that sequentially adding covariates to a baseline

model and comparing the resulting coefficient estimates does not typically

allow us to identify the contribution of different covariates as the decomposition

of the overall effect depends on the order in which these are introduced. To

overcome this problem, Gelbach (2016) propose a decomposition using the

omitted variable bias formula that clearly separates the impact of each omitted

variable on the change in the coefficient of the variable of interest, in our case,

log density.

In particular, assume that the gender gap is explained by an expression of

the form

ν̂F
jt − ν̂M

jt = γdDjt +Xjtγx + ϵjt, (4)

where the vector γx are the coefficients on the vector of covariates Xjt and γd

captures the remaining, or direct, effect of density. Equation (3) then exhibits

an omitted variable bias if population density is correlated with the variables

in Xjt.

Gelbach (2016) suggests carrying out a decomposition in which we can

compute the contribution of variable x to the total impact of density as follows.

First, estimate the full model defined in equation (4) to get the vector of γ̂x.

Then, regress the variables in Xjt on Djt to obtain a vector of coefficients

β̂x. Since the omitted variable bias due to the absence of variable x, bx, can

be expressed as b̂x = γ̂xβ̂x and given that the total bias is b̂ =
∑

x b̂x, then

the estimate b̂x can be seen as a measure of the contribution of variable x to

explaining the impact of density on the gender wage gap.

Our analysis will proceed in two steps. Section 3.2 reports estimates of the

gender gap in the urban wage premium, as defined by γ, focusing on the second
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stage of the estimation as defined by equation (3). In Section 3.3 we turn to

the question of whether the observed gender gap in returns to density can be

explained by observable city differences. To do so, we perform a decomposition

of the effect of the various variables using the methodology just described.

3.2 Baseline estimates

The location effect is obtained from the first stage equation (1) as a pre-

diction, estimated for three non-overlapping 5-year periods (2005-2009, 2010-

2014, 2015-2019) by gender.16 As the predicted gender-specific location ef-

fect may be affected by which time-varying individual characteristics xijt are

included, we estimate several specifications by progressively adding controls.

First-stage regressors include experience in the firm, working time (distinguish-

ing full-time and part-time workers), whether the workers have a short-term

contract (indicating precariousness of the job), and the (log) commuting dis-

tance.17 The second stage regression is weighted by the 2005 population in

the CZ to give greater weight to locations with a larger population.

16There are two reasons for doing this. First, the coefficients in the first regression may
vary over time; second, given that we have 237 million observations, it is computationally
difficult to produce estimates that pool all periods.

17To adhere closely to the specifications of the existing literature, we do not consider
the potential duration of unemployment preceding the beginning of the contract. However,
in Appendix D.3, we introduce an additional control in the first stage, incorporating the
duration of unemployment (in days) before the employment contract.
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Table 3: Second stage estimation - Urban premium and location density

(1) (2) (3) (4) (5) (6) (7) (8)

Women Men Women Men Women Men Women Men

Log Density 0.0177*** 0.0147*** 0.0193*** 0.0141*** 0.0236*** 0.0160*** 0.0747*** 0.0532***

(0.0009) (0.0007) (0.0008) (0.0007) (0.0009) (0.0007) (0.0020) (0.0013)

Observations 4,455 4,455 4,455 4,455 4,455 4,455 4,455 4,455

R-squared 0.7153 0.7315 0.7068 0.7047 0.7368 0.7131 0.8141 0.6664

1st stage controls

Workers fixed effects ✓ ✓ ✓ ✓ ✓ ✓

Experience, contract type &

working time
✓ ✓ ✓ ✓ ✓ ✓

Log commute ✓ ✓ ✓ ✓

Note: ∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1. Coefficients are reported with robust standard errors in
parenthesis. Second stage estimation of the city-size earnings premium. Controls include year dummies.
All columns denote a first-stage regression of monthly deflated gross earning with both time-varying
commuting zone fixed effects and individual fixed effects. Columns (1) and (2) without further controls,
(3) and (4) controlling for experience in the firm and in the establishment, short-term contract &
working-time, (5) and (6) controlling additionally for log commute, and (7) and (8) controlling for all
these aforementioned variables but without workers fixed-effects. Appendix C.1 reports the first-stage
coefficients.

Table 3 reports the sex-specific results of the second stage regression, δg, as

defined by equation (2), with the various columns differing in the explanatory

variables included in the first stage regression. Columns (1) and (2) include

only worker fixed effects, and we sequentially include additional individual

characteristics. The urban wage premium is positive for both genders, indi-

cating that both benefit from agglomeration gains. For men, this premium is

fairly stable across all four specifications, the range being 0.014-0.016. In con-

trast, for women the premium grows across the four specifications from 0.018

to 0.024, indicating the importance of part-time work and commuting time for

female workers. For completeness, we have also reported in columns (7) and

(8) the results for a first-stage specification that does not include individual

worker fixed effects. The finding shows the resulting substantial distortion

in the urban wage premium estimate, which arises from a wrong attribution

of systematic worker differences to location differences, leading to an under-

estimation of the gender gap in agglomeration economies. According to our

preferred specification (columns (5) and (6)), a doubling of the commuting
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zone’s density is associated with an increase in earnings of 2.4% for women

and 1.6% for men.18

Table 4: The gender gap in the urban wage premium: Baseline results

(1) (2) (3) (4) (5) (6)

