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Abstract

This paper analyses gender differences in occupational choices in a setting in which observed
matches are solely determined by supply-side factors: the French centralised medical residency se-
lection mechanism. We show that men and women facing the same occupational choice set make
drastically different occupational choices. Medical specialties selected by women pay less, have lower
time requirements, and are less competitive. To understand these differences and estimate how much
of the gender gap in specialty sorting can be explained by individual preferences for job attributes,
we administer a survey to prospective medical residents just before their specialty choice. Using
both a hypothetical job choice framework and stated preferences, we show that while “hard” job
characteristics (earnings, time requirements) only slightly reduce the gender gap in sorting, “soft”
characteristics (daily tasks, contact with patients, willingness to help others) play a larger role in
reducing the gap. We also find suggestive evidence of an anticipation effect of fertility on women’s
career choices. Our results suggest that individual preferences play a determinant role in explaining
gender-based occupational segregation.
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1 Introduction

In recent decades, women have made important progress in the labour markets of most developed coun-
tries, resulting in what Goldin (2014) refers to as one of the “grandest advances in society and the
economy”: the converging roles of men and women. Women have overtaken men in educational attain-
ment, and although gender gaps in labour force participation and earnings remain sizable, they have
narrowed. Despite this convergence, gender-based occupational segregation remains a strong feature of
labour markets around the world and is the most important measurable factor explaining the gender
wage gap (Blau and Kahn, 2017).

The reasons behind gender-based occupational segregation are difficult to identify from realised labour
market outcomes, which result from a variety of factors such as worker productivity, search and matching
frictions, and differences in the set of jobs available to workers. Such confounding factors hinder the
identification of the different channels that contribute to gender-based occupational segregation.

In this paper, we address this fundamental identification problem by analysing gender differences in
early occupational choices in a context where, by design, the demand side of the job market plays no role
in determining the observed matches. Observing jobseekers’ decisions as well as their occupational choice
sets allows us to focus entirely on the role of supply-side factors in determining gender-based occupational
segregation. It makes this paper the first one to precisely measure the magnitude of worker sorting in
a real-world setting. In particular, we exploit the French centralised allocation mechanism of medical
students to residency positions and analyse the occupational choices of these highly-skilled individuals
using both administrative and collected survey data.

Each year, French medical students at the end of their sixth year of studies take a national exam
called the National Ranking Examinations (E'preuves classantes nationales in French, hereafter NRE)
after which they are ranked solely according to their performance in the exam. Students’ rank determines
the order in which they choose their residency position, defined as a medical specialty-location pair.
Vacancies are filled on a first-ranked, first-served basis until all candidates have been allocated to a
position, following a serial dictatorship mechanism.!

This mechanism offers three unique features to study gender differences in occupational choices. First,
unlike in most job markets, employer preferences play no role in the matching process: employers do not
screen, evaluate, or decide whether to hire candidates. The decision-making power is thus entirely on the
candidates’ side. As a result, there is no room for immediate hiring discrimination, nor for bargaining

over working conditions, such as wages.?

I Throughout, a position is a (medical specialty, location) pair, while a vacancy is one of the available slots offered within
a position. Each year, the Ministry of Health publishes a list of available vacancies. Note that the number of vacancies is
always larger than the number of students to be allocated.

2Even though immediate hiring discrimination is ruled out, students’ expectations of future discrimination by employers
and patients may play a role in specialty selection. We discuss how such expectations may affect differential gender sorting



Second, the allocation mechanism we rely on is incentive-compatible: the candidates’ optimal strategy
is always to select their most preferred position in their choice set. Third, there is perfect information
about each individual’s choice set, which we can observe. This considerably minimises the potential
role of gender differences in the ability to search and apply for jobs in explaining gender differences in
occupational choices.

These three features imply that, unlike in most labour market settings, we are able to observe each
jobseeker’s optimal occupational choice, while abstracting from the demand side of the market and there-
fore focusing entirely on the supply side. After conditioning on individual choice sets, gender differences
in occupational choices are entirely attributable to supply-side factors and are thus largely determined
by preferences.> Whether the observed individual occupational choices come from intrinsic tastes, expec-
tations of future discrimination, gender norms, or stereotypes, we label them as preferences as long as
they are unconstrained by position availability.

In addition to these three unique features, this setting allows us to identify a group of individuals who,
given their performance in the national exam, make their occupational choice when all positions still have
at least one vacancy and thus choose their preferred medical specialty in their preferred location. This
feature has one major implication: unlike in most settings in which the researcher only observes realised
outcomes, we are certain to observe the most preferred occupational choice of each of these individuals
who are unconstrained by position availability.

Furthermore, the specialisation choice that we focus on is decisive for medical students, as it determines
the field in which they will specialise and work for the rest of their careers, which in turn has a major
impact on their future earnings. Finally, jobseekers in this market form a very homogeneous group of
young and highly skilled individuals holding the same formal qualifications, which reduces the existence
of potential factors confounding the occupational decision, such as childbearing, even further.

We start our analysis by providing evidence on the importance of specialty choice in explaining
the gender pay gap in the medical profession. We use individual-level administrative data containing
information on the activity and billing of all self-employed physicians, who account for more than half
of all physicians in France. We focus on the regulated-fee sector in which physicians’ pay is not tied to
tenure, it is not subject to convex returns to hours worked, and cannot be negotiated. We uncover that
female physicians established in the regulated-fee sector earn about 9 percent less for each procedure they
perform than their male counterparts. Conditioning on individual and practice characteristics does not

substantially reduce the gender pay gap per procedure. However, we show that medical specialty sorting

across specialties in the results section.

3Note that it is beyond the scope of this paper to pin down the mechanisms leading to the formation of preferences for
occupations. Women might be less willing to self-select into “male occupations” because it is not what is socially expected of
them (Akerlof and Kranton, 2000), or they might refrain from entering inflexible occupations because they have internalised
the fact that they will be expected to juggle family and work (Goldin, 2004, 2006).



alone reduces the residual gender pay gap per procedure by 43 percent (from 9 to 4 percent).* These
results provide clear evidence of the importance of specialty choice for the labour market outcomes of
medical students, and thus lay the first stone in motivating our analysis of gender-based occupational
segregation in the medical context.

We then turn to the core of the paper and document the gender-based occupational segregation that
exists among French medical students. Using unique individual-level administrative data on the French
centralised allocation mechanism of medical students to residency positions, we find that conditional on
facing the same choice set, men and women make drastically different occupational choices. Strikingly, we
find that this is true even among top exam performers, who face no external constraints on their choices.
This novel result implies that men and women facing the same choice set prefer different occupations.
This is all the more interesting as one might expect gender differences in labour market outcomes to be
limited in a group of such highly-educated individuals.

Next, we show that conditional on facing the same occupational choice set, women are more likely
than men to choose specialties that have lower expected earnings and time requirements. They are also
more likely than men to self-select into less competitive environments, as reported by workers in these
occupations. To better understand the drivers of these sorting differentials, we turn to the field and
survey a sample of exam takers five weeks before the occurrence of the 2022 national exam. We ask
these medical students about their occupational aspirations, their expected performance in the exam, the
drivers of their choices, and relevant demographic characteristics.

Using a hypothetical job choice framework, we show that taken as homogeneous groups, the men
and women of our sample have remarkably similar willingness to pay (WTP) for different job attributes.
When looking at the tails of the WTP distributions, our results do point towards the existence of a
group of women with a particularly strong taste for time flexibility, who are willing to give up important
shares of their earnings to avoid working longer, more inconvenient hours. Nonetheless, we do not find
evidence of strong gender differences in WTP that could fully explain the observed gender differences in
specialty sorting. Turning to a series of complementary questions eliciting self-reported preferences for
job attributes, we additionally show that women care significantly more than men about having a job
that implies patient care (contact with patients and willingness to help others), and that men put more
importance than women on the prestige and earnings levels of their job.

Finally, we estimate how much of the gender gap in specialty sorting can be explained by these
estimated individual-level preferences for job attributes. We show that while “hard” job characteristics
such as earnings and time constraints only slightly reduce the gender gap in sorting, accounting for “soft”

job characteristics such as daily tasks, contact with patients, and willingness to help others substantially

4Results are similar when focusing on the so-called free-billing sector in which the gender pay gap is 26 percent and
occupational sorting alone explains 66 percent of it, leaving the gender pay gap per procedure at 9 percent.



reduces the sorting gap. We run additional analyses that examine the role of preferences for future fertility.
Although the estimates are not statistically robust, we find evidence that the desire to have children in
the near future is a relevant factor in explaining differences in specialty sorting among women but not
among men, uncovering an anticipation effect of fertility on the career choices of women.

We first and foremost contribute to the literature on gender-based occupational segregation. To the
best of our knowledge, ours is the first analysis relying on revealed preferences for jobs that provides
evidence of gender-based occupational segregation in a labour market where sorting comes exclusively
from the supply side. Our paper thus improves on existing work in which the role played by demand-
side factors and differences in the jobseekers’ formal qualifications cannot be fully accounted for when
identifying gender-based occupational segregation (Altonji and Blank, 1999; Cortes and Pan, 2018; Lordan
and Pischke, 2022).° It also complements Wasserman (2022), who shows in the U.S. context that reducing
the hours requirements of a medical specialty boosts women’s entry into that specialty but does not affect
men’s. While she provides evidence that the increase in women’s entry is due to changes in labour supply
rather than labour demand, we completely abstract from demand-side forces and show that supply-side
decisions largely drive sorting into medical specialties.

Second, we take part in the current discussion of new classes of explanations for gender differences in
labour market outcomes.® These include differences in preferences for certain workplace amenities (e.g.
Sasser, 2005; Fortin, 2008; Cortes and Pan, 2018; Azmat and Ferrer, 2017; Wiswall and Zafar, 2018;
Le Barbanchon, Rathelot and Roulet, 2020; Fluchtmann et al., 2020; Fadlon, Lyngse and Nielsen, 2020;
Cook et al., 2021; Wasserman, 2022; Bolotnyy and Emanuel, 2022; Lordan and Pischke, 2022) differences
in personality traits (e.g. DeLeire and Levy, 2004; Dohmen et al., 2011; Flory, Leibbrandt and List, 2014;
Buser, Niederle and Oosterbeek, 2014; Reuben, Sapienza and Zingales, 2015; Reuben, Wiswall and Zafar,
2017; Buser and Yuan, 2019; Biasi and Sarsons, 2020; Diez-Rituerto et al., 2022), and social norms about
what women can and should do (e.g. Akerlof and Kranton, 2000; Goldin, 2002; Charles, Guryan and Pan,
2018; Porter and Serra, 2020). In addition, our survey results are in line both with the series of papers by
Goldin and co-authors arguing that the gender pay gap would be greatly reduced if workplaces did not
reward individuals who work long, or particular hours (Bertrand, Goldin and Katz, 2010; Goldin, 2014,
2015; Goldin and Katz, 2016) and those highlighting the costs of fertility incurred by women well before
the birth of their first child (Adda, Dustmann and Stevens, 2017; Wasserman, 2023).

Third, we contribute to the literature on the determinants of medical specialty choice. One of the

5Demand-side factors that have been identified by the literature as the main drivers of gender-based occupational
segregation are discrimination and human capital accumulation (Altonji and Blank, 1999). The former channel has received
support from a growing empirical literature documenting the existence of a gap in the probability that men and women
are interviewed or hired for the same job (e.g. Goldin and Rouse, 2000; Riach and Rich, 2002; Rich, 2014; Neumark, 2018).
Regarding the latter channel, the literature shows that although women have now overtaken men in terms of educational
attainment (Goldin, Katz and Kuziemko, 2006), there still exists marked gender differences in labour force participation
and career development (Bertrand, Goldin and Katz, 2010).

6See Bertrand (2011), Cortes and Pan (2018) and Azmat and Petrongolo (2014) for detailed accounts of the directions
that the literature has taken in recent years.



closest papers to ours in this literature is Sivey et al. (2012), both in terms of the methodology used to
elicit individual tastes for job attributes and of the variety of job attributes of interest. Nonetheless, our
setting allows us to go one step further and document that, even in a setting in which only supply-side
factors are at play, there are large gender differences in specialty choices. In this respect, we more generally
improve upon a number of analyses carried out in settings in which the demand side plays a role (e.g.,
Nicholson (2002); Dorsey, Jarjoura and Rutecki (2003); Thornton and Esposto (2003); Ku (2011) for the
U.S.)."

The rest of the paper is organised as follows: Section 2 presents the institutional setting and the data
that we use to analyse gender differences in specialty choices. Section 3 motivates our study by providing
evidence on the relevance of specialty choice in determining the gender pay gap. Section 4 describes
our empirical strategy and main results: it shows that men and women self-select into different medical
specialties, and characterises these specialties. Then, section 5 presents our survey data and investigates
the existence of gender differences in preferences for job attributes. Section 6 looks into the role of
preferences for job attributes in determining gender-based occupational segregation. Finally, section 7

concludes.

2 Institutional Background and Data

2.1 The Medical Studies and Profession in France

The French medical curriculum starts with a highly selective first year, at the end of which all students
must sit a national exam that less than 20 percent of the competing students pass, on average.® The next
two years of the curriculum are dedicated to developing a broad and general set of skills, and the fourth,
fifth and sixth years to deepening one’s knowledge of the medical sciences and preparing for the National
Ranking Examinations (Epreuves classantes nationales in French, hereafter NRE), which are held every
June and aim to assign each medical student in the country to a residency position (medical specialty,
location pair) in which to specialise until the completion of their training.’

The NRE is organised by the Centre national de gestion (hereafter CNG) an establishment under

the supervision of the Ministry of Health and in charge of the recruitment and management of public

7 Although we tackle different research questions, it is worth mentioning that we are also close to Ketel et al. (2016) in
the sense that we rely on the uniqueness of the settings offered by medical schools (in their case, a lottery) to study labour
market outcomes later in life.

8This strict regulation of entries follows from the large increase in the number of medical students that occurred in the
late sixties and early seventies. In 1971, to maintain high levels of earnings in the profession, the government imposed a
numerus clausus on the number of medical students allowed to continue their studies after the first year. The number of
students admitted to the second year reached its lowest level of 3,500 in 1993, and increased steadily until 2020. It was
replaced in 2021 by a numerus apertus to address a shortage of physicians.

9Hereinafter, subdivision and location are used interchangeably to refer to a geographical area comprising one or more
teaching hospitals. The 26 subdivisions of mainland France are shown in Appendix A.1 Figure Al. There are two additional
subdivisions in overseas France: Antilles-Guyane and Océan Indien.



hospital staff and practitioners. The centralised exam consists of two and a half days of tests, after
which the candidates are ranked solely on the basis of their scores. After the examinations have taken
place, the Ministry of Health releases the number of vacancies for each position for that year. Then, on
allocation days, the candidates pick a residency position according to their exam rank: the best-ranked
candidate chooses first, then so does the second-best, and so on, until all the students have been matched
to a position.!” Candidates observe both the choices of the preceding candidates and the number of
vacancies that are available for each position at each point in time. Thus, this application of the Deferred
Acceptance algorithm (Gale and Shapley, 1962) ensures that candidates make their decision while being
aware of their entire choice set, and therefore elicits the candidates’ non-strategic responses.

Upon completion of their sixth year of studies and assignment to a residency position, the newly-
appointed residents hold a Master’s degree and become an integral part of the medical staff. During their
residency, all residents earn the same fixed grid salary and are required to work the number of night shifts
and on-call shifts required by their specialty of choice. Specialisation lasts for up to five years, depending
on the specialty.

Once they have completed their residency, physicians can work as employees in a public or private
medical institution (46 percent in 2017, of which 66 percent work in hospitals), be self-employed (43
percent), or combine employment and self-employment (11 percent). The earnings of employed physicians
are usually set by a salary grid based on qualifications and seniority, with the rates set by this grid varying
only marginally across specialties. However, self-employed physicians face a more flexible fee-for-service
remuneration scheme, their earnings mostly arising from the fees that they charge to patients for each
medical consultation or intervention performed. The amount that self-employed physicians are allowed to
charge as fees depends on the contractual relationship between them and the national health insurance:
regulated and free-billing physicians coexist on the market for the same services. Sector 1 physicians
are price takers and must charge the regulated fees set by the national health insurance while sector
2 physicians can charge a markup on top of the regulated fees as long as it is done “with tact and
moderation” (Article R4127-53 of the French Public Health Code). The French healthcare system is
universal and largely financed by the national health insurance, which is compulsory and contribution-

based. Households thus have around 70 percent of their health expenditures covered by public insurance.'!

10Under certain conditions, students are allowed to change specialty during their specialisation. The conditions are (i)
to do it only once, (ii) that the change occurs within the same geographical unit, (iii) that the intern could have gotten the
newly chosen specialty in that location on their allocation day, given their rank, and (iv) that the change is requested before
the end of the fourth semester of the residency, at the latest. From 2010 to 2012, the proportion of students who changed
specialty after the NRE allocation ranged from 3.6 to 4 percent of the cohort population only (Golfouse and Pheng, 2015).

HRefer to Coudin, Pla and Samson (2015) for a more comprehensive description of the institutional framework.



2.2 Data

The National Ranking Fxaminations  This paper primarily relies on an administrative dataset obtained
by combining information published annually by the Ministry of Health via ministerial orders in the
Official Journal of the French Republic. It first contains the list of students who sat the National Ranking
Examinations each year between 2010 and 2022.'2 Tt also gives the number of vacancies that are offered
each year for each position. Thus, for each exam year, this dataset provides information on the rank and
final allocation of each candidate, as well as on the vacancies that are available to them. We are therefore
able to identify the occupational choice set faced by each candidate at the time of their choice.

The sample of analysis used in this paper is obtained after imposing the following restrictions. First,
we focus on the individuals who are allocated to a residency position.'? Second, we exclude individuals
who choose to work in overseas France, on the grounds that this small group of individuals may differ
substantially from the main group. We are left with a sample of 99, 076 individuals across 13 exam years.'*

Table 1 provides descriptive statistics on the NRE between 2010 and 2022. It shows that on average,
8,188 vacancies are offered to 8,456 candidates each year. Close to 60 percent of NRE participants are
women and, for the years in which we observe the age of each candidate, they are 25 years old on average.
Men taking the exam are slightly older than women, but the population is very homogeneous in terms of
age (standard deviation of 2.0).1° Candidates make their choice when 47 percent of the positions offered
that year are still available, on average. The bottom panel of the table focuses on the group of top 5
percent performers, to whom we pay particular attention throughout the paper. It shows that men are
more likely to be top performers than women, that top performers are younger than the other candidates,
and that top performers face a choice set in which more than 99 percent of all positions are available, on
average.

