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Abstract: We study how early career setbacks—in the form of worse initial job matches—have permanent 

labor and marriage market impacts differentially for males and females. We analyze the Danish physician 

labor market and exploit a randomized lottery that determines sorting into internships, which differ in the 

bundle of location and career opportunities they provide. Using administrative data for over fifteen years 

after the lottery experiment, we find that initial labor market sorting has important long-run effects on 

occupational choice and career trajectories for women only, which increases the gender earnings gap by 

10-15 percent over the decades after graduation from medical school. We show that the differential gender 

sensitivity to setbacks is driven by women’s career-family trade-off, where women exhibit earlier and 

higher fertility and subsequently sort into more flexible but lower-paying jobs that facilitate their greater 

family responsibilities. Our findings have implications for policies aimed at gender equality, as they reveal 

how persistent gaps can arise even in settings with institutional equality of opportunity and they point to 

addressing family considerations and job flexibility as key channels. 
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1. Introduction 

Modern economies continue to struggle with gender disparities in the labor market. Gender gaps in 

performance and pay remain pervasive even among high-skilled professionals, such as lawyers, business 

and finance professionals, and physicians (Azmat and Ferrer 2017, Sarsons 2019, Zeltzer 2020, Wasserman 

2022, Cullen and Perez-Truglia 2023). These gaps display a clear common phenomenon of a persistent 

widening pattern following the early-career stage and the subsequent family formation and arrival of 

children (Bertrand, Goldin, and Katz 2010, Goldin 2014, Goldin et al. 2017, Blau and Kahn 2017, Juhn and 

McCue 2017, Kleven, Landais, and Søgaard 2019). 

In this paper, we ask whether this persistent pattern among the highly-skilled represents a causal 

link from the early-career stage to long-run gender gaps. In the context of the physician labor market, we 

study how early career setbacks in the form of worse internships differentially affect long-run labor market 

outcomes for men and women, with a focus on the family-career trade-off as a potential root cause. 

Our analysis offers two main advantages. First, placement into medical internships—i.e., 

physicians’ first jobs—is governed in Denmark by a purely randomized lottery that provides a clean source 

of idiosyncratic variation in entry-level labor market sorting. We illustrate that students with the best lottery 

ranks are effectively unrestricted in their choices and are assigned their highest priorities, whereas students 

with the worst lottery ranks face narrowed choice sets and are assigned their lowest priorities. This creates 

large exogenous variation in the location and career opportunities of a graduate’s internship bundle, where 

graduates with the worst lottery numbers end up choosing lower-ranked positions in rural communities. 

Second, we exploit a novel dataset spanning the years 2001-2022 that combines the formal lottery data we 

have digitized with a range of administrative datasets on all medical doctors in Denmark, including medical 

registries on licenses and specialties, the Danish population-wide economic registers, and family linkages. 

These data allow us to conduct a comprehensive analysis of the broad potential causal effects of early 

careers—on work, family, and their trade-offs—over a long horizon of over 15 years after the treatment, 

along with a careful investigation of potential mechanisms. 

With this setup and design, we provide two sets of novel findings. First, in terms of long-run 

treatment effects, we find that the internship placement has important impacts on career outcomes, where 

the findings clearly and systematically show that women are much more sensitive to the initial bad shock. 

Starting with geographic sorting, we find that by the end of the analysis horizon of 15 years—long after the 

internship itself that lasts for 1-1.5 years—women with the worst lottery ranks are 4.9 percentage points 

(pp) more likely to locate in a rural municipality (on a counterfactual of 9.9 pp). Accordingly, they are also 

6.5 pp less likely (on a counterfactual of 48.1 pp) to hold the higher-paying positions at university hospitals 

that are located in the vicinity of the urban hubs. Moreover, female physicians in the treatment group of 

worst lotteries have significantly lower propensities to make important human capital investments, 
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displaying a 5.2 pp lower likelihood of obtaining a medical PhD (on a counterfactual of 29.7 pp). Finally, 

and most importantly for our investigation of long-run careers, we find significant effects on occupational 

choice as reflected in medical specialties. Women in the treatment group specialize earlier, accordingly 

spending less time on increasing their human capital through training, and they end up sorting into lower-

paying female-represented specialties at much higher rates. On all these margins we find no effects for 

males, despite the fact that males and females have the same preferences over internship positions and that 

they make similar choices conditional on lottery number. We aggregate our findings on gender differentials 

in causal impacts into long-run implications for earnings gaps using the “surrogate index” method (Athey 

et al. 2019), which allows predictions over the course of 35 years in our observational data. We find a 

growing gap in predicted earnings that can be causally attributed to the lottery, leading to gender gaps in 

earnings that are even larger for women in the treatment group. Our variation in physicians’ very first jobs 

increases the gender earnings gap by 10-15 percent over the decades following graduation. 