IV
Card et al. (2024)’s

method
Dynamic exp.

gains

Log Density 0.0030∗∗∗ 0.0052∗∗∗ 0.0076∗∗∗ 0.0078∗∗∗ 0.0076∗∗∗ 0.0049∗∗∗
(0.0003) (0.0002) (0.0003) (0.0003) (0.0010) (0.0005)

Observations 4,455 4,455 4,455 4,455 891 4,455
R-squared 0.5156 0.6459 0.6895 0.6892 0.2306 0.4791

1st stage controls
Workers fixed effects ✓ ✓ ✓ ✓ ✓ ✓
Experience, contract type &
working time

✓ ✓ ✓ ✓ ✓

Log commute ✓ ✓ ✓ ✓
Dynamic exp. gains ✓

Note: ∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1. Coefficients are reported with robust standard errors in
parenthesis. Estimates of γ, the gender gap in the urban wage premium, given by equation (3), based
on estimation, separate by sex, of the first stage regression (1). The dependent variable in the first stage
is monthly deflated gross earnings, and all specifications include worker fixed effects and time-varying
commuting zone effects. Additional worker-level controls are in column (2) experience in the firm and
in the establishment, short-term contract & working-time, column (3) further controls for log commute.
The first stage results are reported in Appendix C.1. Column (4) uses historical data to instrument for
density and column (5) the estimation method proposed by Card et al. (2024). Column (6) expands the
first stage regression by including dynamic experience gains, which are described in detail in Appendix
D.2. In all specifications, the second stage regression is weighted by 2005 local population size. Number
of observations for columns (1), (2), (3), (4) and (6): 297 commuting zones × 15 years = 4,455. Number
of observations for columns (5): 297 × 3 periods = 891.

We next compute the gender gap in the urban wage premium for each lo-

cation, ν̂F
jt − ν̂M

jt , and regress it on urban density. The results are reported in

Table 4. The first three columns differ in the explanatory variables included

in the first stage regression, and indicate that the gender gap in the urban

wage premium is always significant and positive, implying that female workers

tend to benefit relatively more from agglomeration gains. Our preferred spec-

ification is the one that includes all individual-level controls and is reported

in column (3). The wage gap is 0.0076, more than twice as large as the one

18These results are in line with the literature which reports recent estimates of the elastic-
ity of about 0.02 to 0.05, irrespective of the gender Duranton and Puga (2014); Graham and
Gibbons (2019). Estimates of this elasticity vary depending on the identification strategy,
period, spatial scale and sample restrictions.

18



without controls, indicating the importance of composition effects as the male

and female labour forces have different characteristics across locations.

Table 4 also considers the possibility that the second-stage estimates of the

gender gap might be affected by an endogeneity bias arising from the density

of different locations changing due to systematic worker location choices. To

this end, we follow Combes et al. (2011) and use historical values of local

employment density as an instrument for current density, in our case as of

1881. The data are obtained from historical municipal population data.19

The results are reported in column (4) and show that the slope coefficient

estimate is virtually unchanged, suggesting no endogeneity bias, in line with

the literature (Ciccone and Hall, 1996; Combes et al., 2011). Consequently,

we use OLS in all subsequent estimations.

Column (5) reports the elasticity estimate, with the identification strategy

developed by Card et al. (2024), as described in subsection 3.1.1. As argued

by Card et al. (2024), using firm rather than location fixed effects results in a

higher estimates of agglomeration economies, however, it does not impact the

estimates of the gender gap in agglomeration economies.20

Lastly, column (6) of Table 4 presents the coefficient obtained when we

consider dynamic agglomeration gains in the first stage. De la Roca and Puga

(2016) argue that agglomerations gains may be dynamic, as experience gained

in large cities may increase earnings even once the worker leaves the city.

The returns to experience should hence account not only for when, but also

where it has been acquired. To this end, we augment the first stage equation

with a set of variables which relate past and current employment locations

in terms of location-specific accumulated experience. Estimates allowing for

dynamics gains are reported and discussed in Appendix D.2. We find, for

instance, that women exhibit a consistently higher value for their experience

19They are available on the INSEE website at this link.
20The method proposed by Card et al. (2024) increases the agglomeration elasticity

estimate from 0.016 to 0.022 for men and from 0.024 to 0.030 for women. The number of
observations falls with this estimation strategy since it does not allow for time-varying local
fixed effects. Card et al. (2024)’s strategy thus provides estimates for each of our periods
(2005-2009, 2010-2014, 2015-2019) and 297 commuting zones.
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acquired in Paris regardless of their current location, while men tend to benefit

from past experience in Paris only if they stay there. The resulting gender

gap in agglomeration effects is given in column (6) of Table 4. As expected,

including dynamic gains captures part of the differences between men and

women, resulting in a still highly significant, gender gap, that falls from 0.0076

to 0.0049.

A possible explanation for these results is differences in promotions. It has

been shown that women have lower internal promotion rates than men, a fact

partly attributable to them having smaller networks (Kunze and Miller, 2017).

If career progression is more likely when there is the possibility for external

promotions, women may benefit more from high-density locations where the

opportunities for external promotions are greater. Such a mechanism could

explain the greater returns to experience gained in Paris that women exhibit

we identify.