Figure 1 displays the estimated exam score density functions by gender, for the years 2010 to 2022.
It shows that men and women differ in their performance in the NRE. While the probability density
function for female students has a unimodal distribution, that of male students is clearly bimodal. Men
are more concentrated than women both at the top and at the bottom of the exam score distribution,
while women are more concentrated between these two extremes.'® Importantly, both men and women

are present in all parts of the exam score support; while the sample is 60 percent female on average, this

12 Although the current centralised allocation mechanism was first implemented in 2004, we exclude students allocated
before 2010 because we do not perfectly observe their final residency position for the years 2004 to 2009. In fact, up until
2010, allocation to specialties was done in two steps and only the first step of the choice was recorded.

I3Fach year, there are fewer allocated individuals than there are exam takers, and this is the case for two reasons. First,
once an individual gets their final rank, they may, under certain circumstances, decide not to choose a residency position,
and retake the exam the following year. Second, because students take the NRE before knowing if they have met all the
requirements necessary to pass the sixth year of medical studies, some of them end up failing it and are therefore not allowed
to enter specialisation. All in all, between 88 and 98 percent of takers were allocated to a position during our period.

14 Appendix A.1 Table Al shows how the post-selection sample compares to the population.

15Note that the 1st, 90th, and 99th percentiles of age are equal to 23, 27, and 34, respectively.

16 Although this has been the case since 2010, the concentration of men at the top seems to have been slightly more
pronounced in more recent years.



Table 1: Descriptive Statistics on the National Ranking Examinations (2010-2022).

All ‘Women Men Diff. Obs.
Nb. vacancies 8,189
(623.6)
Nb. takers 8,456 5,000 3,456 1,378

(722.8)  (507.1)  (310.8)

FULL SAMPLE

% Women 0.595 99,076
(0.491)
Age 25.2 25.0 25.4 0.4%%% 66,146
(2.0) (1.8) (2.2)
Rank 40749 41137 40180  95.7F* 99,076
(2,449.9)  (2,370.0) (2,561.8)
% Available positions  0.470 0.461 0485  -0.024*** 99,076

(0.312)  (0.304)  (0.323)

ToP 5 PERCENT

% Women 0.478 5,082
(0.500)
Age 24.2 24.1 24.3 -, 2%k 3,395
(1.1) (1.0) (1.2)
Rank 199.9 205.5 194.8 10.8%** 5,082
(117.2)  (116.3)  (117.8)
% Available positions 0.992 0.992 0.992 -0.000 5,082

(0.007)  (0.007)  (0.007)

Notes: This table reports descriptive statistics on the National Ranking Examinations be-
tween 2010 and 2022, before and after sample selection. Nb. vacancies and Nb. takers re-
spectively report the number of vacancies that are offered on a given year on average, and
the number of candidates taking the exam on a given year on average. “FULL SAMPLE” refers
to the entire population of 2010-2022 NRE takers, while “ToP 5 PERCENT” focuses on the
top 5 percent exam performers. The table reports the average value for the whole sample
(1), the sample of women (2) and the sample of men (3), as well as differences in means
between women and men (4) and the number of observations (5). Additionally, standard de-
viations for the means are reported in parenthesis, and significance levels of the two-sample
t-tests for the difference in means between women and men are reported using *** p<0.01,
** p<0.05, * p<0.1.

proportion is lower at both the bottom and at the top of the distribution.

Physicians’ Earnings We further need information on the earnings of French physicians, first to
motivate the relevance of specialty choice in determining the gender earnings gap in Section 3, and
second to characterise the different medical specialties in the second part of Section 4.2. Throughout
the paper, we use information on gross yearly earnings and per-procedure fees. In Section 3, we rely
on an exhaustive administrative INSEE-CNAMTS-DGFiP file on all physicians with positive earnings
from self-employment in 2005, 2008, 2011 and 2014 to compute two measures of earnings: gross yearly

earnings, which is not adjusted by the quantity of labour, and per-procedure earnings, which is.'” Gross

"Data source: Revenus des libérauz de santé - 2005, 2008, 2011, 2014, DREES - Ministére de la Santé [producers],



Figure 1: Exam Score Kernel Density by Gender.
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Notes: This figure plots the estimated probability density function of the exam score by kernel density estimation for

female and male medical students allocated to a residency position between 2010 and 2022.
yearly earnings is defined as the sum of all the fees that are received by a physician for their medical
consultations and interventions in a year, while per-procedure earnings refers to the ratio of gross yearly
earnings and the number of consultations and interventions performed in that year.'® The latter aims to
proxy hourly wages, which we cannot compute because we do not observe hours worked. Although this
impacts the comparability of our pay gap measure with that of other studies, we regard the number of
procedures performed as a relevant alternative measure to account for labour supply when analysing the
pay gap in the medical profession.

Although this dataset contains very detailed information on self-employed physicians, it does not
contain information on physicians who work exclusively under employment contracts and do not bill
under self-employment (about two-fifths of all physicians), which we need in Section 4.2 to construct a
more comprehensive measure of expected earnings in a given specialty across all types of employment
(self-employed and employed physicians). We thus rely on two additional data sources: (i) hospital salary
grids from 2016 published by the Ministry of Health in the Official Journal of the French Republic, and

(ii) data provided by the Directorate for Research, Studies, Evaluations and Statistics (DREES) on the

ADISP [distributor].

18 Medical procedures are broadly classified as either consultations or interventions. Within each of these two groups,
there exists a much more detailed categorisation of procedures according to a number of criteria (part of the body, action
performed, etc.), each of which has its own fee.



demographics of physicians by type of employment and specialty of practice in 2014. Using 2014 data
from the INSEE-CNAMTS-DGFiP file, we define expected yearly earnings in a given specialty as the
average, cross-sector yearly earnings in that specialty, weighted by the population of physicians in each
cell. This measure is not limited to earnings from self-employment: it can be seen as the amount that an

intern finishing specialisation and contemplating which type of job to take can earn, in expectation.

Non-Pecuniary Specialty Characteristics  In order to further characterise the medical specialties that
men and women choose from, we gather additional data on measurable job attributes that matter in
the occupational decision. Given data availability constraints, we focus on the following non-monetary
attributes.

First, to get a sense of the time requirements of each specialty, we gather data on the average number
of hours worked and night shifts performed in each specialty. This information comes from two surveys
which were conducted by the largest trade union of medical residents (ISNI) on a representative sample
of around 25 percent of the active residents in 2019 and 2012, respectively.!” We also gather information
on the number of years required to complete one’s residency program in each specialty from a 2021 ISNI
report,?° and on the proportion of self-employed physicians in each specialty gathered from the 2016 Atlas
of Medical Demographics (Conseil national de I'ordre des médecins, 2016), which we use as an additional
proxy for time flexibility.

Second, we collect information on perceived job characteristics using the Occupational Information
Network (O*NET) database. Following Cortes and Pan (2018), we construct four composite indices
capturing the degree of competition, the social orientation, the time pressure, and the interactional skills
required by each medical specialty. Appendix A.2 provides extensive details on the measures described in
this subsection and on the data sources from which they are derived. It also provides descriptive statistics

for each of them.

3 Medical Specialty and the Gender Pay Gap

Despite the decline in occupational segregation over time, there is still a tendency for women and men to
choose different types of jobs and specialised training within a given profession (Azmat and Ferrer, 2017).
This has been the case for the medical profession in France over the last two decades, where there has been
an increase in gender segregation across medical specialties. According to our calculations, the Duncan

Segregation Index—capturing the fraction of women (or men) who would have to change specialty to

19We acknowledge that the time requirements that are imposed on residents are not necessarily the same as those imposed
on physicians within a specialty, but these are the only available databases containing this information at the relevant level.
In addition, we argue that they allow us to capture a potentially relevant dimension: the immediate time requirements that
individuals face when choosing their specialty.

20http://www.futur-interne.com/wp-content /uploads/2021,/07 /ISNI-GUIDE-2021.pdf.
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obtain an identical specialty distribution across genders—among new medical residents was 18 percent
in 2004, 19 percent in 2010, and just under 23 percent in 2022. Wasserman (2022) estimates values of
the Duncan Segregation Index just above 27 percent in both 2004 and 2010 for a sample of U.S. medical
school graduates. Our results highlight a clear trend of increasing specialty segregation by gender among
medical students in France and, in turn, in the total population of physicians (from 16 percent in 1999
to 17 percent in 2022).

In this context of increasing gender-based occupational segregation, we start by providing evidence on
the importance of specialty choice for the gender pay gap. To do so, we quantify the role that observable
factors play in determining the gender earnings gap in the medical profession and show how important
specialty of practice is in explaining the gender pay gap compared to other common determinants. We
use the administrative individual-level data file described in Section 2.2, which covers more than half of
all active physicians in these years.

We focus on physicians working in the regulated-fee sector, known as sector 1, because their earnings
can be tightly linked to their productivity through the number and type of procedures they perform.
Importantly, these physicians’ earnings are not tied to tenure (this sector does not feature a promotion
scheme), there are no convex returns to hours worked (physicians are paid at the same rate whether
they perform 20 or 40 consultations a day), or pay differentials based on negotiations. Moreover, using
physicians practising in sector 1 also allows us to abstract from sorting across employment types and
sectors.?! However, acknowledging the gender-based sorting into the different types of employment which

22 we also perform the analysis on sector 2 physicians and report the

exists in the medical profession,
results in Appendix B Table B2.

Table 2 reports the female coefficient from estimating a set of standard Mincer regressions of the form:

In(Earnings;t) = Bo + f1Female; + X[,p+ €t (1)

for physician i in year t, where Earnings;; is per-procedure earnings or gross yearly earnings, Female;
indicates that physician 7 is a woman, and X;; represents the set of control variables described below.
Table 2 reports the results on per-procedure earnings for the sake of exposition, and Appendix B Table
B1 contains further results on per-procedure earnings and yearly gross earnings. Column (1) shows that
after controlling for year and size of the urban area of practice (UA), female physicians established in the

regulated-fee sector (sector 1) earn about 9 percent less for each procedure they perform than their male

210nce a physician has established their practice in sector 1, they cannot switch to sector 2. However, the reverse switch
is possible.

22For instance, according to the DREES Open Data available at https://data.drees.solidarites-sante.gouv.fr/, 52 percent
of female physicians worked under employment contracts in 2014, compared to 32 percent of men. Similarly, female self-
employed physicians are more likely to be established in the regulated-fee sector 1 than in the free-billing sector 2 (76
percent work in sector 1) compared to men (74 percent), as shown in Appendix A.2 Table A2.
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counterparts.?® This indicates that most of the 34 percent gap in yearly earnings shown in column (1) of
Panel B of Appendix B Table B1 can be explained by the fact that women perform fewer procedures. The
pay gap is even wider in the free-billing sector (sector 2), where women earn on average 24 percent less
than men for each procedure performed, and 38 percent less than men for their yearly earnings. We then
incrementally add individual- and practice-level control variables and report the results in columns (2)
to (4). These controls only slightly reduce the estimated gender gap: after controlling for age, experience,
practice type and procedure type, female physicians in the regulated-fee billing sector still earn 7 percent

less per procedure than their male counterparts.?*

Table 2: Female-to-Male Earnings Gap in the Regulated-Billing Sector.

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

Female -0.088%FF  0.098%FF  -0.084%FFF  _0,069%FF  -0.039%F*F  -(,038%**
(0.002)  (0.002)  (0.002)  (0.002)  (0.001)  (0.001)

Mean dep. variable 3.484 3.484 3.484 3.484 3.484 3.484
Adj. R-squared 0.055 0.101 0.150 0.291 0.468 0.492
Observations 312,153 312,153 312,153 312,153 312,153 312,153
Year & UA size FEs v v v v v v
Age & experience - v v v v v
Type of practice - - v v v v
Procedure type - - - v - v
Specialty FEs - - - - v v

Notes: OLS estimates of the gender gap in the per procedure earnings estimated from equation (1) using all
physicians with positive gross earnings billed in Sector 1. Per-procedure earnings refers to the ratio of gross
yearly earnings (sum of all the fees received for medical consultations and interventions) and the number of
consultations and interventions performed in that year. “Year & UA size FEs” are fixed effects for the size of
the urban area in which the practice is located, “Age & experience” includes indicators for 5 age categories
as well as the number of years of experience as a private practitioner and its squared value, “Type of prac-
tice” refers to a set of dummy variables for the legal status of the practice and the share of yearly earnings
arising from self-employment, “Procedure type” is the share of yearly procedures that are consultations, and
“Specialty FEs” refers to 16 indicators variables for each medical specialty. Heteroskedasticity-robust standard
errors reported in parenthesis, *** ** * denoting significance at the 1%, 5% and 10% levels, respectively.

Columns (5) adds medical specialty fixed effects, which reduce the remaining gender pay gap per
procedure to 3.9 percent, implying that 43 percent of the residual gender pay gap per procedure can be
explained by women and men sorting into different specialties. This makes specialty of practice the most
important observable factor explaining the gender pay gap.2® In the free-billing sector, the reduction is
even larger, with specialty of practice explaining 61 percent of the residual gender pay gap, leaving the

gap at 9 percent.

23The corresponding unconditional gender pay gaps in per-procedure earnings and gross yearly earnings are reported in
column (1) of Appendix B Table B1. They are respectively equal to 7 percent (Panel A) and 34 percent (Panel B).

241n order to account for different fees and fee compositions in each specialty, in column (4), we control for the share of
procedures performed that are considered to be consultations as opposed to interventions. Since different specialties require
different types of procedures, this control may already partially account for gender differences in specialty sorting.

25 Although specialty of practice is also the most important observable determinant of the gender gap in yearly earnings
(Panel B of Table B1), controlling for it does not close the gap. This is mainly due to the fact that gender differences in
labour supply are not taken into account when using gross yearly earnings instead of per-procedure earnings.
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The gender pay gap we uncover in the regulated-fee sector is two-thirds of the gender gap in hourly
earnings found in a sample of young U.S. doctors in 1990 (Sasser, 2005), while the gender gap in the free-
billing sector is almost twice as large. We did expect the gender pay gap to be smaller in our setting than
in Sasser (2005) because of the billing regulations imposed on sector 1 physicians, it is however surprising
that the gender pay gap we uncover among physicians in the free-billing sector is almost twice as large
as that in the U.S. Our findings are very similar to those of Blau and Kahn (2017) for a sample of U.S.
workers over several decades, in which the authors report “a continued substantial role for occupation and
industry in explaining the gender wage gap”. Our results also mirror those found for other homogeneous
groups of workers such as recent MBAs (Bertrand, Goldin and Katz, 2010), pharmacists (Goldin and Katz,
2016), lawyers (Azmat and Ferrer, 2017), and Uber drivers (Cook et al., 2021). Specifically, the latter
study documents a remarkably similar gender earnings gap of around 7 percent in this “gig” economy,
where pay is set in a similar way as in the regulated-fee sector for physicians.

We interpret these results as clear evidence of the importance of specialty choice for the labour market
outcomes of medical students. In the remaining sections, we seek to understand the reasons behind the

gender differences in specialty choices and how these are partly driven by supply-side factors.

4 Gender Differences in Specialty Choices

In this section, we start by describing the empirical strategy that we use to analyse gender differences in
specialty choices. It relies on two main features. First, given that in this framework individuals sequentially
choose their future medical specialty from a finite list of positions and that employers have no decision-
making power over the match, after conditioning on individual choice sets for residency positions, gender
differences in choices are entirely attributable to supply-side factors. Second, focusing on candidates at
the top of the exam performance allows us to make sure that choices are unconstrained by position
availability, which further ensures that specialty sorting is largely driven by preferences. This is explained

in details in Section 4.1. We then show our estimation results in Section 4.2.

4.1 Empirical Strategy

To isolate the role of jobseekers’ preferences in determining gender-based occupational segregation, the
ideal experiment would compare the occupational choices of individuals with similar characteristics (ed-
ucation, experience, ability, etc.), who face no screening by employers and the same occupational choice
set, and who differ only in their gender. The setting provided by the National Ranking Examinations is
very close to this ideal. Not only does it remove the role of employers in the hiring process, but it also

allows us to observe, for each year, (i) each individual’s specialty choice, (ii) the rank of that individual
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in the population of candidates, and (iii) the number of vacancies offered per position. Taken together,
these elements allow us to retrieve each candidate’s exact choice set, and thus to compare the decisions
of candidates facing the same choice sets.

To further identify the role of jobseekers’ preferences, we pay particular attention to the group of
top performers in the national exam, for whom most preferred and revealed residency choices coincide.
Given the sequentiality of choices imposed by the NRE ranking, these top performers are the first to
choose their residency position during the national allocation process. At the time of their choice, all
positions are still available. As a result, these students are entirely unconstrained by position availability,
which ensures that their revealed preferences for specialty coincide with their most preferred specialty.2®
However, only 554 individuals are fully unconstrained over the entire period. Therefore, we focus instead
on the top 5 percent NRE performers (amounting to 5,082 individuals). At their time of choice, these
individuals face a choice set composed of 99.2 percent of all the offered positions, on average (Table 1).
Importantly, all the specialties and subdivisions have at least one remaining vacancy throughout the top
ventile of the performance distribution,?” which is evidence of the fact that virtually all of these top
performers are unconstrained by position availability when choosing their residency position.?® Appendix
C.2.2 shows that our results are robust to a number of alternative definitions for being unconstrained by
position availability.

We estimate the following equation by ordinary least squares at different points of the exam rank

distribution:

yi = Bfemale; + ey + € (2)

where ¢ refers to a candidate in a given year, y; is an indicator variable taking the value 1 if candidate
1 chooses the specialty under consideration and 0 otherwise, female; is an indicator variable taking the
value 1 if candidate 7 is a woman and 0 otherwise, and ;) are choice set fixed effects.?? We define

choice set fixed effects as groups of five individuals with consecutive ranks.?® They allow us to control

26We further argue that this group of individuals is of particular interest as one might expect gender differences in labour
market aspirations to be limited in this group of highly-educated highly-motivated individuals.