Second, in terms of the channels for the gender divergence in sensitivity to career setbacks, we find 

strong support for the career-family trade-off and women’s greater family responsibilities. The initial 

conditions lead women to specialization in home production, which then leads to larger differences in long-

term career outcomes across men and women. We show that single women in the treatment group begin 

having higher fertility compared to single women in the control group following graduation; and that they 

subsequently sort at higher rates into female-represented specialties, which offer more time flexible jobs 

but with significantly lower pay. Given the cultural norms of women as secondary movers, we also find 

that they are more likely to remain stuck in the original location of their partners. Men, however, do not 

display any of these family effects or career-family trade-offs. We further find evidence that even higher 

human capital investment may not be able to shield women from the career costs of family responsibilities. 

We show that women in the intermediate lottery group, who are also induced by their career setbacks to 

choose higher fertility, are still ultimately diverted back to lower-paying female specialties despite the fact 

they obtain medical PhDs at rates similar to the control group. Our findings provide novel empirical support 

for the view that closing the remaining gender gap would indeed require changes in the labor market that 

would facilitate jobs with more temporal flexibility (e.g., through greater substitutability of workers and 

teamwork) to accommodate family responsibilities (Goldin 2014, Goldin and Katz 2011). 

Our advancement of the work on gender in modern high-skilled markets makes several 

contributions. Most directly, a key contribution of our analysis is to the long-standing work on gender 

inequality in economic outcomes and their underlying sources (see reviews and discussions in, e.g., 

Bertrand 2011, Goldin 2014, Olivetti and Petrongolo 2016, Blau and Kahn 2017, Lundberg and Stearns 
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2019).1 We advance this literature by clearly establishing causality of early labor market sorting in initiating 

and perpetuating gender inequality and norms in long-run careers. We provide new evidence for how men 

and women differentially adapt to the tension between career and the family (Goldin and Katz 2008, Goldin 

2021): early career setbacks lead women to specialize in home production—as reflected by earlier 

childbearing and higher fertility—and they subsequently sort into lower-paying female-represented 

occupations that are more flexible and family friendly. Our analysis reveals that significant gender 

inequality can still emerge in a randomized lottery setup with embedded early-stage equality of opportunity. 

It demonstrates that policies for outcome-based gender equality cannot merely rely on leveling the starting 

playing field, but they should also target the way in which opportunities and choices evolve over the 

formative stage of the early career. Our analysis of mechanisms offers important guidance in that direction, 

strongly supporting the notion that closing the gender gap would have to involve the promotion of job 

flexibility to prevent women’s excessive career penalties from their disproportionate family responsibilities 

(Bertrand et al. 2010, Goldin and Katz 2008, 2011, Goldin 2014, Kleven, Landais, and Søgaard 2019). 

We additionally contribute to the classic labor economics research that has highlighted the potential 

importance of early-career stages in determining long-run life cycle trajectories. This work has considered 

the role of search and job mobility, human capital investments, as well as on-the-job learning and skill 

accumulation (see, e.g., Topel and Ward 1992, and reviews in Weiss 1986 and Rubinstein and Weiss 2006). 

We contribute to this broad line of research by providing a novel, purely randomized source of idiosyncratic 

variation for identifying the causal effects of early-career sorting.2 This type of variation can be useful in 

other important economic questions. For example, with a focus on market design, Arora, Goff, and Hjort 

(2021) study how shifting the Norwegian system of medical internship allocation from lottery-based to 

market-based has impacted employer-employee matches. In their analysis of earnings five years after 

graduation, they focus on identifying employer-specific value-added across categories of Norwegian 

hospitals with some evidence pointing to potential lower returns for women in that time frame. In 

comparison, the focus in our analysis of the Danish setting is to identify the far-reaching causal impacts of 

early-career setbacks on individuals’ long-run career outcomes, family choices, and their interaction. We 

 
1 Recent important studies in this active research on underlying channels investigate the role of job search and labor market 

preferences, social interactions, personality characteristics, and family obligations. These include, among others, Gneezy et al. 