Figure 2 plots the gender gap in the urban premium for the year 2019,

that is ν̂F
j,2019− ν̂M

j,2019, against the (log) population density, using our preferred

specification (column (3)). Note that in the least dense commuting zones the

gender gap differs considerably across locations and is often negative. France

is a highly centralized country. The capital, Paris, is a gravitational centre

and Paris and the commuting zones in its surrounding region (̂Ile-de-France)

are the densest locations in France. The Figure shows that these locations are

both the densest and those in which the gender gap in agglomeration returns is

the highest, raising the question of whether they are driving our results. Table

D.4 in Appendix D.3 reports a number of robustness exercises concerning this

question. Dropping Paris from the regression reduces γ̂ from 0.0076 to 0.0054,

further dropping all other commuting zones in the wider Paris region leads to

a further reduction to 0.0039, and dropping the largest 5% of commuting zones

to a further fall to 0.002. However, the coefficients remain highly significant.

Further robustness tests are reported in Appendix D.3 (see Tables D.5,

D.6 and D.4), where we confirm that the gender gap persists in all our speci-

fications. Specifically, we consider different samples of workers: adding public

sector workers and consequently restricting the analysis to 2010-19 has no ef-
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Figure 2: The gender gap in the urban wage premium in 2019 by commuting
zone
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Notes: The depicted regression is given by equation (3), for the year 2019. The specification
used is that corresponding to Table 4, column (3).

fect while including younger (20-24) and older workers (55-60) and restricting

the sample to full-time workers both reduce the coefficient of interest though

it remains significant. The last result confirms our priors as, given the impor-

tance of part-time jobs for female workers, we expected to find a lower gap

when considering full-time workers only. We also segment our sample into var-

ious age brackets to show the presence of the urban wage premium gap across

the entire lifespan. The results suggest that the latter amplifies as individu-

als progress through life, that is, the relative advantage obtained by women

when working in denser locations is greater for older individuals. Lastly, Table

D.6 considers additional specifications of the location effect, using alternative

administrative data, including firm fixed effects, and changing the dependent

variable to the hourly wage. The gender wage gap persists across all alterna-
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tive specifications. For instance, the gender gap is 0.0056 when considering

hourly wages as the dependent variable in the first stage.

Additionally, Combes et al. (2018) argue that the analysis of agglomeration

economies should be linked to urban costs. Unfortunately, price indices at the

CZ level are not available. As land and house prices are the main drivers of

differential urban costs, these costs are unlikely to be different for men and

women. Indeed, Figures B.7 and B.8, in the Appendix B illustrate a clustering

of both men and women in the same municipalities within the commuting zone,

as the difference in the spatial distribution of the workforce between men and

women does not exceed 0.12 percentage points. As a result, the likelihood of

encountering distinct urban costs for each gender is low.

3.3 Explaining the gender gap by observable city dif-

ferences

Several mechanisms could explain the higher city-size earnings premium for

women, and this section considers a number of possibilities. The density of

urban areas can affect both labour demand and the availability of services,

which in turn may impact the labour supply of men and women differently.

In particular, certain characteristics of labour demand and of services that are

more prevalent in larger urban areas may disproportionately benefit women,

resulting in a higher urban wage premium for women compared to men. For

expositional simplicity, our discussion of the mechanisms in Table 5 starts from

the baseline specification for the gender-gap of the urban wage premium, γ̂, and

discussed in follows Table 4, which is now reported in column (1). In column

(2) we control for dynamic experience gains in the first-stage regression, and

then investigate the roles of several mechanisms. Appendix A.1 gives details

of how we have constructed our regressors. Our discussion primarily focuses,

for the sake of brevity, on the change in and decomposition of the estimate of

γ̂.

Columns (1) and (2) indicate that a substantial component of the difference

in the urban premium across genders stems from dynamic experience gains,
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as when we control for these in the first-stage regression, the estimate of γ̂

falls from 0.0076 to 0.0049. Columns (3) and (6) report regression coefficients

when we add add several covariates that may explain why women benefit more

than men from population density. Columns (4) and (7) present the results

of the Gelbach (2016) decomposition, which breaks down how these different

factors contribute to the change in the log-density coefficient. The underlined

coefficients in columns (4) and (7), 0.0035 and 0.0062, respectively, report the

difference between the unadjusted log-density coefficient in column (2), 0.0049,

and the adjusted coefficients in columns (3) and (6), 0.0014 and -0.0013. The

other coefficients in columns (4) and (7) quantify the contribution of each

factor to the change in the coefficient on log-density, showing how much of the

variation can be attributed to each observed characteristic. The percentages

reported next to the coefficients–columns (5) and (8)–indicate the proportion

of the coefficient change explained by each factor.

The covariates used capture various aspects related to childcare, gender

norms, and local labour markets. The difference between columns (3)-(5) and

columns (6)-(8) is that the latter include an additional explanatory variable,

occupational segregation by gender. As we will see below, including this co-

variate has a major effect on both the coefficient of density and those on several

other variables. It is not obvious whether or not we should think of occupa-

tional segregation as an explanatory variable to understand the differences in

the effect of density, as in a sense, it implies explaining a gender gap (in earn-

ings) by another gender gap (in the allocation of men and women to jobs).

Hence, we start by discussing the results when occupational segregation is not

included, and then add this variable.