27In some years, some positions are filled as the top 5 percent candidates are still choosing. For instance, in 2022, 30
positions were filled before the 434 top 5 percent candidates had made their residency choice. The first position to be filled
was Hematology in Bordeaux, as it only offered one vacancy that year. As a matter of fact, 50 percent of the positions that
got filled within the top 5 percent were in Hematology, Maxillofacial Surgery, Plastic Surgery, or Nephrology. To reassure
the reader of the fact that, despite these filled positions, the top 5 percent performers are virtually unconstrained by position
availability, we compare the stated and revealed choices of our 2022 survey respondents and check whether discrepancies
are due to positions being filled already. We find that out of the 75 top performers among our survey respondents, only one
had declared a preferred position that was filled by their time of choice.

28We acknowledge that exam performance is likely to result from both ability and effort, the latter being driven by
specialty preferences. However, what matters for our analysis is that the ranking perfectly defines choice sets, regardless of
how that ranking was formed.

29We prefer OLS over a Probit or Logit regression framework to avoid bias arising from the well-documented incidental
parameter problem (Neyman and Scott, 1948). Furthermore, since the job attributes described in Section 2.2 vary at the
speciality level rather than the individual level, their parameters would not be identified in a multinomial logistic regression
framework.

30 Appendix subsection C.2.1 shows that our results are robust to different definitions of choice set fixed effects.

14



for all the characteristics that are common to individuals with virtually equivalent positions in the rank
distribution, such as exam performance (which can be seen as a combination of individual ability and
effort) and, most importantly, the set of available positions to choose from.

Appendix A.1 Figure A2 provides an overview of the vacancy filling process for each specialty over
the exam score distribution. It shows how some specialties are filled earlier than others (because of their
popularity and number of available vacancies), and justifies conditioning on choice set to estimate gender
differences as well as focusing on candidates at the top of the exam score distribution. The results obtained
on the group of top 5 percent performers are displayed in Figure 2, while the estimates obtained along

the entire support of the performance distribution are presented in Appendix C.1.

4.2 Results

Self-Selection into Specialties  Figure 2 plots gender differences in the propensity to self-select into each
specialty estimated on the top 5 percent exam performers. Precisely, each row reports the coefficient B
and its 95% confidence interval estimated from equation (2) using an indicator variable taking the value 1
if candidate 7 chooses the specialty under consideration and 0 otherwise. As a result, each point estimate
can be interpreted as the gender gap in the probability of self-selecting into a given specialty among
students who are unconstrained by position availability.

Figure 2 presents the main result of the paper: men and women facing the same occupational choice
set make very different choices. Women at the top of the performance distribution are 6.8 percentage
points less likely to choose cardiology, 5.3 percentage points less likely to choose anesthesiology, and 4.9
percentage points less likely to choose surgery than their male counterparts facing the same choice set.
Symmetrically, they are 4.8 percentage points more likely to self-select into general practice, 4.9 percentage
points more likely to choose pediatrics, and 5.7 percentage points more likely to choose dermatology than
their male counterparts. These results are striking, given that top-performing individuals can choose any
specialty in any location, and thus do not face the specialty-location trade-off that some candidates with
lower ranks face. Our results imply that men and women facing the same choice set prefer different
medical specialties: even when they are unconstrained by position availability and do not have to go
through a hiring process, men and women still choose to work in different specialties. It indicates that
differences in preferences for job characteristics are a key component of the observed gender differences
in self-selection into medical specialties.?!

Figure 2 further shows that there are specialties for which no gender differences are observed: they

31Ku (2011) shows in the U.S. context that women are more likely than men to choose general practice, pediatrics,
and gynecology, while men are more likely to choose surgical specialties and the E-ROAD specialties (emergency medicine,
radiology, ophthalmology, anaesthesiology, and dermatology). By focusing on a setting in which only supply-side factors are
at play, we go one step further and show that some gender differences in specialty choice are still present when focusing on
individuals who are unconstrained by position availability and search and matching frictions. Our results also suggest that
pooling the E-ROAD specialties together hides some gender differences in self-selection.
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Figure 2: Gender Differences in Specialty Choices (Top 5% Exam Performers).
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Notes: This figure plots the coefficients B resulting from estimating (2) for each medical specialty, using the sample of
students who scored in the top 5% of the National Ranking Examinations in the years 2010-2022 (5,078 individuals). This
group of students chose their residency position when 99.7% or more of all positions were still available. Negative (positive)
values indicate that, on average, women are less (more) likely to self-select into the corresponding specialty than men with
a virtually identical choice set. All the gender gaps are estimated using OLS and include choice set fixed effects defined
as groups of 5 individuals with consecutive exam scores. The shaded area show 95% confidence intervals computed using
heteroskedastic robust standard errors.

exhibit gender gaps that are very close to 0, albeit most of them are not statistically significant at
the 5 percent level. This is because, under our regression framework, the magnitude of each specialty’s
estimated gender gap is bounded by its relative popularity.?? To understand how the estimated gaps
change when accounting for each specialty’s relative (female) popularity, Appendix C.1 Figure C4 plots
the point estimates from equation (2) expressed as the proportion of the share of women choosing each
specialty. The relative popularity of each specialty in the population of top 5 percent exam performers
is also shown by its marker’s size. Although the magnitude and interpretation of the gender gaps change

with this transformation, the order of the specialties and the conclusions remain unchanged.?3

Gendered Self-Selection and Job Characteristics ~ We next correlate the gender gaps estimated on the
population of top 5 percent performers with the different job characteristics defined in Section 2.2 and
show the results in Figure 3. In each sub-figure of Figure 3, a circle represents one of the 28 medical

specialties under study and its size shows the specialty’s relative popularity in the population of top five

32Taking a fictitious specialty that is only selected by 1 percent of the students, this means that the estimated gender
gap cannot be larger than 1 percent.

33In fact, the specialties that see their gender gap increase the most (in absolute terms) are among the least popular,
and their gender gaps remain statistically insignificant. The one exception is endocrinology, which exhibits a positive and
significant gender gap in Figure 2 as well.
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percent exam performers. The dashed line plots the prediction from a linear regression of the gender gap
on the characteristic. All job characteristics have been normalised to have a mean of zero and a standard
deviation of one in the sample of medical specialties. Recall that a positive female-male gap estimated
from equation (2) means that women are more likely than men to self-select into a given specialty, while
a negative gap means that men are more likely than women to choose the specialty under study. The
figure shows clear correlations between self-selection patterns and medical specialty characteristics. Male
students at the top of the performance distribution are more likely than their female counterparts to self-
select into medical specialties that offer higher gross yearly earnings (unadjusted for labour supply) and
higher per-procedure earnings. They are also more likely to select specialties that are more competitive and
more demanding in terms of time requirements (more night shifts, more time pressure, longer residency
programs, and to a lesser extent more hours worked).

So far, we have shown that very similar men and women facing the same choice set choose different oc-
cupations, and that these occupations differ in terms of earnings and non-pecuniary amenities. It suggests
that preferences for job characteristics play an important role in explaining gender-based occupational
segregation. This is what we document in the remaining sections using our survey data, first by looking
at gender differences in preferences for job attributes, and then by providing evidence on their role in

determining occupational sorting.

5 Preferences for Job Characteristics

In this section, we present our survey of a sample of candidates for the National Ranking Examinations,
in which we elicit preferences for a range of job attributes that could explain the gender segregation in
occupations documented above. We then examine the existence of gender differences in preferences for

job characteristics.

5.1 Survey to Medical Students

To obtain evidence on the drivers of the observed gender differences in occupational choices, we conducted
two online surveys of a sample of prospective NRE candidates. Importantly, for those respondents who
consented, we also obtained their rank in the national exam and their actual choice of specialty and
location. The recruitment of medical students was carried out under the MEDSPE research project
(N°ANR-21-CE26-0013-01). 8,043 of the 9,070 students who registered for the 2022 National Ranking
Practice Examinations (Epreuves Classantes Nationales préparatoires, hereafter NREp, a mock exam

aimed at training for the NRE) were invited to participate in a first survey.>* This corresponds to 83.7

34The NREp were held between 21 and 23 March 2022 on a national digital evaluation platform known as SIDES, which
stands for Systéme informatisé distribué d’évaluation en santé. In addition to hosting the national practice (or mock) exam,
it also provides material to prepare for the NRE. The difference between the number of NREp participants and the number
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Figure 3: Estimated Gender Gap and Job Characteristics.
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Notes: Each graph shown in this figure plots the gender gaps estimated from equation (2) on the sample of top 5 percent
exam performers against a given job characteristic as well as the prediction from a linear regression of the gender gap on the
characteristic. Each graph thus shows the correlation that exists in our sample between the self-selection gender gap and the
job attribute under study. Each marker represents one of the 28 medical specialties of the sample. The size of each marker
represents the relative popularity of each specialty in the population of top 5 percent exam performers. The job characteristics
have been normalised to have a mean of zero and a standard deviation of one in the sample of medical specialties.
percent of the population of 2022 sixth year medical students. This first survey, developed with oTree
(Chen, Schonger and Wickens, 2016), was conducted between 8 and 20 March 2022, just before the NREp,
and gathered 3,525 respondents. Of these, 2,588 (73 percent) agreed to be contacted again for follow-
up surveys. Of these 2,588 individuals, 1,382 participated in the follow-up survey. The follow-up survey

data were collected using Qualtrics, a web-based survey tool, over a four-week period in May 2022. The

participation period began 45 days and ended 15 days before the 2022 NRE.

of students that were contacted to take part in the first survey is due to the fact that the students’ contact details were
collected on a date when not all NREp participants had registered yet.
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The surveys took approximately 28 minutes and 25 minutes to complete, respectively. In the first
survey, respondents were incentivised with a fixed payout of 10 euros and a variable payout based on
performance in different tasks, as well as a raffle with several cash prizes. In the follow-up survey, re-
spondents were offered the chance to enter a lottery to win one of 17 prizes with a total value of 1,462
euros. A timeline showing the different stages of this project (NRE dates, survey dates) is presented in
Appendix D Figure D1. In this paper, we rely almost exclusively on data collected during the follow-up
survey.

In addition to questions on demographics and family background, the follow-up survey consisted of
several sections. First, respondents were asked about their preferences in terms of residency positions and
their expected performance in the NRE. They were also asked about their knowledge and expectations
of the working conditions (average earnings, number of hours worked including night shifts, proportion
of women, and proportion of self-employed physicians) in their preferred specialty and in two other
randomly-selected specialities, one of which is predominantly selected by women and the other by men
(defined base on Figure 2). The main section of the follow-up survey consisted in a hypothetical job
choice experiment, as described in Section 5.2. We complemented the information collected through the
hypothetical job choices by asking respondents how important a series of characteristics were in their
choice of residency position (see Section 5.3 for a detailed analysis of these survey questions). Finally, we
asked respondents about their experiences and expectations of gender-based discrimination and elicited
their beliefs about gender norms. The information on respondents participation and rank in the national
exam, as well as their actual residency choice was merged with their survey responses.

Table 3 summarises the information available jointly for the students who were contacted and re-
sponded to the surveys and for those who participated in the NREp and the NRE. Both surveys received
an acceptable response rate, 43.8 and 53.4 percent respectively, with female students being slightly more
likely to participate in both surveys. More than 98 percent of our respondents participated in the 2022
National Ranking Examinations, and those with higher scores were more likely to participate in both
surveys. For instance, 29.3 percent of the respondents ended-up in the top quartile of the NRE rank
distribution, while only 18.6 percent did so in the bottom quartile.

Appendix D Table D1 provides some descriptive statistics on the men and women of our sample.
Women are 24.3 years old and 4 months younger than men on average. 99 percent of the women of the
sample are French, compared to 95 percent of the men. While 39 percent of our men and women are
single at the time of the follow-up survey, women are slightly more likely than men to be married or in
a civil partnership, but the difference is not statistically significant. There are also significant differences
between the fertility plans of our male and female respondents: while 30 percent of women declare wanting

to have children in the five years following the survey, only 22 percent of men do.
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Table 3: Students’ Characteristics Across Samples.

1st survey 2nd survey

National Mock

Contacted  Respondents (NREp) Contacted  Respondents National Exam

(NRE)
Women 5,085 (63.2) 2,374 (67.3) 5,722 (63.1) 1,737 (67.1) 934 (67.6) 5,990 (64.5)
Men 2,958 (36.8) 1,151 (32.7) 3,348 (36.9) 851 (32.9) 448 (32.4) 3,292 (35.5)
National Exam Rank
Take-up rate 97.2 98.2 96.9 98.3 98.5 100.0
1st quartile 26.1 27.2 25.2 27.7 29.3 25.0
2nd quartile 22.6 21.9 23.3 21.4 20.0 25.0
3rd quartile 21.3 19.8 22.5 19.5 17.4 25.0
4th quartile 23.6 20.3 25.1 20.2 18.6 25.0
Contact and response rates 88.7% 43.8% 73.4% 53.4%
Total 8,043 3,525 9,070 2,588 1,382 9,282

Notes: This table shows the total number of students in each sample (1st survey, NREp, 2nd survey, NRE), as well as their repartition across
genders and NRE rank quartiles. The different samples are displayed in chronological order. The NRE sample contains the entire population of
NRE candidates. Contact rates are computed by dividing the total number of students who received an invitation to participate in either survey
by the total number of students in the corresponding sample.

Turning to the respondents’ educational background, virtually all of them followed the scientific path
in high school, and there is a higher proportion of women who passed the high school final exam with the
highest honors. Finally, in our sample, men are as likely as women to pass the first year of medical school
at the first attempt. Similarly, there are no significant differences in the propensity of men and women
to obtain a top or bottom rank in the medical school first year final exam.?® Additionally, Appendix D
Table D2 reports the geographical distribution of respondents by gender based on the location of their
university, and Figure D2 compares their self-reported expected exam performance with their actual

performance.

5.2 Valuations of Job Attributes: A Hypothetical Job Choice Model

We use a hypothetical job choice methodology to estimate individual valuations of different workplace
attributes that characterise healthcare occupations. The setting under study is particularly well suited to
the collection and analysis of hypothetical job choice data. First, we survey students only a few months
before they start their first job (their residency program), which minimises the influence of previous work
experience on preferences.?® This ensures that preferences for job attributes should not change drastically
between their elicitation and the individual’s actual labour market decision. Second, we link each student’s
estimated preferences for workplace attributes to their actual specialisation choice. Note that we do this
in a setting that is incentive-compatible and not plagued by common labour market frictions. In doing
S0, we improve upon previous studies in which the respondents’ labour market decisions typically occur

several years after preference elicitation, and in which labour market frictions may prevent individuals

35Note that female and male respondents also differ in terms of parental education: women are more likely than men to
have parents with some level of tertiary education.

36 A1l medical students are required to complete short rotations in core medical specialties as part of the medical curricu-
lum. Therefore, our elicited preferences for job attributes reflect each individual’s personal experience of these placements.

20



from matching with their preferred job (e.g. Wiswall and Zafar, 2018).

5.2.1 Design of the Experiment
Survey participants were presented with an introductory text with the following instructions:

Imagine that you have just finished your training in your preferred residency position

and that you now need to choose between different salaried jobs that are offered to you.
Each job is characterised by [a list of 4 job characteristics].

These jobs are identical in all respects, including the medical specialty that is practiced,

except for the four characteristics mentioned above.

These jobs are presented to you in the 8 scenarios below. In each scenario, we ask you to
indicate the probability that you pick each of the jobs. The probability attributed to
each job must be a number from 0 to 100, and the sum of probabilities within a scenario must

be equal to 100.

Following similar designs used in other papers (Blass, Lach and Manski, 2010; Eriksson and Kristensen,
2014; Mas and Pallais, 2017; Maestas et al., 2018), and in particular the one used in Wiswall and Zafar
(2018), we presented respondents with two sets of 8 scenarios (16 job scenarios in total). Each scenario
consisted of three hypothetical jobs that were constructed by exogenously varying four job characteristics.
Respondents were asked to provide choice probabilities for each of the three jobs, rather than a discrete
answer. This allowed them to express uncertainty about their choice and to rank the alternatives in order
of preference.3”

In the first set of 8 scenarios, we varied (i) monthly earnings, (ii) number of hours worked, (iii) number
of night shifts and (iv) having a predictable fixed schedule. In the second set of scenarios, we varied (i)
monthly earnings, (ii) earnings growth after 10 years, (iii) commuting time, and (iv) proportion of women
in the workplace. Following Wiswall and Zafar (2018), we decided not to vary these 8 job characteristics
at once, so as not to overwhelm respondents. We randomised the order in which the two sets of scenarios
appeared. Importantly, respondents were told that the jobs were identical in all respects except for the
four characteristics that were shown to them. The text also emphasised that all hypothetical jobs were
referring to the same medical specialty.

We selected the workplace attributes described above based on prior literature, on prior evidence

related to the healthcare sector, and because they showed considerable variation both across specialties

37 As explained in detail by Blass, Lach and Manski (2010), this “elicited-choice-probabilities” approach to estimating
individual preferences for job attributes has the drawback that it requires respondents to have some knowledge of prob-
abilistic reasoning and requires more effort than the “stated-choice” approach. Given that medical students are familiar
with probabilities and statistics since it is part of their medical curriculum, the former should not be a major concern. To
alleviate it further, we asked respondents to answer a test scenario before moving on to the actual task. To tackle the second
concern, we identify and exclude individuals who completed the experiment in three minutes or less and thus appear not
to have paid attention to the task, as explained in the following section.
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and across jobs within a speciality. Earnings and earnings growth were included because they have been
shown to be important determinants of career choice (Thornton and Esposto, 2003; Gagné and Léger,
2005; Wiswall and Zafar, 2018).38 Earnings growth after 10 years additionally captures the respondents’
intertemporal preferences and their valuation of career progression. Number of hours worked, number
of night shifts, and schedule predictability were included because they relate to work-life balance and
to the job’s remuneration structure and to the gender earnings gap (Goldin, 2014; Cortes and Pan,
2018).3% Having a predictable schedule captures the ability to know what time of day one is expected to
work, which should correlate with planning ahead and having a better work-life balance (Thornton and
Esposto, 2003; Harris et al., 2017; Mas and Pallais, 2017). Commuting time was included because it has
been shown to be a relevant factor in one’s occupational decision, especially for women (Harris et al.,
2017; Le Barbanchon, Rathelot and Roulet, 2020). Finally, we included the proportion of women in the

workplace to assess whether female composition matters differently for men and women.

5.2.2 Model and Estimation

Under the assumptions of linear preferences over the job attributes and of utility-maximising decision
makers, we use the canonical random-utility model in which medical student i derives utility from choosing

job j in the following way:
Uij = BiX; +¢ij (3)

where X is a vector containing the observed attributes of job j, ; is a vector containing individual
i’s utility weights over those attributes, and €;; is an idiosyncratic error term containing the remain-
ing characteristics that affect respondent 4’s utility (it is observed by the respondent but not by the
researcher).