The literature on gender wage gaps has emphasised the role of child penal-

ties, and given its prominence, we start by adopting a spatial gendered labour-

supply perspective and consider the availability of childcare facilities in the

23



Table 5: Density earning premium gap estimation and Gelbach decomposition

OLS OLS Gelbach Decomposition OLS Gelbach Decomposition
Specification Specification Explained Specification Explained
(1) (2) (3) (4) (5) (6) (7) (8)

Log Density (gap) 0.0076*** 0.0049*** 0.0014** 0.0035*** 69% -0.0013*** 0.0062*** 127%

(0.0003) (0.0005) (0.0005) (0.0003) (0.0004) (0.0004)
Childcare Facilities
Public

24.0333*** 0.0010*** 20% 8.9795* 0.0004* 8%

(4.4012) (0.0003) (4.5913) (0.0002)
Childcare Facilities
Private

-30.9973*** -0.0004*** -8% -20.5492*** -0.0002** -4%

(5.9296) (0.0001) (5.5320) (0.0001)
1962 Fertility rate 0.0037* 0.0008*** 16% -0.0049*** 0.0001 2%

(0.0023) (0.0001) (0.0017) (0.0001)
Mean male
commuting time

0.1316*** 0.0029*** 59% 0.1177*** 0.0025*** 51%

(0.0124) (0.0002) (0.0103) (0.0002)
Labour Market
Tightness

0.0040*** 0.0000 0% 0.0036*** -0.0001*** -2%

(0.0003) (0.0000) (0.0003) (0.0000)
Labour Market
Concentration

-0.0063*** -0.0023*** -47% -0.0100*** -0.0021*** -43%

(0.0017) (0.0002) (0.0018) (0.0002)
Diversity of industry -0.0006*** 0.0024*** 49% -0.0006*** 0.0022*** 45%

(0.0000) (0.0002) (0.0000) (0.0002)
Diversity of occupation -0.0017*** -0.0010*** -20% -0.0003 -0.0016*** -33%

(0.0002) (0.0003) (0.0002) (0.0003)
Occupational
Segregation
Duncan Index

-0.1453*** 0.0050*** 102%

(0.0084) (0.0004)

First stage controls
Multiple variables on
experience - Where it
has been acquired
and used

✓ ✓ ✓

Observations 4,455 4,455 4,455 4,455
R-squared 0.6895 0.4791 0.6006 0.6624

Note: ∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1. Coefficients are reported with robust standard errors in
parenthesis. Columns (1), (2), (3) and (6) display the second-stage estimation of the density earning
premium gap (women-men), given by equation (4) with a different set of covariates. Columns (4) and
(7) present the Gelbach (2016)’s decomposition results, and columns (5) and (8) the corresponding
proportion of the log-density coefficient’s change explained by the variable. Controls include year
dummies. Controls in the first-stage regression of monthly deflated gross earnings as per Table 4. The
measures of public and private childcare facilities are the number of facilities per capita. Labour Market
Tightness is the ratio of job vacancies to job seekers. Labour Market Concentration is the HHI index for
concentration of workers, with the set of firms hiring in occupation (PCS) at the 4-digit level. Diversity
of occupations and industries denote the HHI index for occupations (PCS 1 digit) and industries (NAF
1 digit). The Duncan segregation index is computed for 2-digit occupations. Mean commuting male
road time is computed from commute information in the BTS data and the METRICS application
developed by INSEE. The 1962 fertility rate is defined as the ratio of births to fertile-age women.

CZs.21 Women are usually the main child-care provider, hence greater avail-

21The academic literature provides contradictory results on the impact of childcare facility
availability or expansion on female wages.Hermes et al. (2024) and Lefebvre and Merrigan
(2008) find a positive effect on female outcomes and earnings. On the inverse, Havnes
and Mogstad (2011) analyses a large-scale expansion of subsidized child care in Norway
and do not find a causal impact on maternal employment estimated as working hours and
participation. However, they do not analyse the impact on wages although it could have
improved the job matching. Similarly, Pora (2024) do not find an impact of the expansion
of subsidized childcare facilities on parents’ labour outcomes. Nevertheless, the analysis
focuses solely on the expansion of public childcare facilities, whereas our study also includes
the availability of private childcare facilities. Our specification differ from the existing
literature by using rich administrative data on firms’ activities and locations to consider
both public and private childcare facilities.
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ability of child-care support would increase their possibilities for having a

full-time job, for having a longer commute, or for more flexible working time,

thus leading to a better job match and/or higher wages. Denser CZs could

be characterized by a greater number of childcare facilities, which, moreover,

are likely to be closer to the worker’s residence than in less dense locations

(see Appendix B, Figure B.10). We hence examine whether the advantage

conferred to women by density is due to the greater availability of childcare

facilities, both public and private. The Gelbach (2016) decomposition shows

that public childcare facilities explain 20% of the narrowing log-density coeffi-

cient as working mothers in high-density locations benefit relatively more from

greater childcare availability. 22 We believe this to be a key empirical result.

We also include a measure of historical gender norms in order to capture

potential variations in social attitudes between urban and rural areas. Less

dense locations may be more traditional making workers living there more

likely to adhere to gender norms. As a result, women may be perceived as

secondary earners by households and firms, impacting earnings. For exam-

ple, employers could be less likely to promote women, resulting in stagnant

earnings, or women themselves may be less inclined to negotiate their wages

upwards. Thus, weaker gender norms could be a reason why women’s earnings

are positively affected by density. As a proxy for gender norms, we use histor-

ical data on fertility, in particular the 1962 fertility rate, which is the earliest

wave available in the French Census at the CZ level.23 This proxy of gender

norms explains 16% of the reduction in the log-density coefficient.