We estimate the following linear median regression model:

M [ln(p”) \ X} = (X; — X1)'Bi (4)

DPi1

where p;; is the probability that individual ¢ chooses job j, and M [-] is the median operator. The
assumptions required to estimate the utility weights without measurement error and the steps leading to
equation (4) are presented in detail in Appendix E.1.

After replacing 0 probabilities by 0.001 and 100 probabilities by 99.9 to avoid log odd ratios that

38We slightly depart from Wiswall and Zafar (2018) by presenting respondents with monthly earnings rather than annual
earnings. We do this because informal discussions with workers in the French healthcare sector revealed that this is the way
workers think about earnings.

39Respondents were instructed that the night shifts measure also included on-call time. They were also instructed that
the measure of hours worked did not account for the number of night shifts shown in the same job.
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equal minus and plus infinity, we estimate equation (4) by Least Absolute Deviations (LAD) for different
specifications of the attributes.?® Our preferred specification linearly includes all the job characteristics
described above.*! To avoid making assumptions about the population distribution of preferences, we
estimate (; separately for each respondent ¢ using 32 unique observations. Based on these estimates,
we then obtain population statistics and use cluster bootstrap samples with replacement to conduct
inference.

We also compute individual-level willingness-to-pay estimates, which are easier to interpret than the
B; preference parameters estimated from equation (4). We denote individual i’s willingness to pay for a
change in the level of attribute X from X = z; to X = x5 + A as WTP;(A). Given the assumed

linear utility function, WTP,,(A) is defined such that:

Bk + Baln(Y) = (zx + A)Bix + Bunln(Y + WTIP,,(A)) (5)

where f3; is individual i’s preference for attribute k, f3;1 is their preference for earnings, A is the unit

increase in attribute k, and Y is the level of earnings. As a result:

WTP;;,(A) = [exp <_ﬂﬁ1k A) - 1} xY (6)

Thus, WTP;(A) > 0 indicates that individual 7 is willing to pay to avoid increasing the “bad” attribute
k by A, while WTP;,(A) < 0 means that individual ¢ is willing to pay to get A units more of the “good”
attribute k.

Of the 1,382 survey respondents, 90 percent completed the 16 scenarios of the hypothetical job
choice experiment (1,244 individuals). Appendix E.2 describes the choice probabilities elicited during
the exercise before sample selection. To focus our analysis on individuals who were attentive during the
exercise, we implement the following sample restrictions. We first remove responses from individuals who
spent less than 3 minutes on the job choice experiment (20 individuals).*? Second, we exclude the 27
individuals who have lexicographic preferences for a certain job attribute, for whom, from a theoretical
point of view, there is no trade-off between job characteristics. Finally, individuals with at least one
estimated willingness to pay in the bottom or top 1 percent are also excluded from our analysis. After

implementing these restrictions, we are left with the elicited probabilities of 1,146 medical students.*3

40The LAD model is invariant to transformations of the extreme values (0 and 100) that do not alter the ordering of
preference values around the median.

41We report results from alternative specifications in Appendix E.3 Figures E4 to E6.

42 Appendix subsection E.2 shows that these individuals are much more likely to input extreme probabilities than the
rest of the respondents, which we take as evidence of their inattention.

43Results are robust to using the whole sample of respondents who completed the job choice experiment. We nonetheless
decide to restrict the sample in an attempt to get as close as possible to a convincing, trustworthy sample. Note that this
restriction also implies clearer graphical exposition.
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5.2.3 Results

We estimate kernel densities of the job preference parameters 8 from job choice model (4) for each gender
and report them in Appendix E.3 Figure E3, together with some descriptive statistics on the estimates
in Table E1. Unsurprisingly, most respondents prefer jobs with higher earnings, and a significant share
of respondents have a strong taste for higher earnings (bunching at around 25 log points). We also find
that a non-negligible number of respondents have zero or negative preference estimates for earnings.**
The mean and median values of the other preference parameters have the expected signs.

The distributions of the willingness-to-pay estimates for each gender expressed as a percentage of
average earnings across all scenarios, namely 3,511 euros per month, are displayed in Figure 4.%> We
complement this figure with some descriptive statistics on the estimates in Appendix E.3 Table E2.46

The estimates displayed in Figure 4 show that the men and women of our sample have remarkably
similar willingness to pay for the job attributes under study. The two-sample Kolmogorov—Smirnov tests
reported on each sub-figure (KS) show that we fail to reject the null hypothesis of equality of the distri-
butions for all the job attributes, except for commuting time which appears to be marginally significant.
However, a closer look at the other p-values reported on the sub-figures sheds light on some heterogeneity:
the distribution of estimated WTPs for hours worked is more skewed to the right for women than for
men (1.8 vs. 1.5 percent of monthly earnings required to work for an extra hour at the median, and
3.6 vs. 2.9 percent at the 75" percentile). This suggests the existence of a group of women who require
very large compensations to work one extra hour per week. More generally, gender differences seem to
be more pronounced in the tails of the WTP distributions. It is important to note that our estimates
capture preferences at a particular point in the life cycle of the survey respondents and that preferences
for job attributes may evolve over time. Nevertheless, we argue that the timing of our survey allows us to
measure preferences at a very relevant moment for medical students, just before they choose a medical
specialty that will determine their field of work for the rest of their career. Next, we compare these results

to those obtained with a simpler methodology to retrieve preferences for job characteristics.

5.3 Valuations of Job Attributes: Self-Reported Measures

Although very informative, the hypothetical job choice exercise by design only allows us to measure taste
for a limited set of characteristics. Could it be that this exercise failed to highlight important gender

differences in taste for certain job characteristics? In this subsection, we look at the respondents’ self-

44Note that given the specificity of the medical setting, we did expect a significant number of respondents to be indifferent
to earnings.

45Note that we fix average earnings at the same level for men and women to ensure that gender differences in WTP
reflect only differences in preferences, not earnings.

46In an effort to provide evidence on the quality of our preference estimates, Appendix E.3.4 shows the correlation
that exists between the individual preference parameters estimated in this section and the characteristics of the medical
specialties that are actually chosen by the survey respondents for their residency training.
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Figure 4: Kernel Densities of WTP Estimates.
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Notes: This figure displays the kernel densities of the percentage an individual needs to be compensated for a unit change
in the job attribute or willingness to pay (WTP) computed using the relevant utility weight estimated from equation (4)
by gender. p-values for Kolmogorov-Smirnov tests of the equality of the two distributions. We also conduct tests for gender
differences in the 25", 50" and 75" percentiles using bootstrapped samples. WTP values above (below) 100 (-100) are not

shown.

reported tastes for a wider set of job attributes. Specifically, we analyse a series of questions asking

respondents to reveal how important a set of 13 characteristics are to them when choosing their specialty

on a scale from 0 (not important at all) to 10 (extremely important).*”

It is important to bear in mind that any potential discrepancies between the results of the discrete
choice experiment and these self-reported measures could be due to the differences that exist between
the two methods. The hypothetical job choice experiment is designed to estimate measures of individual
preferences for job attributes that are free from potential confounding factors. In contrast, self-reported

preferences for job characteristics are likely to be influenced by other correlating factors.

47Note that although French is a language with grammatical gender, all the questions and statements described below

were written so as to apply to both genders, by using a gender-neutral phrasing.
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For the sake of exposition, we reduce the dimensionality of this data by combining the characteristics as
follows: Willingness to help others and Contact with patients are aggregated into Patient care; Family-work
balance, Workload and Schedule predictability give rise to Time flexibility; and Interest in the pathologies
and Daily tasks lead to Job tasks. We additionally decide to focus on Income and Prestige separately.

Figure 5 shows the mean of each of these indices separately by gender, while Appendix F Figure F1
replicates Figure 5 using the 13 original variables.*® We also test the gender difference in means for each of
these indices and report its significance level, and provide the percent difference between the female and
male means for readability purposes. The figure complements the results of the hypothetical job choice
experiment: women care more than men about having jobs that have a social component and involve
more patient care (regular contact with patients, willingness to help others) and that have a flexible and
predictable schedule (workload, family-work balance, schedule predictability). However, men put more
importance than women on their job’s income levels and prestige. Interestingly, the tasks required in a job
(pathologies which are studied, presence or absence of surgery, of research, of emergencies) are similarly
important for both genders.*

In addition, we asked respondents to select the most important driver of their specialty choice from
the same list of job characteristics. We show their answers separately by gender in Appendix F Figure F2.
For both men and women, the three most important factors behind their specialty choice are the work-life
balance offered by the job, the interest they have in the specific pathologies, and having regular contact
with patients. Women are significantly more likely than men to claim that their main consideration when
choosing their specialty is the work-family balance, and to report the contact with patients as the main
driver of their specialty choice.

Finally, Appendix F.1 Figure F3 uses the respondents’ answers to open-ended questions about the
‘pros’ and ‘cons’ of their preferred specialty to show that men and women, on average, differ in what they
care about in a job. These open-ended answers also provide evidence of the similarity between the factors
on which we surveyed respondents’ self-reported tastes and the factors they mentioned when asked to
openly state the ‘pros’ and ‘cons’ of their preferred specialty.

All in all, while our WTP estimates are remarkably similar across genders, our self-reported measures
of preferences highlight some significant gender differences in tastes for job characteristics. While both men
and women care about family-work balance and having control over their workload, these characteristics
seem to be more important for women. Additionally, even though both men and women care about “softer”
job characteristics such as care to patients, specific job tasks, and a friendly working environment, women

care about these more than men. Finally, men care significantly more than women about income and

48Unlike in Section 5.2.3, we focus on gender differences in means for the sake of exposition, but looking at differences
in distributions would imply a similar conclusion of important gender differences.

49Tt is also interesting to note that for both genders, the most important index in this list of job characteristics is patient
care.
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Figure 5: Self-Reported Valuation of Job Attributes by Gender.
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Notes: This figure shows mean values for the five indices created based on the following survey question: “At the
beginning of this questionnaire, you said that you would like to specialise in spectalty_preferred. On a scale from
0 to 10, how important was each of the following factors in your specialty choice?”. Significance levels of the two-
sample t-tests for the difference in means between men and women are reported using *** p<0.01, ** p<0.05, * p<0.1.
A percent difference between the female and male means is also provided for each index.

prestige. As explained above, they way in which workplace preferences are elicited could explain the
discrepancy between the conclusions of the discrete choice experiment and the self-reported measures.
This could be the case if for instance, women do not dislike longer hours or night shifts per se, but dislike
the types of tasks that are performed in the jobs in which they are required, more generally. An additional
potential explanation is that the hypothetical job choice experiment requires more time and effort from
respondents than the series of questions on self-reported preferences. In any case, the results from both
methodologies suggest that a group of women have a stronger taste for time flexibility and patient care
than men, while men put more importance on their job’s prestige and income level than women. These
gender differences are in line with those found in other studies, see Cortes and Pan (2018) for a summary
of the findings in the literature. In the next section, we examine how these gender differences in workplace

preferences impact medical specialty choice and the related gender earnings gap.

6 Preferences for Job Characteristics and Specialty Choice

In the previous section, we estimate individual-level valuations for certain workplace characteristics using

a hypothetical job choice model and document how these compare to self-reported measures of taste for
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similar characteristics. In this section, we investigate how important these valuations are in explaining
the observed gender-based occupational segregation and, more tentatively, the gender earnings gap. To do
S0, we group specialties according to whether they are predominantly preferred by women or by men over
the entire period (2010-2022) based on Figure 2. Cardiology, anesthesiology, surgery and radiology are
classified as male-preferred, while dermatology, pediatrics, general practice and gynecology are referred
to as female-preferred. We then assess the effect of preferences for job characteristics on the gender gap
in sorting into these female- and male-preferred specialties using two indicator variables that indicate

whether an individual has chosen a specialty that belongs to one of these groups.

The role of workplace preferences in explaining specialty sorting To understand how much of the
gender gap in the probability of specialising in male- and female-preferred specialties can be explained by
differences in workplace preferences, we integrate our measures of preferences estimated in the previous
section into a linear probability model of specialty choice. Table 4 shows the different specifications of that
model. We first control for preferences for “hard” job characteristics only (income and time requirements)
using in turn the § preference parameters estimated from equation (4) (column (2)) and the related self-
reported measures (column (3)). Second, we additionally control for preferences for “softer” (self-reported)
job characteristics, namely patient care, job tasks and prestige (columns (4) and (5)).

Finally, in order to control for one’s knowledge and expectations of workplace characteristics, we use
the respondents’ answers to the survey questions asking them about their knowledge of the working
conditions in one randomly-selected female-preferred specialty and one randomly-selected male-preferred
specialty (column (6)). Specifically, we ask them to estimate the average earnings, the number of hours
worked (including night shifts), the proportion of women, and proportion of self-employed physicians in
these specialties. We adjust their answers for their self-reported confidence in the accuracy of each value
provided. Overall, these specifications allow us to see how much of the gender gap in sorting remains after
accounting for differences in preferences for job attributes and for potential differences in knowledge of
and expectations on the specialties.

Table 4 displays the estimated gender gaps in the probability of self-selecting into a male-preferred
specialty (Panel A) and into a female-preferred specialty (Panel B). Column (1) shows that after condi-
tioning on rank deciles only, women are 11 percentage points less likely to self-select into male-preferred
specialties and 22 percentage points more likely to self-select into female-preferred specialties. In column
(2), we further control for the 5 parameters of workplace preferences estimated from equation (4). Con-
trolling for these estimates only reduces the gender gaps in specialty choice by 0.2 percentage points in
Panel A and 0.6 percentage points in Panel B, representing a 2 percent reduction in the residual gender
gap in Panel A (-0.002/-0.11) and a 3 percent reduction in Panel B (0.006/0.216). This means that our

“pure” measures of taste for hours worked, night shifts, schedule predictability, commuting time, earnings,
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Table 4: Female-to-Male Gap in Specialty Choice.

Female
Wants kids

Female x Wants kids

Mean dep. variable
Adj. R-squared
Observations

Exam rank deciles

Workplace preference controls:
Hard job charac. (betas)
Hard job charac. (self-reported)
Soft job charac. (self-reported)

Workplace knowledge

Female
Wants kids

Female x Wants kids

Mean dep. variable
Adj. R-squared
Observations

Exam rank deciles

Workplace preference controls:
Hard job charac. (betas)
Hard job charac. (self-reported)
Soft job charac. (self-reported)

Workplace knowledge

(@) [6) 3) (4) [6) (6) (7 ®)
Panel A: Choosing a male-preferred specialty

-0.109%*%  -0.107***  -0.082***  -0.073***  -0.062***  -0.055%*  -0.055**  -0.047*
(0.023) (0.023) (0.023) (0.023) (0.023) (0.023) (0.023) (0.026)
0.000 0.026
(0.020) (0.047)
-0.035
(0.051)
0.156 0.156 0.156 0.156 0.156 0.156 0.156 0.156
0.163 0.166 0.206 0.217 0.234 0.241 0.239 0.239
1,134 1,134 1,134 1,134 1,134 1,134 1,134 1,134

v v v v v v v v

- v - v - v v v

- - v - v - - -

- - - v v v v v

- - - - - v v v

Panel B: Choosing a female-preferred specialty
0.216***  0.210%**  0.186***  0.164***  (0.152%**  (.144%%*  (0.139***  (.132***

(0.030) (0.030) (0.030) (0.030) (0.030) (0.028) (0.029) (0.032)
0.071%* 0.047
(0.029) (0.055)
0.034
(0.064)
0.522 0.522 0.522 0.522 0.522 0.522 0.522 0.522
0.114 0.124 0.144 0.200 0.207 0.266 0.269 0.269
1,134 1,134 1,134 1,134 1,134 1,134 1,134 1,134

v v v v v v v v

- v - v - v v v

- - v R v - - R

- - - v v v v v

- - - - - v v v

Notes: OLS estimates of the gender difference in the probability of selecting Cardiology, Anesthesiology, Surgery or Radiology (Panel A) and Dermatology,
General Practice, Gynecology or Pediatrics (Panel B). Refer to Section 5.1 for details on the data. All specifications control for exam rank deciles. Work-
place preferences controls are defined as follows: Hard job charac. (betas) includes the estimated preferences parameters (8’s) from the hypothetical job choice
model; Hard job charac. (self-reported) includes the self-reported preferences measures for income and time flexibility; Soft job charac. (self-reported) includes
the indices for patients care, job tasks, and prestige. Workplace knowledge includes the respondents’ expectations of earnings, hours worked, share of women
and share of self-employed physicians in the specialty adjusted for confidence. Wants to have kids takes value 1 for those who want to have kids within the
next 5 years and 0 for those who answered no. Respondents who already have kids are not included. Block bootstrap standard errors in parentheses.

* denote significance at 1%, 5%, and 10% levels, respectively.

earnings growth and share of female colleagues contribute only marginally to the gender-based occupa-
tional segregation that we observe in the data. This result is not surprising, as we have shown in Section
5.2.3 that these preferences estimates are remarkably similar across genders. In column (3), instead of
the B preference parameters, we use the respondents’ self-reported preferences for earnings, workload,
schedule predictability, and family-work balance to control for taste for time flexibility and earnings. The
resulting reductions in gender gaps (and increases in adjusted R-squared) are larger than those observed
in column (2), but they are still rather limited: the residual gender gap is reduced by 2.5 percentage
points in Panel A and 2.4 percentage points in Panel B, representing a 25 percent lower probability of
self-selecting into a male-preferred specialty (Panel A) and a 14 percent lower probability of self-selecting

into a female-preferred specialty (Panel B). These differences in effect sizes are likely due to the different
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methodologies used to obtain these individual measures of taste, as highlighted in Subsection 5.3.
Column (4) builds on column (2) by adding the self-reported preference parameters that are not
related to time flexibility and earnings, namely interest in the pathologies, daily tasks, contact with
patients, prestige, and willingness to help others. Interestingly, taste for these “softer” job characteristics
seem to contribute much more to reducing the gender gap in sorting than taste for the “harder” ones that
are earnings and time flexibility. Adding them to the specification significantly reduces both the gender
gap in the probability of choosing a male-preferred specialty (by an additional 33 percent) and a female-
preferred specialty (by an additional 24 percent), and substantially increases the adjusted R-squared in
both panels. Column (5), in which we control for self-reported preferences for both the hard and soft
job characteristics leads to a similar conclusions: the latter explain more of the gender gap in sorting
than the former. Our results are consistent with those of studies analysing gender-based occupational
segregation finding that women tend to have stronger preferences than men for jobs with a higher people
component (Lordan and Pischke, 2022; Cortes and Pan, 2018). Similarly, studies on the determinants
of the gender wage gap have found that preferences for people/family versus money/work can account
for at least as much or even more than other traditionally relevant human capital factors in explaining
the residual gender wage gap (Fortin, 2008; Grove, Hussey and Jetter, 2011; Cortes and Pan, 2018).
Column (6) additionally controls for individual knowledge of mean earnings, number of hours worked
(including night shifts), share of women, and share of self-employed physicians in the randomly-drawn
specialties. It shows that individual-level expectations about job characteristics helps explain the gender
gap in specialty sorting, consistent with previous literature on the role of information on occupational

choices (Wiswall and Zafar, 2018) and on college major (Zafar, 2013; Wiswall and Zafar, 2015).