Commuting patterns may be important as differences in preferences over

commuting time have been shown to be an important determinant of gender

wage gaps in France by Le Barbanchon et al. (2021). In particular, they

find that women are more willing than men to tradeoff wages for commuting

22The effect seems to stem mainly from public childcare facilities, with private ones barely
affecting positively the coefficient of density, a result due to the fact that private childcare
facilities are well less correlated with density (see Figure B.10).

23To capture gender norms, we also used measures of the historical share of women
amongst university graduates and the historical female employment rate (both measured
in 1968, the earliest date for which data are available at the suitable level) and obtained
equivalent results to those for fertility.
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time, and that the resulting employment choices can explain a considerable

share of the gender wage gap. Moreover, Liu and Su (2024) show that gender

gaps in commuting time are spatially different and depend on the geographical

concentration of jobs. Hence, we compute a measure of the male commuting

road time in each CZ, capturing the extent to which a CZ requires a long

commute. Male commuting road time plays an important role in the gender

gap in urban earning premium, as it explains 59% of the change in log-density

coefficient.24

Several features of the local labour market may be relevant, namely labour

market concentration, tightness, and the diversity of industries and occupa-

tions. Local labour market tightness (LMT) is an important aspect affecting

labour market outcomes (Bilal, 2023; Domash and Summers, 2022), and it

may affect the wages of women and men differently. It has been shown to be a

good proxy for labour demand and hence affects wage setting. Greater LMT

should make employers willing to offer more attractive compensation packages,

including higher wages and better working conditions, in order to attract and

retain workers. With greater competition for workers, employers will be less

likely to discriminate against women in terms of wages, hiring or promotions,

resulting in a smaller gender pay gap. We hence consider the effect of LMT,

defined as the ratio between the number of job vacancies and the number

of unemployed actively looking for a job. Whether denser locations exhibit

higher LMT than less dense CZs is not a priori clear, and there is no evidence

of this. In denser CZ, a more dynamic labour market should result in more

vacancies and lead to greater tightness. Tightness, however, also depends on

local unemployment, and in France, high-density areas are characterized by

high unemployment rates.25 Our data does not indicate that any of the effects

dominates, as we do not find a significant correlation between the CZ’s den-

sity and its degree of tightness. This is reflected in column (4), where we can

see that although labour market tightness matters for the local gender gap in

24Results with an alternative measure of car commute distance instead of commute time
provide similar results. Detailed information about the construction of these variables can
be found in Appendix A.1.

25See Figure B.9 in Appendix B.
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premium wage, it does not explain why this gap is negatively correlated with

population density (explaining 0% of the change in the coefficient).

Concentration in the local labour market refers to the degree to which a

small number of employers dominate a specific job market within a given CZ.

Dodini et al. (2024) find that women are more likely to work in highly con-

centrated occupations. In highly concentrated labour markets, employers may

have more power to set wages and working conditions, reducing the bargaining

power of workers, especially that of women who have been shown to be less

willing to negotiate (Leibbrandt and List, 2015). This argument is captured

by Hirsch et al. (2013) who develop a spatial model of monopsonistic com-

petition in which urban areas have thick labour markets that give rise to a

more competitive environment. This constrains employers’ ability to engage

in monopsonistic Robinsonian discrimination, which favours women. Discrim-

inatory practices may also be more prevalent in concentrated markets if fewer

opportunities are available for workers.

To measure labour market concentration, we follow Marinescu et al. (2021)

and use the labour market Herfindahl-Hirschman Index (HHI) which computes

concentration from employment shares. For a given occupation, CZ, and year,

the labour market share of a firm is determined by the number of workers it

employs relative to the total number of employed workers. The HHI of an

occupation is then calculated by summing the squared labour market shares

of all firms hiring in that occupation, location, and year. To obtain an index

for each commuting zone, we average the HHI across occupations for the CZ,

weighting by the share of workers in the occupation. As Figure B.10 and

Marinescu et al. (2021) show, local labour market concentration is smaller

in denser areas, explaining why this feature of the labour market contributes

negatively and substantially (-47%)to the gender gap in the density earning

premium.

A greater diversity of industries and occupations should allow workers to

find better matches, and men and women may benefit differently from this

diversity. Papageorgiou (2022) has shown that the greater number of occupa-

tions in large cities is one of the main factors that explain the city-size earnings
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premium. Hence we use the inverse-Herfindahl as a measure of the diversity of

industries (using the NAF 1 digit categories) and occupations (using the PCS

1 digit categories) in a location. Diversity of industry increases the gender

gap in agglomeration economies while diversity of occupations contributes to

decreasing it.

Overall, the results reported in columns (3) to (5) indicate that the co-

variates we include reduce the direct effect of density by 69%. Childcare

availability, historical gender norms, commuting patterns and labour market

features all play a role. The single largest effect is that of commuting patterns,

but labour market concentration and industry diversity are also key factors.

To our surprise, the availability of childcare and historical gender norms have

only a moderate explanatory power in understanding the role of density.

The last feature we consider is occupational segregation. Occupational

sorting has been shown to be a major determinant of gender wage gaps (Cortes

and Pan, 2018; Blau and Kahn, 2017), hence in columns (6), (7) and (8) we

additionally introduce a measure of occupational segregation. We measure

occupational segregation using the Duncan dissimilarity index, a commonly

used measure (see e.g Cortes and Pan (2018)). The Duncan index captures

the uneven distribution of men and women across different occupations or

industries in a given CZ in a given year, and our data indicate that in areas with

low population density, the distinct sorting of men and women into separate

occupations is more pronounced, as shown in Figure B.11.26

Occupational segregation has a large explanatory power. Once we con-

trol for it, our coefficient of interest falls from 0.0049 (column (2)) to -0.0013

(column (6)), leading to a change of 0.0062 (column (7)), and this variable ac-

counts for over 100% of the change in the coefficients. The negative coefficient

on density indicates that once we take into account the extent of segregation

in jobs, the urban premium is higher for men than for women. In our final

specification, the strongest effect comes from occupational segregation, with a

contribution that is twice as large as that of the second most significant vari-

26Alternative measures of segregation based on more detailed occupation classification
(2, 3 or 4 digits) yield to similar results.
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able, average male commuting time. This suggests that a major portion of the

initial gender gap in agglomeration economies is driven by greater segregation

in low-density CZs. Introducing this variable also has a considerable effect on

the role played by some of the other covariates. Notably, the role of historical

gender norms falls considerably (from explaining 16% of the change to 2% ),

a result likely due to more traditional norms leading to greater segregation of

men and women across jobs. In contrast, the contributions of other labour

market features remain relatively stable.

To summarize, our main finding is that the gender gap in the urban pre-

mium is largely explained by two features, dynamic returns to experience and

observable differences between locations, which vary systematically with loca-

tion density. Starting from an initial estimate of 0.0076, dynamic returns to

experience explain about 35% of the gap and local features can explain much

or all of the remaining effect, depending on the specification. A key feature is

the extent of occupational segregation, although this can be thought of as a

joint outcome with gender earnings gaps rather than as an explanatory vari-

able. When we exclude this variable, local features explain almost half (46%)

of the effect of density. Commuting time and local labour market character-

istics play a major role. In contrast, the availability of childcare services and

historical gender norms, although significant, provide a moderate contribution

to explaining the effect of density.

4 Conclusion

Our analysis of the economic geography of gender wage gaps in France has

demonstrated that: (i) the gender wage gap varies systematically with urban

population density, female workers benefiting relative more from urban den-

sity than male workers, (ii) the returns from urban density are explained by

our set of controls, which capture different mechanisms, each of which makes

a distinct contribution that we decompose. Quantitatively, a large portion of

the gender gap in returns to density is explained by the structure of the local

labour market, notably the extent of occupational segregation which accounts
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for a majority of the gap. Commuting time also plays an important role in

agglomeration economies. Childcare facilities and historical gender norms are

important but not the dominant mechanisms. The results help our under-

standing of the persistence of the gender gap, as they indicate that female

workers in less dense locations loose out, notably because the sorting of female

workers in feminised occupations paying lower wages is more pronounced in

those locations.
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Appendix

This Appendix describes the construction of the data. The accompanying

Online Appendix consists of several sections. Appendix B provides further

details on the data and descriptive statistics. We report next some of the

underlying estimates used in our specifications, with Appendix C providing

the estimations of the first stage. We then discuss several robustness exercises

in Appendix D. In Appendix E we perform an event study to examine the

validity of the exogeneity of spatial mobility.

A Data and summary statistics

A.1 Construction of variables

We start by providing details on the variables used in our estimation of the

urban wage premium, which are available at the BTS.

The variable occupations is coded according to the French classification

PCS (at the 2-digit level) with the following categories: Agricultural managers,

Artisans, Shopkeepers and related professions, Business leaders with 10 em-

ployees or more, Liberal professions and related professions, Civil service exec-

utives, intellectual and artistic professions, Corporate executives, Intermediate

professions in education, health, civil service and related professions, Interme-

diate administrative and commercial professions in companies, Technicians,

Foremen, supervisors, Civil servants, Administrative employees, Commercial

employees, Direct service personnel to individuals, Skilled workers, Unskilled

workers and Agricultural workers.

The variable industry is coded according to the French industry classifica-

tion (NAF) with 17 sub-sections: 1. Agriculture, hunting, forestry, 2. Fishing,

aquaculture 3. Mining and quarrying, 4. Manufacturing, 5. Production and

distribution of electricity, gas and water, 6. Construction, 7. Wholesale and

retail trade, 8. Hotels and restaurants, 9. Transport and communications, 10.

Financial activities, 11. Real estate, renting and business activities, 12. Public

administration and defence, 13. Education, 14. Health and social work, 15.
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Other social and personal service activities, 16. Activities of households as

employers and 17. Extra-territorial organizations and bodies.