The role of preference for fertility in explaining specialty sorting  Finally, we examine how much of
the difference in sorting can be explained by differences in preferences for future fertility by adding an
indicator variable taking the value 1 if the respondent reports wanting to have children within the next five
years and 0 otherwise. Column (7) shows that, on average, controlling for the willingness to have children
in the near future does not further reduce the sorting gap into male-preferred specialties, but does so by
3.5 percent when it comes to sorting into female-preferred specialties. In other words, wanting to have
children in the near future is associated with a higher probability of choosing a female-preferred specialty.
Column (8) further allows us to investigate whether preferences for future fertility play a different role for
men and women. We find that the gender difference in sorting is smaller between women and men who do
not want to have children in the next five years (4.7 percent for male-preferred specialty and 13.2 percent
for female-preferred specialty) than between men and women who do want to have children in the next five
years (5.6 for male-preferred specialty and 21.3 for female-preferred specialty). In addition, although the

estimates on the interaction terms are not precisely estimated, they suggest that while wanting children
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in the near future is associated with a higher probability of self-selecting into a female-preferred specialty
for both men and women, it is associated with a lower probability of self-selecting into male-preferred
specialty for women but not for men. This finding point towards an anticipation effect of fertility on the
career choices of young women, consistent with the structural estimates obtained in Adda, Dustmann
and Stevens (2017). It highlights the costs of fertility incurred by women well before the birth of their
first child, which is in line with the literature on the relationship between women’s fertility choices and
gender gaps in labour market outcomes (Sasser, 2005; Wang and Sweetman, 2013; Angelov, Johansson and
Lindahl, 2016; Kleven, Landais and Sggaard, 2019; Kleven et al., 2019; Wasserman, 2022, 2023). Overall,
we find that preferences for and knowledge of workplace attributes, together with preferences for future
fertility, explain 50 and 64 percent of the residual gender gap in sorting into male- and female-preferred

specialties, respectively.

The role of gender differences in workplace preferences in explaining the gender earmings gap In the
last part of this section, we examine the extent to which gender differences in job preferences explain the
gender earnings gap. We have shown that the lion’s share of the gender pay gap among physicians can
be explained by speciality choice (Section 3), and that workplace preferences affect specialty choices. To
quantify how workplace preferences affect the gender earnings gap through the specialty choice channel,
we follow Wiswall and Zafar (2018) and implement an exercise that measures the gender earnings gap
in a hypothetical scenario in which the distribution of women’s workplace preferences is shifted by the
median gender difference to have the male median.?°

We do so by estimating a non-linear specialty choice model with the same control variables as in
column (4) of Table 4, and predicting the probability that women choose male-preferred specialties
(as opposed to female-preferred specialties) after shifting their workplace preferences by the median
gender difference. This exercise relies on the survey questions eliciting individual estimates of expected
earnings®! in a female-preferred and a male-preferred randomly-selected specialty.’? We then use each
female respondent’s predicted probability of choosing a male-preferred specialty to weight her self-reported
expected earnings in each of the two specialty groups (female- and male-preferred). Note that we keep
women’s relative performance in the NRE fixed, even though it could be affected by a shift in workplace
preferences.

We find that shifting women’s workplace preferences to have the male median increases women’s

probability of choosing a male-preferred specialty by 15 percent, thereby reducing the expected gender

50Shifting women’s workplace preferences by the median male-female difference allows us to preserve the heterogeneity
in women’s preferences.

51Note that unlike the analysis carried out in Section 3, the current analysis relies on earnings data. We made this
decision for simplicity’s sake, on the basis that it is difficult for medical students to give an estimate of how much they
expect to earn on average, let alone how much they expect to earn per hour or per procedure.

52 As a result, unlike the specialty choice model specified above, this exercise focuses on the decision to choose a male-
preferred specialty as opposed to a female-preferred specialty, as we did not elicit knowledge of the working conditions in
the remaining “neutral” specialties.

31



earnings gap between the male- and female-preferred specialties by 1.6 percent. In particular, the gender
gap is reduced by 0.5 percentage points from a baseline predicted gap of 31.2 percent. Our results support
the theory of compensating differentials, whereby the observed gender earnings gap could be partly due to
women sorting into medical specialties with more favourable job attributes that pay less in return. Given
our limited and rather crude measures of expected earnings in female- and male-preferred specialties, we
think that our estimate of the reduction is likely to be a lower bound on the importance of workplace

preferences in determining the gender earnings gap in the medical profession.

7 Conclusion

In this paper, we analyse gender differences in early career choices in a context in which the traditional
explanations for gender-based occupational segregation, namely human capital investment and discrimi-
nation, are by construction not present: the French centralised medical specialty selection procedure. This
allocation mechanism of medical students to residency positions allows us to focus on the role of supply-
side factors in explaining gender-based occupational segregation and, to a certain extent, its implications
for the gender pay gap in the profession.

To motivate our analysis of gender-based segregation in medical specialties, we start by showing that
specialty of practice is the most important observable determinant of the gender earnings gap in the
medical profession. We then use unique administrative data on the French centralised medical residency
selection mechanism to show that, conditional on facing virtually equivalent medical residency choice
sets, men and women make drastically different specialty choices. Moreover, we show that this result
holds at the top of the exam performance distribution, where candidates face no external constraints on
their decisions. The specialty choices stemming from this true preference revealing mechanism result in
women being more likely than men to self-select into occupations with lower expected earnings, allow for
more time flexibility, and are less competitive than those chosen by men. We argue that such a finding in
this particular setting strongly suggests that workplace preferences play an important role in explaining
the observed gender differences in early career choices.

To better understand the workplace preferences that lead men and women to sort into occupations
with such different job characteristics, we turn to the field and survey a sample of French sixth year
medical student in 2022, before they take the National Ranking Examinations, about their occupational
aspirations, their expected exam performance and the drivers of their choices. Using a hypothetical
job choice framework, we robustly estimate individual preferences for certain job attributes. We obtain
willingness-to-pay estimates for these attributes that are remarkably similar across genders. Although
preferences for the number of hours worked show some gender differences at the tail, suggesting the

existence of a group of women with particularly strong tastes for time flexibility who are willing to give
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up large shares of monthly earnings to avoid working longer hours, we find no evidence of strong gender
differences that could fully explain the gender gap in sorting documented above.

We complement these results with collected self-reported measures of preferences for job character-
istics, which allows us to identify some further gender differences in preferences for job attributes that
are more in line with the existing literature (Cortes and Pan, 2018). While both men and women care
about family-work balance and having control over their workload, these characteristics seem to be more
important for women. Additionally, although both men and women care about “soft” job characteristics
such as care to patients, specific job tasks, and a friendly working environment, women do care more than
men about patient care. Finally, men care significantly more than women about income and prestige.

We then combine estimated preferences for workplace attributes, knowledge of workplace attributes
and preferences for future fertility to explore how much of the gender gap in specialty sorting they can
explain. We show that while “hard” job characteristics such as earnings and time constraints matter for
the gender gap in sorting, “soft” characteristics such as daily tasks, contact with patients, and willingness
to help others play a substantially larger role in reducing the gap. Knowledge of workplace attributes is
also found to be a relevant factor in explaining the differential sorting across specialties. Finally, we find
suggestive evidence of an anticipation effect of fertility on the career choices of young women but not of
men.

A potential area for future research is to investigate the role of social and environmental factors, such
as expectations of future discrimination and social norms, in explaining gender differences in early career
choices. Future research could also be devoted to the further understanding of the drivers behind the
gender differences in specialisation in sub-fields of certain occupations (Goldin and Katz, 2016; Azmat

and Ferrer, 2017).
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Appendix

Appendix A Supplementary Material on the Data

A.1 The National Ranking Examinations

Figure A1l: Subdivisions

Er

lermont-Ferrafn
Grenoble
Bordeaux

Notes: This figure shows the 26 subdivisions of mainland France. Subdivisions are geographical areas comprising one
or several teaching hospitals. They are the geographical unit of reference in the context of medical studies in France.
There are two additional subdivisions in overseas France: Antilles-Guyane and Océan Indien.
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Table Al: Descriptive Statistics on the National Ranking Examinations (2010-2022), Before and After
Sample Selection.

All Women Men Diff. Obs.
Nb. vacancies 8,188.5
(623.6)
Nb. takers 8,456.0 5,000.1 3,455.9 1,377.6

(722.8)  (507.1)  (310.8)

BEFORE SAMPLE SELECTION

% Women 0.590 108,657
(0.492)
Age 25.2 25.0 25.4 -0.4%%* 72,772
(2.0) (1.8) (2.2)
Rank 4,202.9 4,230.8 4,162.9 67.9%F* 108,657
(2.451.6)  (2,379.8) (2,550.8)
% Available positions 0.453 0.446 0.464 -0.018%** 108,657

(0.310)  (0.302)  (0.321)

AFTER SAMPLE SELECTION

% Women 0.595 99,076
(0.491)
Age 25.2 25.0 25.4 -0.4%%* 66,146
(2.0) (1.8) (2.2)
Rank 40749 41137 40180  95.7F*F 99076
(2,449.9)  (2,370.0) (2,561.8)
% Available positions 0.470 0.461 0.485 -0.024%F* 99,076

(0.312)  (0.304)  (0.323)

Notes: This table reports descriptive statistics on the National Ranking Examinations be-
tween 2010 and 2022. Nb. vacancies and Nb. takers respectively report the number of va-
cancies that are offered on a given year on average, and the number of candidates taking the
exam on a given year on average. The table reports the average value for the whole sam-
ple (1), the sample of women (2) and the sample of men (3), as well as differences in means
between women and men (4) and the number of observations (5). Additionally, standard de-
viations for the means are reported in parenthesis, and significance levels of the two-sample
t-tests for the difference in means between women and men are reported using *** p<0.01,
** p<0.05, * p<0.1.
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Figure A2: Share of Candidates Selecting each Specialty.

Share of candidates

0 10 20 30 40 50 60 70 80
Exam score percentiles

Note: 1: Otorhinolaryngology; 2: 3: v 4:

5: Medical Genetics; 6: Oral Surgery; 7: Physical Medicine
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Notes: This figure plots the share of candidates selecting each specialty in each percentile of the exam score distribution.
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A.2 Specialty Characteristics

In order to characterise the medical specialties that men and women choose from, we gather data on
measurable job attributes that matter in the occupational decision. In this section, we describe the
different data sources from which we obtain these pecuniary and non-pecuniary attributes, and provide

some descriptive statistics for each of them.

Ezpected FEarnings Table A2 provides descriptive statistics on the self-employed physicians whose
data is described in Section 2.2. Figure A3 plots our proxy of gross yearly expected earnings by specialty
described in Section 2.2. It shows that there is significant variation in expected earnings across specialties,
our proxy ranging from only slightly more than 60,000 euros in public health and medical genetics to
close to 390,000 euros in radiology.

Figure A3: Expected Yearly Earnings by Specialty.

Radiology
Ophthalmology
Anatomical Pathology
Oral Surgery
Surgery

Cardiology
Anesthesiology
Otorhinolaryngology
Neurosurgery
Gastroenterology
Gynecology
Dermatology
Rheumatology
General Practice
Pulmonology
Nephrology
Neurology
Pediatrics
Psychiatry
Endocrinology
Physical Medicine
Internal Medicine
Occupational Medicine
Public Health
Medical Genetics

T T T T
0 100,000 200,000 300,000 400,000
Gross yearly earnings

Notes: This figure shows the yearly gross earnings that physicians can expect to earn in each specialty on average. This
measure combines aggregated data on the earnings of private physicians provided by the CNAMTS and hospital salary grids
collected from the Official Journal of the French Republic, which are averaged and weighted by population using data on
demographics provided by the DREES.

Time Requirements  Turning to non-pecuniary characteristics, one of the most prominent job attributes
for which men and women are likely to differ in their preferences is their work’s time requirements. In the
medical context, two measures that are particularly relevant are the duration of the work week and the

number of night shifts. Like salaries, hours worked and night shifts are subject to regulations: medical
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Table A2:

Descriptive Statistics Self-employed Phyisicians.

Sector 1 Sector 2
Women Men Diff. (p-value) Women Men  Diff. (p-value)
Yearly gross earnings 130,292 184,919 -54,628 (0.00) 158,312 241,468 -83,157 (0.00)
Earnings per procedure 49.21 44.66 4.55 (0.14) 59.18 85.32 -26.14 (0.00)
per consultation 17.28 20.14 -2.86 (0.01) 22.37 24.39 -2.02 (0.00)
per intervention 158.65 191.63 -32.98 (0.01) 102.75 210.05  -107.30 (0.00)
Share earnings from self-employment  0.91 0.89 0.02 (0.00) 0.86 084 0.2 (0.00)
Performed medical procedures 4166.73  5556.66 -1389.93 (0.00) 3079.34 3764.30 -684.96 (0.00)
share consultations 0.81 0.79 0.03 (0.00) 0.76 0.68 0.08 (0.00)
share interventions 0.19 0.21 -0.03 (0.00) 0.24 0.32 -0.08 (0.00)
Number of different patients 1,849 2,091 -242 (0.00) 1,726 1,856 -131 (0.00)
Years since specialisation 19.57 23.75 -4.18 (0.00) 23.09 24.14 -1.06 (0.00)
Years in self-employment 15.93 20.78 -4.85 (0.00) 18.74 20.03 -1.28 (0.00)
Age
Below 45 0.30 0.15 0.15 (0.00) 0.21 0.17 0.04 (0.00)
40-49 0.19 0.15 0.04 (0.00) 0.13 012  0.01 (0.00)
50-54 0.21 0.22 -0.00 (0.02) 0.20 0.18 0.02 (0.00)
55-60 018 025  -0.07(0.00) 024 024 0.0 (0.40)
Above 60 0.12 024  -0.12(0.00) 021 029  -0.07 (0.00)
Civil status
Single 0.21 0.07 0.14 (0.00) 0.17  0.06  0.11 (0.00)
Divorced 0.15 0.10 0.05 (0.00) 018 012 0.06 (0.00)
Married/civil partnership 0.62 0.82 -0.19 (0.00) 0.63 0.81 -0.18 (0.00)
Widow 0.02 0.01 0.01 (0.00) 002 0.0l 0.01 (0.00)
Number of children 1.29 1.25 0.04 (0.00) 1.12 1.27  -0.15 (0.00)
Child age < 5 0.11 0.08 0.03 (0.00) 009 011  -0.02 (0.00)
Share by medical specialty
Anesthesiology 0.02 003  -0.01(0.00) 003 004  -0.02 (0.00)
Cardiology 0.02 005  -0.03(0.00) 002 003  -0.02 (0.00)
Dermatology 0.05 0.01 0.04 (0.00) 0.10 0.03 0.07 (0.00)
Gastroenterology 0.01 0.02 -0.01 (0.00) 0.02 0.03 -0.01 (0.00)
General Practice 0.60 0.65 -0.05 (0.00) 0.22 0.24 -0.02 (0.00)
Gynecology 0.06 0.02 0.04 (0.00) 0.17 008  0.10 (0.00)
Ophthalmology 0.04  0.02 0.02 (0.00) 0.11 0.08  0.03 (0.00)
Oral Surgery 0.00 0.01 -0.00 (0.00) 0.00 002  -0.01 (0.00)
Others 0.04 003 0.01 (0.00) 007 004 0.3 (0.00)
Otorhinolaryngology 0.01 0.01 -0.01 (0.00) 002 006  -0.04 (0.00)
Pediatrics 0.04 0.0l 0.03 (0.00) 0.05 002 0.3 (0.00)
Psy And Neuropsychiatry 007 005 0.02 (0.00) 0.08 006  0.03(0.00)
Pulmonology 0.01 0.01 -0.00 (0.00) 0.01 0.01 -0.00 (0.70)
Radiology 0.04 006  -0.02(0.00) 003 002  0.00(0.72)
Rheumatology 0.01 0.01 0.00 (0.09) 0.03 0.03 0.01 (0.00)
Surgery 0.00 0.02  -0.02 (0.00) 003 021  -0.18 (0.00)
Number of physicians 93,984 218,169 312,153 28,400 72,847 101,247

Notes: Mean values of selected variables from administrative data on all physicians in France with positive earnings from self-
employment in the years 2005, 2008, 2011 and 2014.

residents can work a maximum of 48 hours and participate in maximum one night shift per week.??

53Decree number 2015-225 from February 26, 2015.
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To obtain variation across specialties in these two significant job attributes, we use declared hours and
number of night shifts worked by medical residents. This information is obtained from two surveys, which
were conducted by the largest trade union for medical residents (ISNI) on a representative sample of
between 20 and 25 percent of active residents in 2019 and 2012, respectively. We link this information to
the NRE data using specialty of practice.

Figure A4 plots the average number of hours worked in a week and the number of night shifts worked
in a month by residents in each specialty. It highlights the variation that exists in these two dimensions
across specialties: residents in neurosurgery and surgery report working almost twice as many hours as
those in psychiatry and occupational medicine. Similarly, residents in surgery do more than 5 night shifts
a month, while those in endocrinology do 2.

Figure A4: Night Shifts and Hours Worked by Specialty.
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Clinical Pathology — I
Public Health — [
Medical Genetics —| e
Occupational Medicine — [
Psychiatry - [ —

Night shifts Hours

Notes: This figure shows the average number of hours worked in a week by medical residents in each specialty (left panel)
and the average number of night shifts performed in a month by medical residents in each specialty (right panel). The data
comes from two different surveys conducted to a nationally representative sample of medical residents in 2019 and 2012,
respectively, by the trade union ISNI (Intersyndicale nationale des internes).