The densest locations (the top 20%) are, in reverse order: Aix-en-Provence,

Bourgoin-Jallieu, Houdan, Lorient, Maubeuge, Metz, Annecy, Toulouse, For-

bach, Orange, Chambéry, Colmar, Agde - Pézenas, Flanders - Lys, Nice, Les

Sables-d’Olonne, Rouen, La Rochelle, Saint-Nazaire, Bordeaux, Brest, Saint-

Malo, Le Genevois Français, Fréjus - Saint-Raphaël, Avignon, Nantes, Melun,

Nı̂mes, Meaux, Calais, Boulogne-sur-mer, Perpignan, Mulhouse, Thionville, Le

Havre, Salon-de-Provence, Mantes-la-Jolie, Dunkerque, Montpellier, Toulon,

Istres - Martigues, Béthune - Bruay, Cannes - Antibes, Sète, Plaisir, Douai,

Roissy - Sud Picardie, Valenciennes, Lyon, Evry, Cergy, Strasbourg, Marseille -

Aubagne, Poissy, Créteil, Saclay, Lille, Marne-la-Vallée, Lens - Hénin, Roubaix

- Tourcoing and Orly, Paris.

In the second stage, we use several variables obtained from both the BTS

and other sources. We compute two measures of childcare availability,

the ratio between the number of places in public or in private childcare facilities

and the population. Data for facilities is obtained from French administrative

data on firms and their establishment location and main activity (‘SIRENE

data’) to gather information, for each commuting zone, on the number of

childcare facilities for young children. The database is publicly available at

https://www.sirene.fr/sirene/public/accueil?sirenelocale = en. We only se-

lect firms whose main activity is childcare for young children (NAF Rév 2

88.91A). Childcare facilities are classified as public or private depending on

their legal classification defined by the French Institute of Statistics and Eco-

nomic Studies. We exclude the firms whose legal classification is that of sole

trader. Public childcare facilities as defined as firms which are public legal

entities subject to commercial law or legal entities and organizations subject

to administrative law. Private childcare facilities include firms with another

type of legal status.

Information on several labour market characteristics was obtained from the

BTS dataset. We measure the diversity of occupations and diversity

of industries available in a location by computing inverse-Herfindahl in-
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dices for both. For occupations, we use the PCS 1-digit categories and for

industries the NAF 1-digit. To measure labour market concentration, we

follow Marinescu et al. (2021) and use the labour market Herfindahl-Hirschman

Index (HHI) which computes concentration from employment shares. For a

given occupation, CZ, and year, the labour market share of a firm is deter-

mined by the number of workers it employs relative to the total number of

employed workers. The HHI of an occupation is then calculated by summing

the squared labour market shares of all firms hiring in that occupation, loca-

tion, and year. To obtain an index for each commuting zone, we average the

HHI across occupations for the CZ, weighting by the number of workers in the

occupation.

We measure occupational segregation with the Duncan dissimilarity

index, a commonly used measure; see, for example Cortes and Pan (2018).

The Duncan index captures the uneven distribution of men and women across

different occupations or industries in a given CZ in a given year. It is computed

as

D =
1

2

n∑
i=1

|Share of men in occupation i− Share of women in occupation i|

and ranges from 0 to 1, with 0 denoting a perfectly equal distribution of

men and women across all occupations, and 1 denoting complete occupational

segregation. Our indices are built using PCS 2-digit as described above.

Labour market tightness is defined as the ratio between the number

of job vacancies and the number of unemployed actively looking for a job.

We compute this measure using data from the French Unemployment Ser-

vices (STMT) for the period 2005-2016, and publicly accessible data from

the French Unemployment Services website covering the period from 2017 to

2019.27 Information on vacancies is derived from data from the French govern-

mental agency for unemployment (Pôle Emploi, the Statistiques du Marché

du Travail). We use occupations (PCS) at the 4-digit level.

The geo-coding of place of residence and place of work allows us to mea-

27Data are publicly available online at this link.
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sure where work experience was acquired in the past, as well as to measure

commuting distance. The variable commute distance is created following the

methodology used in Le Barbanchon et al. (2021). When workers reside and

work in different municipalities, the commute distance is computed as the

distance between the centroids of the workplace municipality and the munic-

ipality of residence. When workers reside and work in the same municipality,

the variable is calculated as the average distance between two random loca-

tions within the municipality. The mean commuting gender gap in road time

is computed based on the commute information of the BTS data and the

METRICS application developed by INSEE.

Social norms are measured by the 1962 fertility rate. The fertility

rate is defined as the number of births in the CZ divided by the number of

women aged between 15 and 45. This measure is derived from the 1962 Census

(’Recensement de la population - 1962 ’) for the year 1962, which is the earliest

available dataset that allows us to compute fertility rates at the CZ level.

A.2 Gender gaps in earnings and local density

Figure 1 has displayed the map of the gender earnings gap by location and

has juxtaposed the map of local population density. The visual impression

is that the higher the density of the population, the smaller the gender wage

gap. Here we confirm this formally, by regressing the gender earnings gap on

local year-by-year density. We also demonstrate that the results are consistent

across various possible earnings definitions (e.g. monthly earnings, hourly

wage rates). Table 1 shows that the gender earnings gap and location density

are negatively correlated.
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Table A.1: Regression of log-gender wage gap on log-density

(1) (2) (3) (4) (5) (6)

Hourly gross Hourly net Monthly gross Monthly net Hourly net total Hourly gross total

(Log) Density -0.011280*** -0.009524*** -0.012127*** -0.010363*** -0.006170*** -0.008644***

(0.000358) (0.000351) (0.000367) (0.000360) (0.000345) (0.000347)

Observations 3,267 3,267 3,267 3,267 3,267 3,267

R-squared 0.3553 0.3165 0.3554 0.3157 0.1908 0.2656

Note: ∗∗∗p<0.01, ∗∗p<0.05, ∗p<0.1. Coefficients are reported with robust standard errors in

parenthesis. The wage gap is measured in log for the commuting zone of residence, representing the

difference between the mean wages of men and women. Column (1) corresponds to the gap in hourly

gross wages, column (2) in hourly net wages, column (3) in monthly gross earnings, column (4) in

monthly net earnings, column (5) illustrates the gap in hourly net wages for the total of contracts

during the year, and column (6) depicts the gap in hourly gross earnings for the total of contracts

during the year. All regressions are controlled for the year.

As for Figure 2, these regressions show that the largest commuting zones

cluster nicely around the fitted regression line.
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Figure A.1: Impact of density on gender wage gap
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Notes: BTS database, 2019. This graph plots the linear regression of the gross earnings
mean deflated gender wage gap (in log) on log density, weighted by the share of the popu-
lation in the CZ.

A.3 The geography of movers flows between the different commut-

ing zones in France

The identification of the urban wage premium relies on the movers. If moves

in our data are concentrated in certain areas, our estimates may not account

for existing patterns in certain sparsely populated areas, for instance, and may

only highlight patterns between Paris and the French provinces. Moves are

defined as a change in the worker’s commuting zone of residence. Figure A.2,

however, illustrates that internal migrations are fairly evenly distributed across

France, although naturally, a higher volume of moves is observed between Paris

and other major CS in France (such as Lyon, Lille, Marseilles, Bordeaux, etc.).
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Figure A.2: Map of movers’ flows

Number of moves

6
178754

Notes: BTS database, 2005-2019. This map plots the number of moves between the
commuting zones. The darker and the bigger the line, the higher the number of moves.
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Table A.2: Number of moves

Departure Commuting Zone

Paris Marseille Lille Lyon Bordeaux Toulouse

Arrival

Commuting

Zone

Paris
Nb of obs. 13000 12428 23351 13158 14684

% 0.16 0.15 0.28 0.16 0.18

Marseille
Nb of obs. 18412 1128 4877 1536 2853

% 0.22 0.01 0.06 0.02 0.03

Lille
Nb of obs. 12777 657 1636 854 921

% 0.15 0.01 0.02 0.01 0.01

Lyon
Nb of obs. 33670 4608 2420 2263 3642

% 0.41 0.06 0.03 0.03 0.04

Bordeaux
Nb of obs. 24566 1752 1455 2660 7314

% 0.30 0.02 0.02 0.03 0.09

Toulouse
Nb of obs. 22042 2987 1509 3530 6643

% 0.27 0.04 0.02 0.04 0.08

Notes: BTS data, 2005-2019. The table presents the number of moves between various French
commuting zones, along with the respective shares in the overall number of moves. These moves
represent a change in the worker’s commuting zone of residence.

Table A.2 reports the number of moves between various French commuting

zones, along with the respective shares in the overall number of moves that

each of them represents. Moves represent a change in the worker’s commuting

zone of residence. In addition, Figures B.1, B.2, and B.3 in subsection B

display that mobility patterns exhibit relatively consistent trends throughout

the life cycle and across gender, despite a higher frequency of moves among

men.

A-8



Figure A.3: Transition matrix of movers’ flows

Notes: BTS database, 2005-2019. This matrix plots the share of moves between two groups
of commuting zones. The darker the square, the higher the share of moves.

Figure A.3 complements the aforementioned descriptive statistics by illus-

trating the distribution of moves across various combinations of the largest

CZs, either in terms of population density or grouped by their population

density. The visualization reveals that moves occur not solely between Paris

and other areas.

A.4 Characteristics of the unemployed and local density

Selection bias could alter our results. Indeed, our results could be driven by

gender gap in workforce composition difference between denser and less dense

areas. If women with high-wage characteristics are more likely to become un-

A-9



employed when moving to less dense areas compared with men, our results

could be explained by a higher negative selection bias in less dense areas for

women compared with men. Hence, using administrative data of the unem-

ployed who registered at the French Unemployment Services (STMT data)

for the period 2005-2016, we compute measures of educational composition

separately for men and women, for each CZ. Figure A.4 plots the share of un-

employed with a higher education degree according to the population density

of the CZ, and figure A.5 the breakdown by education degree. Red lines refer

to women and green to men. Figure A.4 reflects population density-dependent

composition effects. Both unemployed men and women are more likely to hold

higher education degrees in denser CZ, reflecting the overall higher education

level of the population in these areas. However, the composition effects related

to CZ size appear similar for both genders. As seen in the general population,

the proportion of unemployed women exceeds that of unemployed men. Be-

sides, the gender gap in p.p in the percentage of unemployed individuals with

higher education degrees is smaller in less dense areas. This suggests there is

no higher negative selection bias for women compared with men in less dense

areas. If such a bias existed, the positive gap between men and women would

have decreased with increasing population density.
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Figure A.4: Share of unemployed with a higher education degree in the CZ
and density
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Notes: STMT Data 2005 - 2016. This figure plots the share of unemployed registered at the
French Unemployment Services who hold a higher education degree by CZ and log-density.
The red line represents the share of women and the green line the share of men.
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Figure A.5: Share of unemployed by education degree and density
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Notes: STMT Data 2005 - 2016. This figure plots the share of unemployed registered at the
French Unemployment Services who hold a higher education degree by CZ and log-density.
The red line represents the share of women and the green line the share of men.
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