We also look at the number of years that are required for medical students to complete their residency
program, as it might be an important short-term determinant of specialty choice. Figure A5 shows average
residency program length by specialty. Residency length ranges from three years in general practice®*

to six years in surgery, otorhinolaryngology, ophthalmology and neurosurgery. Again, we notice some

54General practice is the only specialty that requires only three years of specialisation. Its average of 3.5 years results
from the grouping of specialty that we use throughout the paper in which general practice and geriatrics are put together.
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heterogeneity across specialties.

Figure A5: Residency Length by Specialty.
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Notes: This figure shows the average number of years required to complete one’s residency program by specialty. The
data comes from the following 2021 ISNI report: http://www.futur-interne.com/wp-content/uploads/2021/07/ISNI-GUIDE-
2021.pdf.

Other Perceived Characteristics ~ The Occupational Information Network (O*NET) database contains
hundreds of occupation-specific characteristics on a large number of occupations, including several medical
specialties. Specifically, it gathers information on the knowledge, skills, and abilities required in each
occupation, as well as on the activities and tasks performed, and their importance in each occupation. It
also contains information on the context in which work is done, and on the values that are important in
each occupation. Importantly, this data is collected via interviews to random samples of workers in each
targeted occupation in the United States. One might worry that knowledge, work conditions and work
values are likely to differ across countries. Even though we acknowledge that absolute differences in these
characteristics across specialties are likely to differ between France and the U.S., we claim that relative
differences should be rather stable between the two.

To link the O*NET and NRE data, we identify the relevant medical specialties in the O*NET database,
and find a match for 92.5 percent of our sample.®® Following Cortes and Pan (2018), we create four

composite indices to characterise the different medical specialties, as described Table A3. First, we select

558pecifically, cardiology, hematology, legal medicine, nephrology, oncology, and otorhinolaryngology are not present in
O*NET.
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the O*NET measures which we find both relevant in our setting, and likely to be comparable in the U.S.
and French contexts. We normalise each measure to have a mean of zero and a standard deviation of one
in the sample of medical specialties, and then take the average of the normalised measures. We obtain
four indices (competition, social component, time pressure, and interactional skills) that have mean zero
and standard error of one, and which we use to characterise the occupations into which men and women

self-select.

Table A3: Selected Specialty Characteristics from O*NET.

Index

Measure Question

Scale

Time pressure

Competition Competition “How competitive is your From not at all,
current job?” to extremely.
Concern for “How important is concern From not at all,
others for others to the performance to extremely.
of your current job?”
Social Assisting “How important is assisting From not at all,
contribution and caring and caring for others to to extremely.
the performance of your current job?”
Social “How important is social From not at all,
orientation orientation to the performance of to extremely.
your current job?”
Contact with “How much contact with From no contact,
others others is required to to constant contact.
perform your current job?”
Work with a “How important are interactions From not at all,
group or team that require you to work to extremely.
with or contribute to a work group
Interactional or team to perform your current job?”
skills Interpersonal “How important is establishing From not at all,
relationships and maintaining interpersonal to extremely.
relationships to the performance
of your current job?”
Social “How important is social From not at all,
perceptiveness perceptiveness to the performance to extremely.

Time pressure “How often does your
current job require you

to meet strict deadlines?”

of your current job?”

From never,
to every day.

Notes: The O*NET database contains hundreds of standardised and occupation-specific characteristics on almost 1,000
occupations covering the entire U.S. economy. It is updated by ongoing surveys to workers sampled from each occupa-
tion’s worker population and occupation experts. From this database, we select the measures that we find relevant in
this framework. All the measures are on a five-point scale. These measures are either taken as they are or aggregated
into broader indices. We re-scale all our four indexes to have mean zero and a standard deviation of one, namely time

pressure, competition, social contribution, and interactional skills.

Figure A6 displays the four indices by specialty, before standardisation. Again, it highlights the

variation that exists across specialties.
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Figure A6: Perceived Characteristics by Specialty.
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Notes: This figure shows the average level of competition, time pressure, social component and interactional skills in each medical

specialty as defined in O*NET.
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Appendix B Supplementary Results on the Female-to-Male Earnings Gap

Table B1: Female-to-Male Earnings Gap in the Regulated-Billing Sector.

(1) (2) ®3) (4) () (6) (7) ()

Panel A: Log earnings per procedure

Female 0.074%%% 0.088%FF 0,098 FF  _0.084%FF  0.069%FF  -0.039%FF  -0.038%**  -0.040%**
(0.002)  (0.002)  (0.002)  (0.002)  (0.002)  (0.001)  (0.001)  (0.002)

Mean dep. variable 3.484 3.484 3.484 3.484 3.484 3.484 3.484 3.484
Adj. R-squared 0.005 0.055 0.101 0.150 0.291 0.468 0.492 0.468
Observations 312,153 312,153 312,153 312,153 312,153 312,153 312,153 312,153

Panel B: Log yearly earnings

Female 034200 (. 340%FF  0.354FFF  _(.349%F% () 328%FF  .323FFF  _(.323%%% (. 30475*
(0.003)  (0.003)  (0.003)  (0.003)  (0.003)  (0.003)  (0.003)  (0.003)

Mean dep. variable 11.763 11.763 11.763 11.763 11.763 11.763 11.763 11.763

Adj. R-squared 0.033 0.044 0.076 0.246 0.322 0.358 0.362 0.361
Observations 312,153 312,153 312,153 312,153 312,153 312,153 312,153 312,153
Year & UA size FEs - v v v v v v v
Age & experience - - v v v v v v
Type of practice - - - v v v v v
Procedure type - - - - v - v v
Specialty FEs - - - - - v v v
Family status - - - - - - - v

Notes: Gender gap in the log of gross yearly and per procedure earnings estimated from equation (1) using all physicians with positive gross
earnings billed in Sector 1. Gross yearly earnings is the sum of all the fees received for medical consultations and interventions in a year,
while per-procedure earnings refers to the ratio of gross yearly earnings and the number of consultations and interventions performed in
that year. “Year & UA size FEs” are fixed effects for the size of the urban area in which the practice is located, “Age & experience” includes
indicators for 5 age categories as well as the number of years of experience as a private practitioner and its squared value, “Type of prac-
tice” refers to a set of dummy variables for the legal status of the practice and the share of yearly earnings arising from self-employment,
“Procedure type” is the share of yearly procedures that are consultations, “Specialty FEs” refers to 16 indicators variables for each medical
specialty, and “Family status” are 5 indicator variables for civil status, number of dependants and the presence of children below 5 years
of age. Heteroskedasticity-robust standard errors reported in parenthesis, *** ** * denoting significance at the 1%, 5% and 10% levels,
respectively.
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Table B2: Female-to-Male Earnings Gap in the Free-Billing Sector.

(1) () 3) (4) (5) (6) (7) (8)
Panel A: Log earnings per procedure
Female -0.243%%F _0.264%%F  _0.284%**  _(0.263%**  -(.232%¥**  _0.090%**  -0.080***  -0.091%**
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Mean dep. variable 4.126 4.126 4.126 4.126 4.126 4.126 4.126 4.126
Adj. R-squared 0.034 0.092 0.180 0.198 0.238 0.566 0.580 0.567
Observations 101,247 101,247 101,247 101,247 101,247 101,247 101,247 101,247
Panel B: Log yearly earnings
Female -0.383*%F*F  _0.375***  _0.413%FFF  0.422FFF  _(0.362%**  -0.393***  -0.376%FFF  -0.373*FF*
(0.006) (0.006) (0.006) (0.005) (0.005) (0.005) (0.005) (0.005)
Mean dep. variable 11.967 11.967 11.967 11.967 11.967 11.967 11.967 11.967
Adj. R-squared 0.035 0.049 0.112 0.384 0.446 0.482 0.500 0.486
Observations 101,247 101,247 101,247 101,247 101,247 101,247 101,247 101,247
Year & UA size FEs - v v v v v v v
Age & experience - - v v v v v v
Type of practice - - - v v v v v
Procedure type - - - - v - v v
Specialty FEs - - - - - v v v
Family status - - - - - - - v

Notes: Gender gap in the log of gross yearly and per procedure earnings estimated from equation (1) using all physicians with positive gross
earnings billed in Sector 2. Gross yearly earnings is the sum of all the fees received for medical consultations and interventions in a year,
while per-procedure earnings refers to the ratio of gross yearly earnings and the number of consultations and interventions performed in
that year. “Year & UA size FEs” are fixed effects for the size of the urban area in which the practice is located, “Age & experience” includes
indicators for 5 age categories as well as the number of years of experience as a private practitioner and its squared value, “Type of prac-
tice” refers to a set of dummy variables for the legal status of the practice and the share of yearly earnings arising from self-employment,
“Procedure type” is the share of yearly procedures that are consultations, “Specialty FEs” refers to 16 indicators variables for each medical
specialty, and “Family status” are 5 indicator variables for civil status, number of dependants and the presence of children below 5 years
of age. Heteroskedasticity-robust standard errors reported in parenthesis, *** ** * denoting significance at the 1%, 5% and 10% levels,

respectively.
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Appendix C Supplementary Results on the NRE

C.1 Gender Gaps in Occupational Choices on the Full Sample

In addition to estimating the gender gap in occupational sorting among top performers reported in Section
4.2 Figure 2, we also estimate the gender gap in the probability of self-selecting into each speciality for the
whole support of the exam score distribution. We report the results in Figure C1, in which three different
patterns emerge. First, some specialties exhibit no gender differences in self-selection, regardless of the
position in the rank distribution. Second, a group of specialties feature a gender gap that increases—in
absolute terms—with exam score. Specialties such as cardiology, dermatology and ophthalmology thus
have their largest gender gap in the upper part of the exam score distribution.

Third, gender gap estimates and exam score have a U-shaped relationship in anesthesiology, radiology,
and surgery, and an inverse U-shaped relationship in general practice, gynecology, and pediatrics. It
suggests that, in the latter group of specialties, the gender gap in self-selection is larger in absolute terms
towards the middle of the exam score distribution than at the top and bottom. The two extreme examples
are general practice and surgery. While women in the top 5 percent of the performance distribution are
5 percentage points more likely to choose general practice than the men in the same percentiles, women
between the 50th and the 60th percentile are 12 percentage points more likely to choose general practice
than their male counterparts who face the same choice set. Symmetrically, while women in the top 5
percent of the exam score distribution are 5 percentage points less likely to choose surgery than men,
women between the 50th and the 60th percentile are 12 percentage points less likely to choose surgery
than their male counterparts facing the same choice sets.

This suggests that, for some specialties, as we move our focus towards lower parts of the exam score
distribution where choice sets are substantially smaller, gender differences in occupational choices are
exacerbated. One potential explanation for this pattern is the existence of gender differences in students’
willingness to choose their preferred specialty when it comes at the cost of having to choose a less
preferred location for their medical residency. Indeed, as all the vacancies for one’s preferred specialty
are filled in one’s preferred location, an occupation-location trade-off emerges. We test this hypothesis
in our survey by asking students what their choice would be if they were faced with such a trade-off
during their up-coming residency choice, and we do not find statistically significant differences in their
declared choices. It suggests that students who populate the lower parts of the exam score distribution
have different preferences for specialties than those at the top. As a matter of fact, exam score relates to
relevant individual characteristics. For instance, for both genders, exam score is negatively related to the

probability of being married and positively correlated with parental education.
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Figure C1: Gender Gap in Self-selection
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Figure C1 (cont.): Gender Gap in Self-selection into Specialties Across the Exam Rank Distribution.
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Notes: This figure plots the coefficients B and 95% confidence intervals in equation (2) estimated separately in each bottom 8 decile and top 4 ventile of the exam score distribution,
for 26 medical specialties. Negative (positive) values indicate that women are less (more) likely to self-select into the corresponding specialty than men with a virtually identical
choice set, on average. Missing estimated gender gaps in some parts of the distribution are due to no student choosing that specialty. All the gender gaps are estimated using
OLS and include choice set fixed effects defined as groups of 5 individuals with consecutive exam scores. The shaded area shows 95% confidence intervals using heteroskedastic
robust standard errors.



C.2 Robustness Checks

In this section, we perform a series of sensitivity tests to assess the robustness of our results. First, we
show that our baseline results are robust to an alternative definition of groups within which choice sets
are considered as identical. Second, we show that the result according to which men and women who
are unconstrained by position availability differ in their occupational choices is robust to alternative
definitions of unconstrainedness. Third, we show that the results go through when using a modified

regression framework that accounts for each specialty’s relative (female) popularity.

C.2.1 Alternative Definition of Groups with Similar Choice Sets

So far, we have considered the choice sets of five individuals with consecutive ranks as similar. Within
such groups, the choice set of the best ranked and the worst ranked can at most differ by 4 positions.
We now use two alternatives, more restrictive definitions of these groups: (i) groups of individual facing
exactly the same choice sets, and (ii) pairs composed of a man and a woman of consecutive rank. Using
these definitions, we re-run the baseline analysis described in equation (2). The results are shown in
Figure C2, and comparing them to those displayed in Figure 2 shows that our definition of choice set

fixed effects is not driving our results.

C.2.2 Alternative Definitions of Being Unconstrained by Position Availability

Being unconstrained by position availability is the fact of making the occupational decision while facing
no formal barriers to entry into one’s preferred position. As a result, unconstrained jobseekers are those
who pick their job while 100 percent of positions are still available. Given that this definition is restrictive
in terms of number of observations and thus largely decreases the statistical power of our analysis, we
have instead decided throughout the paper to use as the unconstrained sample the group of top 5 percent
performers at the National Ranking Examinations each year. In this section, we show that this choice
does not drive our results, by replicating Figure 2 using the following alternative definitions: (i) making
a decision while 100 percent of the positions are still available (strict unconstrainedness); (ii) making a
decision while 99.5 percent of the positions are still available; (iii) making a decision while 99 percent
of the positions are still available. The results are displayed in Figure C3. Even though the results are
qualitatively slightly different, the main result according to which men and women who are unconstrained

differ in their occupational choices is largely unchanged.
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C.2.3 Alternative Regression Framework

Under our regression framework, the magnitude of each specialty’s estimated gender gap is bounded by its
relative popularity.”® To understand how the estimated gaps change when accounting for each specialty’s
relative (female) popularity, Figure C4 plots the point estimates from equation (2) expressed as the
proportion of the share of women who choose each specialty. The relative popularity of each specialty
in the population of top 5 percent exam performers is also shown by its marker’s size. Even though the
magnitude and interpretation of the gender gaps change with this transformation, the ordering of the
specialties as well as the conclusions remain very similar. Indeed, the specialties that see their gender
gap increase the most (in absolute terms) are among the least popular, and their gender gaps remain

statistically insignificant.®”

56Taking a fictitious specialty that is only selected by 1 percent of the students, this means that the estimated gender
gap cannot be larger than 1 percent. We are grateful to anonymous referee 1 for pointing this out and for their advice on
an alternative measure.

57The one exception is endocrinology, which exhibit a positive and significant gender gap in Figure 2 as well.
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Figure C2: Gender Differences in Self-selection into Specialties, Using Alternative Definitions
of Choice Set Fixed Effects.
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(b) Pairs of one man and one woman with consecutive exam rank.
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Notes: This figure plots the OLS estimates for the coefficients ﬁ and 95% confidence intervals estimated from equation
(2) separately by specialty, using (a) groups with strictly identical choice sets, and (b) pairs of one man and one
woman of consecutive exam scores as alternative definitions for choice set fixed effects. The shaded area shows 95%
confidence intervals using heteroskedastic robust standard errors.
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Figure C3: Gender Differences in Self-selection into Specialties, Using Alternative

Definitions of Unconstrainedness.
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(b) 99.5% of positions are available.
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(c) 99% of positions are available.
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Notes: This figure plots the OLS estimates for the coefficients 8 and 95% confidence intervals estimated
from equation (2) separately by specialty, focusing on (a) candidates who make their choice when all
positions are still available, (b) candidates who make their choice when 99.5 percent of positions are still
available, and (c)candidates who make their choice when 99 percent of positions are still available. All
regressions are estimated by OLS and include choice set fixed effects defined as groups of 5 individuals
with consecutive exam scores. The shaded area shiws 95% confidence intervals using heteroskedastic

robust standard errors.



Figure C4: Adjusted Gender Differences in Specialty Choices (Top 5% Exam Performers).
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Notes: This figure plots the coefficients B and 95% confidence intervals as a proportion of the share of females in each
specialty, resulting from estimating (2) for each medical specialty, using the sample of students who scored in the top 5% of
the National Ranking Examinations in the years 2010-2022 (5, 078 individuals). The size of the marker represents the relative
popularity of each specialty in the population of top 5 percent exam performers. This group of students chose their residency
position when 99.7% or more of all positions were still available. Negative (positive) values indicate that, on average, women
are less (more) likely to self-select into the corresponding specialty than men with a virtually identical choice set. All the
gender gaps are estimated using OLS and include choice set fixed effects defined as groups of 5 individuals with consecutive
exam scores. The shaded area show 95% confidence intervals using heteroskedastic robust standard errors.
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Appendix D Supplementary Descriptive Material on the Survey

Figure D1: Project Timeline.

Simulation
period
National National Ranking ~ A -
mock exam Examinations
Ranking Selection Residency
Registration revealed procedure starts
f f f f f f f f f f f
February June September November

Notes: This Figure provides an overview of our project’s timeline. The dates that relate to the organisation of the National Ranking
Examinations are shown in blue and green. Note that they are based on the 2022 NRE, and that they might change slightly in
different years. The dates that relate to our data collection are shown in orange.
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Table D1: Follow-up Survey Respondents’ Demographic Characteristics.

(1) (2) (3) (4) (5)
Women  Men Diff. p-value  Obs.

Age 24.32  24.64 -0.32%**  0.0056 1,381
French 0.99 0.96  0.03%** 0.000 1,382
With children 0.01 0.02 -0.01 0.195 1,382

Marital status:

Single 0.39 0.39 0.01 0.805 1,236
In a relationship 0.56 0.58 -0.03 0.403 1,236
Married or in a civil partnership 0.05 0.03 0.02 0.197 1,236
Divorced 0.00 0.00 0.00 0.328 1,236

Fertility plans for the next 5 years:

Wants children in the next 5 years 0.30 0.21  0.09***  0.001 1,297
Does not want children in the next 5 years 0.35 0.42 -0.07 0.018 1,297
Does not know 0.35 0.37 -0.02 0.419 1,297

Type of baccalauréat:
Scientific 0.99 0.98 0.00 0.928 1,382
Non-scientific 0.01 0.02 -0.00 0.928 1,382

Baccalauréat honors:

Highest honors or Very high honors 0.62 049  0.14%%  0.000 1,379
High honors or Honors 0.36 0.48 -0.12%%  0.000 1,379
No honors 0.02 0.04  -0.02** 0.032 1,379

Mother’s education:

High-school diploma or below 0.27 0.34  -0.07** 0.011 1,322
Bachelor’s or equivalent 0.29 0.27 0.02 0.384 1,322
Master’s or equivalent 0.32 0.26  0.06** 0.031 1,322
PhD or equivalent 0.11 0.12 -0.01 0.485 1,322
Father’s education:
High-school diploma or below 0.32 0.37 -0.05* 0.079 1,302
Bachelor’s or equivalent 0.19 0.14 0.05** 0.016 1,302
Master’s or equivalent 0.35 0.31 0.04 0.146 1,302
PhD or equivalent 0.14 0.18  -0.05%* 0.035 1,302
Passed the first year of medical school:
First attempt 0.49 0.46 0.03 0.275 1,338
Second attempt 0.50 0.51 -0.01 0.695 1,338
Other 0.01 0.03  -0.02%* 0.010 1,338

Rank first year of medical school:

Top 10% 0.20 0.22 -0.02 0.512 1,301
Top 10 to 25% 0.15 0.18 -0.03 0.195 1,301
Bottom 10% 0.13 0.12 0.01 0.488 1,301

Notes: This table reports some socio-demographics characteristics on the sample of respondents of the sec-
ond survey. Reported p-values are from a two-sample t-test of differences in means, where *** p<0.01, **
p<0.05, * p<0.1.
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Table D2: Geographic Coverage of Respondents.

(1) 2 6 (4) (5)

Region Women Men Diff. p-value Obs.
Auvergne-Rhéne-Alpes 0.14 0.12  0.02 0.367 1,382
Bourgogne-Franche-Comté 0.03 0.03 -0.00 0.638 1,382
Bretagne 0.05 0.05 -0.00 0.871 1,382
Centre-Val de Loire 0.02 0.03 -0.01 0.545 1,382

“Grand Est 0.10  0.12 -0.02 0.210 1,382
Hauts-de-France 0.14 0.13 0.01 0.543 1,382
Normandie 0.05 0.07 -0.01 0.277 1,382
Nouvelle-Aquitaine 0.10 0.11 -0.01 0.532 1,382

" Occitanie 0.10  0.07 0.03* 0.064 1,382
Pays de la Loire 0.08 0.08  0.00 0.993 1,382
Provence-Alpes-Cote d’Azur 0.02 0.03 -0.01 0.125 1,382
Tle-de-France 0.19 0.17  0.01 0.583 1,382

Notes: This table reports the share of survey respondents in the region where their
university is located. Reported p-values are from a two-sample t-test of differences in
means, where *** p<0.01, ** p<0.05, * p<0.1.

D.1 Expected and Realised Exam Performance

Figure D2 shows the respondents’ expected and realised performances at the NRE. The latter comes
from the official ranking released following the 2022 NRE.?® The former was elicited during the survey
by asking respondents to introduce the probability that their realised rank at the 2022 NRE falls into
each of a series of pre-defined intervals.’® Since there were more than 9,000 students registered to take
the 2022 NRE, we provided survey respondents with 19 intervals each comprising 500 adjacent ranks. We
obtained each respondent’s expected exam score by adding up each interval’s median value weighted by
their reported marginal probability.

Figure D2 presents the density distributions of the expected and realised exam ranks, separately for
each gender. It shows that, for both genders, the expected score density distribution is less skewed than
that of the realised scores. While female respondents seem to be more cautious than male respondents
when predicting their score, as they end up in the upper part of the distribution more often than what
they expect, the difference for male respondents is smaller. In both cases, the distribution of the expected

score is more skewed to the left than that of the real score.

58 JORF n°0168, text n°52, July 22nd 2022.
59The usage of subjective marginal probabilities creates the usual trade-off in survey design between obtaining more
detailed answers at the expense of requiring the respondents to exert a higher effort to provide them.
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Figure D2: Expected and Realised Exam Score Kernel Densities by Gender.
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Notes: This figure plots the estimated probability density function of the expected and realised exam score by kernel density

estimation for female and male respondents who took the NRE in 2022.

62



Appendix E Supplementary Material on the Hypothetical Job Choice Ex-

periment

E.1 A Model for Hypothetical Job Choices

Let ¢ denote an individual asked to respond to a choice scenario presenting J jobs, each characterised by K
attributes. Under the assumptions of linear preferences over the job attributes and of utility-maximising
decision makers, we set up the canonical random-utility model in which medical student ¢ derives utility

from choosing job j in the following way:
Uij = BiXj + ¢€ij (7)

where X, is a vector containing the observed attributes of job j, 3; is a vector containing individual
i’s utility weights over those attributes, and €;; is an idiosyncratic error term containing the remain-
ing characteristics that affect respondent 4’s utility (it is observed by the respondent but not by the
researcher).

Further assuming that ¢; are independent and identically distributed (i.i.d.) Type I extreme value

conditional on the attributes X;, the probability of choosing job j conditional on X3, ..., X is given by:

exp(X'!B;
py = PP (8)
> =1 exp( X, Bi)

This yieds the mixed multinomial logit of Mcfadden and Train (2000).

Note that so far, we have assumed that respondents know the attributes X; for all j’s as well as their
own €; = €1, €2, ---, €;7. However, given that we only provide them with information on the job attributes,
it might not be realistic to assume that they know ¢;. By collecting choice probabilities instead of stated
choices, we enable respondents to express uncertainty about €; and thus about the choice that they would
make in a real choice situation. This is the “elicited-choice-probabilities” approach described by Blass,
Lach and Manski (2010) and motivated in Section E.2 of this paper.

We then obtain a linear mixed-logit model by applying the log-odds transformation to equation (8):
DPij \ _ / .
11’1 — —(Xj—Xl) ﬂi; j—2,,J (9)

Di1

where 3; is a vector of length K containing the marginal changes in the log odds of choosing job j over
job 1 following a change in the relative levels of job j and job 1 in terms of the K attributes.5°

As acknowledged by Blass, Lach and Manski (2010) and in turn Wiswall and Zafar (2018), one issue

60The alternative j = 1 is arbitrarily chosen.
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that might plague the preference parameters estimated from hypothetical data is that individuals might
report their preferences with error. For instance, individuals tend to round their reported probabilities
to units of 5 and 10. This only has minor implications with interior probabilities, but rounding close
to 0 and 100 generates log odd ratios that equal minus and plus infinity, and thus cause least squares
estimations to break down. A way to resolve this issue is to use the linear median regression model:

M [m(ii) | X} = (X; - X1)'B; (10)

where M [] is the median operator. The advantage of this model is that, by assuming that preferences
are symmetrically distributed around their median value, it only requires that measurement errors are
median unbiased. It is also invariant to transformations of the extreme values (0 and 100) that do not

alter the ordering of preference values around the median.

E.2 The Elicited Choice Probabilities

Figure E1 shows the distribution of the elicited choice probabilities for job 1 before sample selection.
The first observation arising from this figure is that most responses are multiples of 5 and 10, which
suggests that individuals tend to round their answers. Second, and more worryingly, we see that 0 is by
far the most common answer, with 30 percent of respondents assigning a probability 0 to job 1.6' Blass,
Lach and Manski (2010) note that excessive rounding could be problematic. One specificity of our setting
is that we survey respondents only three months before they make their actual occupational choice. In
this setting, respondents are likely to have much clearer ideas about the alternatives they face during
the hypothetical job choice experiment than respondents in previous studies such as Wiswall and Zafar
(2018) and Blass, Lach and Manski (2010). As a result, ex-ante, we expect much more bunching at the
extreme values of 0 and 100 than in previous studies. Still, one might argue that these observed extreme
probabilities are also in part due to respondents who do not put enough attention and introduce values
as quickly as possible. In order to minimise the extent of this problem and make sure that this bunching
is due to actual preferences, we remove from our sample the individuals who spend less than 3 minutes on
the job choice experiment. Figure E2 shows that these individuals are much more likely to input extreme
probabilities than the rest of the respondents, which provides evidence of their inattention.

The third observation to draw from Figure E1 is that, even though 0 is the most frequent answer,
a large share of the elicited probabilities are interior probabilities. Specifically, focusing on job 1, more
than 60 percent of the elicited choice probabilities are interior, which suggests that individuals do feel

the need to express uncertainty about their choice.

61The picture looks similar for jobs 2 and 3. 25 and 23 percent of respondents input a 0 probability to job 2 and 3,
respectively.
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Figure E1: Elicited Choice Probabilities for Job 1.
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Notes: This figure shows the distribution of choice probabilities for job 1 elicited during the hypothetical job choice
experiment.

Figure E2: Number of Respondents who Assign an Extreme Probability to a Job.
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Notes: This figure shows the number of times respondents assign an extreme probability to a job, depending on how
much time they spent on the hypothetical job choice experiment. The figures on the top row focus on 0 while the

figures on the bottom row focus on 100. Given that there are 16 scenarios in total, each individual can input a given
probability at most 16 times.
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E.3 Supplementary Hypothetical Job Choice Experiment Results

Figure E3 displays the estimated kernel densities of the job preference parameters /5 from job choice model
(4) by gender. We complement these figures with some descriptive statistics on the estimates in Table E1.
It first shows that, unsurprisingly, most respondents prefer jobs with higher earnings, as the distributions’
median values are positive for both genders, and that a significant share of respondents have a strong
taste for higher earnings (bunching around 25 log points). We also find that a non-negligible number
of respondents have zero or negative preference estimates for earnings.®? Although we fail to reject the
null hypothesis of equality of the two distributions through the Kolmogorov-Smirnov test, testing for
gender differences at different parts of the distributions sheds light on the existence of significant gender
differences. It reveals that men are more concentrated than women on the right side of the distribution,

suggesting that men more often have a strong taste for higher earnings than women.

E.3.1 Descriptive Statistics

The mean and median values of the estimated preferences for the other job attributes have the expected
signs (Table E1). Most respondents dislike working more hours and night shifts, and having to do longer
commutes, while they show a taste for having a predictable schedule and higher earnings growth after
10 years. It also appears that most respondents are indifferent to the share of female colleagues in their
workplace, as shown by the high concentration of estimated preferences around 0. Keeping in mind that
interpreting the magnitude of these estimates is not straightforward, we turn to analysing the amount

that each individual is willing to pay for each of these job attributes.

62Given the specificity of the medical setting, we did expect a significant number of respondents to be indifferent to
earnings. The number of individuals with negative preference for earnings is however somewhat of a surprise, and this is
why we exclude the bottom 5 percent of the estimated earnings preferences distribution in the main analysis. Note that
this restriction does not significantly affect the results.
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Figure E3: Kernel Densities of Estimated Preferences for Job Attributes.
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Notes: This figure displays the kernel densities of each utility weight 8 estimated from equation (4) by gender. KS denotes
p-values for Kolmogorov-Smirnov tests of the equality of the two distributions. We also conduct tests for gender differences
in the 25", 50" and 75" percentiles using bootstrapped samples.
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Table E1: Descriptive Statistics on the Estimates from the Job Choice Model.

Overall Men Women
Log earnings
Mean 5.80***  .22%** 5.61%F**
25th pet.  -2.42%F* D 44%** -2.35%**
Median 2.27F** 2.49%** 2.16%**
75th pet.  17.24%%%  19.00*** 15.28%**
Std. dev. 13.31*** 13.95%** 13.01%** -+
Skewness  0.42%**  (.32%** 0.46***
Hours worked per week
Mean -0.04*** -0.02* -0.05%F*F 4
25th pet.  -0.14%** 0. 14%** -0.15%%*
Median -0.01 -0.01 -0.00
75th pet.  0.09%**  (0.10%** 0.08***
Std. dev.  0.30%**  (.32%** 0.29%** 44
Skewness 0.13 0.49*** -0.11+4++
Night shifts per month
Mean S0.74%FF (.83 ** -0.70***
25th pet.  -1.17%F*  _1.36%** S110%**+
Median ~ -0.31%*%*  _(0.32%%* -0.30%**
75th pct.  0.16%** 0.15%** 0.16***
Std. dev. 1.86*** 1.94%%* 1.81%**
Skewness -1.01%%* 1. 11%%* -0.94%**
Predictable schedule
Mean 1.99%%*  2.46%**  1.78%F¥ 444
25th pct. 0.12* 0.22%** 0.04++
Median 1.13*%* 1.37%%* 1.04**F* 44
75th pet.  3.40%F%  4.14%F%  3.00%FF 4t
Std. dev.  3.34%F* 3. 82%¥*k  Z 7KL 44
Skewness  0.98%**  (.90%** 0.93***
% rise in earnings after 10 years
Mean 0.09***  (.09*** 0.09***
25th pet.  0.01%** 0.01%** 0.01%**
Median 0.05***  (0.05%** 0.05***
75th pct.  0.16%** 0.15%** 0.16%**
Std. dev. 0.11%** 0.11%%* 0.11%**
Skewness  0.84***  (.86%** 0.82%***
Commuting time (min)
Mean 0.01 0.03%** 0.00++
25th pet.  -0.16%**  -0.16%** -0.15%**
Median 0.02** 0.03*** 0.02*
75th pet.  0.21%** 0.25%** 0.19%**
Std. dev.  0.32%** 0.32%** 0.32%**
Skewness ~ -0.12%* -0.01 S0.1TFR*
Share of female colleagues
Mean 0.00 0.01%%* 0.00+++
25th pet.  -0.04***  -0.03%F*  -0.04%F*+++
Median 0.00* 0.01%** 0.00++
75th pet.  0.04%** 0.05%** 0.03%** 4+
Std. dev.  0.09*** 0.09%** 0.09%**
Skewness 0.26* 0.35** 0.22
Nb. individuals 1,146 365 781

Notes: *** ** * denote significance based on bootstrap standard errors at the 1%, 5% and 10%

levels, respectively. We also test for differences

of these tests at the 1%, 5% and 10% levels, respectively.

ween genders. +++, ++, + denote significance



Table E2: Descriptive Statistics on the WTPs Estimated from the Job Choice Model.

Overall Men Women
Hours worked per week
Mean 2.36*** 1.94%%* 2.55%H* ¢
25th pct. 0.24** 0.24%* 0.24%*
Median 1.78%** 1.55%%* 1.84%%* 4 4
75th pct. 3.33%%* 2.92%** 3.61%** 4
Std. dev. 6.31%** 6.92%** 5.99%**
Skewness 2.14%* 1.03 2.95%4*
Night shifts per month
Mean 6.15%* 11.50%** 3.66+
25th pct. S11.7THEE -11.24%%%* S11. 77
Median 0.57 0.65 0.53
75th pct. 10.23*** 9.16*** 11.14%**
Std. dev. 87.69** 96.77*** 83.05%*
Skewness 14.64** 7.01 20.097%**
Predictable schedule
Mean 175.70%** 229.39%** 150.61°%**
25th pct. -18.62*** -17.48%** -18.94%%*
Median -1.17 -0.80 -1.38
75th pct. 39.55%** 44.03%** 34.44%%*
Std. dev.  1,735.85%*%*  2.646.30%**  1,073.77%%* 4 4+
Skewness 21.42%%* 17.36%** 11.32%** 4+
% rise in earnings after 10 years
Mean -0.20%* -0.31%%%* -0.15%
25th pet.  -1.05%%* 1.1k ~1.02%%% 44
Median -0.52%** -0.54*** -0.52%%*
75th pct. 0.39%** 0.22%* 0.49%** 4+
Std. dev. 2.48*** 2.56%** 2.45%**
Skewness 1.09 1.07 1.10
Commuting time (min)
Mean 3.37HH* 3.08%** 3.51HH*
25th pct. 0.71%%* 0.56%** 0.81***
Median 2.13%** 1.90%** 2.30%** 4+
75th pct. 4. 78%** 4.75%** 4.78%**
Std. dev. 7.69%** 7.33%** 7.85%**
Skewness 2.11%%* 1.98%** 2.15%**
Share of female colleagues
Mean -0.13 0.05 -0.21%* 4+
25th pct. -0.58*** -0.50*** -0.66%***
Median 0.02 0.03 0.02
75th pct. 0.49%** 0.50%** 0.48%**
Std. dev. 2.5TH** 2.46%** 2.61%**
Skewness -0.81 -1.22%% -0.64
Nb. individuals 1,146 365 781

Notes: *** ** * denote significance based on bootstrap standard errors at the 1%, 5% and 10% levels, re-
spectively. We also test for differences between genders. +++, ++, + denote significance of these tests at the

1%, 5% and 10% levels, respectively.
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E.3.2 Source of Heterogeneity in Estimated Preferences

Wiswall and Zafar (2018) highlights two potential sources of heterogeneity in estimated preferences: true
heterogeneity in preferences for job attributes, and differences in the respondents’ perceptions of the
hypothetical jobs’ unspecified dimensions. In this section, we examine the extent to which observable
characteristics can explain the underlying heterogeneity in WTP estimates. We do this by regressing the
estimated WTP on a list of individual covariates using multivariate linear regressions. In particular, we
include gender, age, an indicator for having the French nationality, fertility plans for the next five years,

relationship status, parental education, and NRE rank quartiles. The results are presented in Table E3.

Table E3: WTP Estimates and Individual Characteristics.

0 ) ® @ ® ©
Hours  Night shifts Pred. schedule % rise =~ Commute Prop. women
Woman 0.480 -6.211 53.50 0.196 0.337 -0.393**
(0.439) (4.589) (61.28) (0.173) (0.503) (0.158)
Age 0.0156 0.974 -4.124 -0.0399 -0.108 -0.0899*
(0.0928) (1.012) (11.38) (0.0563) (0.153) (0.0499)
French nationality 0.917 -1.427 87.54 0.627** 0.871 -0.388
(1.263) (9.542) (64.60) (0.266) (1.067) (0.526)
Fertility plans
Does not know 1.084** -12.50** 117.3 0.0282 0.778 0.0661
(0.468) (3.724) (83.80) (0.188) (0.595) (0.191)
Yes 0.902* -7.814 7.703 0.0666 -0.0452 0.391**
(0.523) (4.917) (50.96) (0.189) (0.551) (0.176)
Relationship status
In a relationship 0.146 -6.540* 18.14 0.183 0.0659 0.157
(0.442) (3.345) (62.80) (0.160) (0.491) (0.161)
Married -0.0780 -7.258 -10.81 0.443 1.961 0.952**
(1.010) (6.201) (80.68) (0.583) (1.201) (0.463)
Parents’ education
One higher education 0.306 -3.230 -139.6 0.234 1.013 0.114
(0.600) (6.101) (119.8) (0.232) (0.704) (0.223)
Both higher education 0.191 -5.087 -152.6 0.358* 0.543 -0.148
(0.473) (5.410) (104.4) (0.199)  (0.572) (0.201)
Exam score quartiles
Q2 -0.118 -0.317 77.66 0.319 0.000738 -0.0114
(0.682) (7.037) (65.13) (0.268) (0.725) (0.261)
Qs -0.141 -7.628 150.4* 0.162 1.424* 0.385
(0.690) (6.091) (77.81) (0.260) (0.788) (0.260)
Q4 0.158 -5.652 140.8** 0.224 0.653 0.219
(0.751) (6.448) (60.60) (0.253) (0.712) (0.255)
R? 0.009 0.026 0.010 0.012 0.014 0.023
Observations 991 991 991 991 991 991

Notes: This table presents correlations between estimated WTP for different job attributes and respondents’ individual
characteristics. Sample used correspond to those respondents for whom we have all the included characteristics. Robust
standard errors are shown in parentheses. *, ** and *** denote significance at the 1%, 5%, and 10% levels, respectively.

Two observations emerge from Table E3. First, none of the regression R-squared exceed 3 percent,
which indicates that the included covariates only explain a very small fraction of the variation in WTP

estimates. Second, most of the correlations are not statistically significant, which suggests that the ob-
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served variation in WTP estimates is not “controlled for” by these covariates.®3 Similar to Wiswall and
Zafar (2018), these two observations taken together suggest that the observed heterogeneity in WTP
estimates cannot be explained by basic demographic characteristics. They are likely to come from true
underlying heterogeneity in preferences, rather than from differences in how respondents with different

characteristics perceive and respond to the hypothetical job choice experiment.

E.3.3 Additional Heterogeneity Analyses

Figures E4 to E6 replicate Figure 4 using alternative specifications of equation (4). They show that our
results are robust to changes in the specification of the model, specifically to the introduction of quadratic

and interaction terms.

63Note that the lack of significance of the estimates on the gender dummy variable only indicates that there are no
statistically significant gender differences in mean WTP for a given attribute. We have previously shown that it hides
important heterogeneity.
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Figure E4: Kernel Densities of WTP Estimates from Model with Quadratic Term for Hours Worked.
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Notes: This figure displays the kernel densities of the percentage an individual needs to be compensated for a unit change
in the job attribute or willingness to pay (WTP) computed using the relevant utility weight estimated from a version of
equation (4) including a quadratic term for hours worked by gender. p-values for Kolmogorov-Smirnov tests of the equality of

the two distributions. We also conduct tests for gender differences in the 25”‘7 50t" and 7

samples. WTP values above (below) 100 (-100) are not shown.
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Figure E5: Kernel Densities of WTP Estimates from Model with Interaction Term between Hours
and Schedule Predictability.
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Notes: This figure displays the kernel densities of the percentage an individual needs to be compensated for a unit change
in the job attribute or willingness to pay (WTP) computed using the relevant utility weight estimated from a version
of equation (4) including an interaction term between hours worked and schedule predictability by gender. p-values for

Kolmogorov-Smirnov tests of the equality of the two distributions. We also conduct tests for gender differences in the 2

50" and 75" percentiles using bootstrapped samples. WTP values above (below) 100 (-100) are not shown.
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Figure E6: Kernel Densities of WTP Estimates from Model with Quadratic Term for Share of Female
Colleagues.
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Notes: This figure displays the kernel densities of the percentage an individual needs to be compensated for a unit change
in the job attribute or willingness to pay (WTP) computed using the relevant utility weight estimated from a version of
equation (4) including a quadratic term for share of female colleagues by gender. p-values for Kolmogorov-Smirnov tests of
the equality of the two distributions. We also conduct tests for gender differences in the 25“’”7 50" and 75" percentiles using
bootstrapped samples. WTP values above (below) 100 (-100) are not shown.
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E.3.4 Willingness to Pay and Workplace Characteristics

To analyse whether preferences translate into actual choices, this section examines whether the estimated
individual preferences for job attributes are related to the characteristics of the medical specialties that re-
spondents actually choose for their residency training. We do this by relating each respondent’s estimated
willingness to pay for a job attribute to the job attribute’s mean value in the specialty of choice. As noted
above, the centralised allocation mechanism of students to medical specialties is incentive-compatible and
minimises labour market frictions. By eliciting individual preferences for job attributes just weeks before
one’s actual specialty choice, we exploit an ideal setting in which to relate stated and revealed preferences.

Although we know the specialty chosen by each respondent for their residency training, we do not
have information on actual job characteristics for each respondent. Therefore, one caveat of our data is
that is the lack of individual-level measures of job attributes. We address this limitation by using the
specialty-level characteristics presented in Section 2.2 on the number of hours worked, the number of
night shifts performed, and the proportion of women in the specialty. After collapsing individual WTP

estimates at the specialty level, we are left with 44 observations.

Table E4: Job Attributes of Actual Chosen Specialties and WTP.

(1) (2) 3)

Hours worked Night shifts Prop. women

WTP -0.924 -0.008 -0.054**
(0.723) (0.008) (0.021)
Constant 57.838** 3.973%* 0.483**
(2.031) (0.161) (0.013)
Mean dep.var 58.84 3.85 0.46
Std. dep. var 10.26 1.19 0.18
N 44 44 44

Notes: This table analyses the relationship between the estimated pref-
erences for job attributes and those of the medical specialties chosen
by respondents for their residency. The shown coeficients come from re-
gressing the medical specialty mean value of the job attribute chosen
by respondents for their residency on the mean value of the estimated
willingness to pay (WTP) for that attribute. Estimated coeficients are
weighted by the number of respondents who selected each specialty.
Bootstrapped standard errors are shown in parentheses. *, ** and ***
denote significance at the 1%, 5%, and 10% levels, respectively.

Recall that WTP as defined in equation (6) is the amount by which an individual needs to be compen-
sated for a unit change in a given attribute. We thus expect each WTP to be negatively correlated with its
corresponding job attribute. Table E4 reports the results obtained by regressing the mean value of a given
job attribute on the mean value of the corresponding estimated WTP, and weighting the coefficients by
the number of respondents who chose each specialty for their residency. All three coefficients are negative,

and the relationship between WTP for a higher proportion of female colleagues is statistically significant

at the 5 percent level. Note that this analysis includes the cases in which an individual does not get their

(0]



preferred specialty and in which one might expect the relationship between estimated preferences and
actual job attributes to be weakened. Even when these individuals are included, the negative expected
relationships go through.

We also test for the existence of a relationship between estimated preferences and job characteristics
within the individual. We follow Wiswall and Zafar (2018) and, for each attribute, rank the 44 specialties
according to their mean estimated WTP and their attribute value. We then compute the individual-level
correlation between ranked actual attributes and ranked WTPs, and weight each specialty by the number
of respondents who actually chose it. We find a weighted mean correlation coefficient across all specialties
of —0.30 which is statistically different from 0 at the 1 percent level, and a median correlation coefficient
of —0.71, which is not statistically different from 0 at standard values.

These results suggest that our estimated preferences for job attributes do reflect the true underlying
heterogeneity of preferences and relate to actual occupational choices. However, given their dispersion,
some of our estimates appear not to measure preferences as accurately as we would have expected. In
the next section, we complement the analysis performed in this section by looking at other measures of

preferences for workplace characteristics.
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Appendix F Supplementary Material on Self-Reported Preferences

Figure F1: Self-Reported Valuation of Job Attributes by Gender.
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Notes: This figure shows average self-reported tastes by gender for the 13 job characteristics that we asked respondents
about in the survey via the following question: “At the beginning of this questionnaire, you said that you would like
to specialise in specialty_preferred. On a scale from 0 to 10, how important was each of the following factors in
your specialty choice?”. Significance levels of the two-sample t-tests for the difference in means between men and
women are reported using *** p<0.01, ** p<0.05, * p<0.1. The percent difference between the female and male means
is also provided for each characteristic.
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Figure F2: Most Important Factor for Specialty Choice by Gender.

Possibility to balance _|
work and family

Interest in the pathologies —

*

Contact _|
with patients

*
¥
¥

Willingness to _|
help others

*

Work _|
environment

s

Daily _|
tasks

Workload —

Possibility to work _|
in a private practice

Possibility to choose _|
favourite location

*

Income —

Schedule _|
predictability

[ Women
B Men

Be surrounded by people _|
of the same gender

Prestige —

T T T T
A 15 2 .25
Share of respondents selecting each option

o_. _‘rr
N
+
H

o
a

Notes: This figure shows the share of respondents who selected each of the presented features as the most
important driver of their specialty choice. Significance levels of the two-sample t-tests for the difference in
means between men and women are reported using *** p<0.01, ** p<0.05, * p<0.1.



F.1 Open-Ended Responses on the Attributes of Preferred Specialty

After indicating their preferred residency position, respondents were asked to provide positive (pros) and
negative (cons) aspects of their preferred specialty using two free-text responses. This type of question
allows respondents to express themselves freely about the attributes they believe are associated with their
preferred specialty and are most important to them. It also allows us to identify the sentiment they have
for each attribute, depending on whether it was mentioned as a pro or as a con.

Based on free-text responses, we define 32 attributes related to five broad categories, four of which
are borrowed from Sockin (2021) and adapted to fit the French healthcare labour market.5* The first cat-
egory relates to pay and includes two attributes about base pay and its progression. The second category
relates to working conditions and includes 17 attributes: work-life balance, work schedule, work intensity,
commuting, teleworking, location, autonomy /responsibility, respect/abuse, difficulty, stress, safety, recog-
nition, fun, diversity /inclusion, type of workplace, lack of emergency work, and emotional involvement.%
The third category relates to human capital and includes career concerns, on-the-job training, and the
medical residency. The fourth category is entitled interpersonal relationship and includes what relates to
hierarchy, teams, patients, and whether the specialty has a social component. We add to Sockin’s work
and define a fifth category that is very relevant in the process of choosing a medical specialty. It relates
to the work content of the job, and contains 6 attributes that capture whether the specialty involves
technical, administrative, intellectual and preventive tasks, whether it is a multidisciplinary specialty,
and finally whether it relates to women’s healthcare.

In order to identify these attributes in the respondents’ answers, we assign a set of words to each of
them and search for these words in the free-text responses using a language recognition model.®® Table
F1 presents the words that were assigned to each amenity. We then computed the incidence rate of each
amenity as a positive or a negative aspect of the respondents’ preferred specialty, separately for men and
women. We show these incidence rates in Figure F3.

The three attributes that are most frequently mentioned as pros by both men and women relate to
the relationship with the patients (42 percent for women and 26 percent for men), the multidisciplinary
nature of the job (32 and 36 percent) and the type of workplaces in which the job can be performed
(31 and 23 percent). In addition, women are significantly more likely than men to mention contact with
patients, the type of workplace, or the work schedule as a positive aspects of their preferred specialty,

and they are significantly less likely than men to mention the technical nature of the job or the pay as

64The author analyses positive and negative attributes of job reviews posted by workers on a labour market website. The
author implements a topic modelling machine learning algorithm to identify latent amenities in the text using topic-specific
anchor words that help the algorithm’s effectiveness in identifying topics that can be interpreted as specific amenities.

65For the details about the reasons behind the selection of all the other amenities we refer to the references mentioned
in Sockin (2021).

66The free-text responses were pre-processed by removing common stop words and lemmatising each of the remaining
words using the trained natural language recognition model fr_dep_news_trf developed with the software library spaCly.
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Table F1: Classification and Identification of Amenities.

# Category Amenity Searched words

1 Pay paye, gagne, paie, rémunération, salaire, argent, bonus
o2 Pay ~ Paygrowth augmentation annuelle, augmentation salariale, augmentation salaire

3 Working conditions Work-life balance vie, organisation personnelle, inv

4 Working conditions Work schedule heure, horaire, temps, garde, astreinte, nuit, tot, tard, chronophage, semaine

5  Working conditions Work intensity quantité travail, rythme, épuisement, prenant, vitesse

6 Working conditions Commuting trajet, stationnement, autobus, voiture

7 Working conditions Teleworking télétravail, téléconsultation, télé-consultation, travail domicile

8  Working conditions Location ville, lieu, localisation, urbain, rural

9  Working conditions Workplace type cabinet, libéral, hopital, structure, salariat

10  Working conditions ~Autonomy /responsability autonomie, indépendance, responsabilité

11 Working conditions Respect /abuse dignité, abus, harceélement, hostilité

12 Working conditions Difficulty défi, challenge, difficile, fastidieux, exiger

13 Working conditions Stress stress, pression

14 Working conditions Safety dangereux, sécurité

15  Working conditions Recognition travail acharné, effort, récompense, prestig, réputation, reconn, élitiste, valor, image, dénigr, opinion

16  Working conditions Fun amusant, ennuyeux, ennui, monotonie, monotone

17 Working conditions Diversity/Inclusion ethnique, multiculturel, inclusif, Igbtq, inclusion, égalité

18  Working conditions No emergencies pas d’urgence, peu d'urgence, sans urgence, pas trop d’urgence
_ 19 Working conditions _ Emotional involvment _________________ psychologique, mental, décts, mort

20 Work content Task technicity technique, technicité, manuel, minutieux, minutie, chirurgicale, chirurgie, chir

21 ‘Work content Administrative tasks administra, paperasse

22 Work content Intellectual tasks réfléxion, recherche, intellectuel, analyse

23 ‘Work content Preventive tasks prévent, dépist, somatique

24 ‘Work content Multidisciplinary pluridisciplin, polyvale, diversité pathologie, exercice mixte, transversal, multidisciplin
25 Workcontens 1 Female health _femme, sant¢ femme, soigner femine,

26 Human capital Career concerns

27 Human capital On-the-job training formation, surspécialisation, sur-spécialisation, sur spé, diplome

28 Human capital Medical residence agiaire, stage, internat

29 Relationships Hierarchy gestion activité, patron, chef service, archie
30 Relationships Teams équipe, collaboration, collégue, isole, seul, solitude
31 Relationships Patient patient, suivi long, contact, médecin famille

32 Relationships

positive aspects.®” Interestingly, women are also more likely than men to care about working with female
patients, and this holds both across and within specialty types.

The job attribute that is by far the most frequently mentioned as a con by both men and women
relates to the work schedule of the job (26 percent for women and 28 percent for men).%®

Overall, these results confirm those found with different methodologies and question formats, namely
that men and women, on average, differ in what they care about in a job. They also suggest that our

previous analyses do a good job in identifying the job attributes that are relevant to medical students

when choosing a specialty.

67Table F2 reports the significance levels of the tests of differences in means between men and women.
68The fact that some amenities are mentioned both as pros and cons reveals the existence of individual heterogeneity in
opinions about the attributes that encourage and discourage choosing a specialty.
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Figure F3: Positive and Negative Attributes Identified in Open-Ended Responses about One’s
Preferred Specialty.
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Notes: This figure reports the fraction of times each attributes is identified in the free-text responses about the positive
and negative attributes of the reported preferred speciality. Only amenities that are found in more than 3% of answers
are shown. Words used to identify each attribute in the free-text are reported in Appendix D Table F1. Texts were
pre-processed by removing common stop words in French and lemmatising each of the remaining words using the
trained model for natural language recognition fr_dep_news_trf developed with the software library spaCy. Amenities
listed in ascending order according to the incidence rate of both types of opinions provided by women.
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Table F2: Prevalence of Each Amenity as a Pro or Con.

Category

Pay

Pay

Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Working conditions
Work content
Work content
Work content
Work content
Work content
Work content
Human capital
Human capital
Human capital
Relationships
Relationships
Relationships
Relationships

Observations

Amenity

Pay

Pay growth
Work-life balance
Work schedule
Work intensity
Commuting
Teleworking
Location
Workplace type
Autonomy /responsability
Respect/abuse
Difficulty

Stress

Safety

Recognition

Fun

Diversity /Inclusion
No emergencies
Emotional involvment
Task technicity
Administrative tasks
Intellectual tasks
Preventive tasks
Multidisciplinary
Female health
Career concerns
On-the-job training
Medical residence
Hierarchy

Teams

Patient

Social component

Positive characteristics (%)

Negative characteristics (%)

Women Men Difference Women Men  Difference

3.88 7.03 -3.14%* 6.77 6.32 0.45
0.00 0.00 0.00 0.00 0.00 0.00
14.98 15.93 -0.94 5.77 6.09 -0.32
19.20 14.29 4.92%* 25.75  28.34 -2.59
2.77 1.87 0.90 6.10 6.79 -0.69
0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00
5.77 3.98 1.79 2.55 2.34 0.21
31.19 2295 8.24%** 12.65 7.73 4.92%*%*
2.00 2.11 -0.11 2.44 4.45 -2.01*
0.11 0.23 -0.12 0.11 0.00 0.11
1.11 0.47 0.64 10.54 8.67 1.88
1.66 0.23 1.43%** 4.11 3.75 0.36
0.11 0.23 -0.12 0.11 0.70 -0.59
2.89 3.75 -0.86 9.43 8.67 0.77
0.55 0.00 0.55** 0.44 0.70 -0.26
0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00
1.22 1.87 -0.65 3.66 3.51 0.15
21.86  28.81  -6.94%** 5.77 5.85 -0.08
0.44 0.70 -0.26 9.21 4.45 4.76%%*
10.10 11.24 -1.14 1.11 1.17 -0.06
3.88 3.28 0.61 1.55 1.64 -0.09
31.85  35.60 -3.74 1.44 3.28 -1.84%
3.44 0.00 3.44%%* 0.33 0.00 0.33%
2.22 2.11 0.11 1.22 0.94 0.28
4.33 5.15 -0.82 3.22 2.81 0.41
11.10 8.67 2.43 14.98 14.29 0.70
0.78 0.23 0.54 0.00 0.00 0.00
5.99 7.49 -1.50 5.88 3.75 2.14%
42.18  25.53  16.65%** 11.32 12.18 -0.86
16.98 14.05 2.93 1.89 2.11 -0.22
899 427 896 424

Notes: This table shows the prevalence in the respondents’ free-text responses of each amenity defined in Table F1 as a positive or a nega-
tive characteristic, separately by gender. Texts were pre-processed by removing common stop words in French and lemmatising each of the
remaining words using the trained model for natural language recognition fr_dep_news_trf developed with the software library spaCy.
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