(2003), Niederle and Vesterlund (2007), Bertrand et al. (2010), Buser et al. (2014), Azmat et al. (2016), Card et al. (2016), Field et 

al. (2016), Azmat and Ferrer (2017), Bursztyn et al. (2017), Caliendo et al. (2017), Buser and Yuan (2019), Cai et al. (2019), Iriberri 

and Rey-Biel (2019), Kleven et al. (2019a), Kleven et al. (2019b), Cheng (2020), Porter and Serra (2020), Ginther et al. (2020), Le 

Barbanchon et al. (2021), Exley and Kessler (2022), Cullen and Perez-Truglia (2023), and Cortés et al. (2023). 
2 Related but distinct work had studied aggregate variation, in terms of entering the labor market in a recession (see von Wachter 

2020 for a review), in contrast to the idiosyncratic variation that we study here. The former identifies the effects of changes to the 

choice set that come from bad economic times. In comparison, the latter, with variation at the individual level, identifies the causal 

effects of making different choices within a given distribution of options, i.e., a given choice set. As such, these effects form a key 

input in an individual’s optimization problem of early-career choices. In that sense, our analysis resembles the economics of 

education literature that uses idiosyncratic exogenous variation (e.g., based on grade cutoffs) to analyze the returns to different 

choices of field of study (e.g., Kirkeboen et al. 2016). 
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provide novel evidence that internship placements have important impacts on women’s long-run career 

outcomes and that the gender divergence in sensitivity to career setbacks likely operate through the career-

family trade-off and women’s greater share of family responsibilities. 

Finally, we speak to the mounting recent evidence that highlights geographic location in 

determining life-cycle outcomes, from education, to economic well-being, to health.3 We contribute to this 

strand of the literature first by finding a causal determinant of the household’s choice of geographic location 

in the long run—namely, individuals’ very early-career labor market sorting. This choice directly affects 

the local labor market in which the household operates and the amenities available to the family. Second, 

our findings identify a pathway by which location can shape behavior and welfare. We find that women 

with the worst lotteries—who differ relative to the other experimental groups in their increased likelihood 

to intern in rural areas far from where universities are located—end up displaying much lower rates of 

obtaining important further education (in the form of a medical PhD). This, in turn, highlights the potential 

role of geographic sorting in the early career in determining major life-cycle human capital investments. 

The rest of the paper proceeds as follows. Section 2 describes the institutional setting of physician 

training in Denmark and the data sources we use. Section 3 lays out preliminary facts about the Danish 

labor market for physicians and their career-family trade-offs to set up our causal analysis, and Section 4 

describes our empirical framework. Section 5 provides our main analysis of how the internship placement 

affects long-run career outcomes and choices differentially for males and females, and Section 6 analyzes 

key potential channels for the gender divergence in treatment effects. Section 7 concludes. 

2. Institutional Setting and Data 

2.1. Physician Training in Denmark 

We begin by describing the context of our analysis of physicians in Denmark and their post-

graduate professional training. We first provide a broad overview of the course of their post-graduate 

experience, which captures the early stages of their careers, and we then describe the process of matching 

to medical internships in Denmark, which provides the grounds for our causal analysis. 

Broad Overview and Timeline. The timeline for Danish physicians’ training process is generally 

typical of other OECD countries.4 Following medical school, graduating physicians begin the period of 

their residency, which represents a lengthy period of on-the-job training. The ultimate goal of the residency, 

which marks its ending point, is the choice of medical specialty. Among physicians, the choice of medical 

specialty represents occupational choice that determines their careers, so we accordingly put a particular 

 
3 See, for example, Chetty and Hendren (2018) and Finkelstein et al. (2016) for the U.S., and Damm and Dustmann (2014), Laird 

and Nielsen (2016), and Eckert et al. (2022) for our context of Denmark. 
4 For the institutional structure in EU countries, for example, see EU Council Directive 75/363/EEC. 
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focus on specialty choice in our causal analysis as a main long-run outcome of physicians’ careers. Upon 

the beginning of the residency, about 92 percent of senior medical students have not yet decided which 

specialty to pursue, where 75 percent remain undecided during their internship (Jensen et al. 2013). 

Appendix Figure A.1 illustrates the timeline of the various stages of the residency period that we 

now describe. The initial stage of the residency is the internship, which typically lasts one to one and a half 

years. The internship represents the entry-level labor market for physicians. It stands as physicians’ first 

effective medical experience, and it determines their initial exposure to practical knowledge and career 

opportunities. The key institutional feature, which we exploit as the basis for our identification, is that a 

random lottery underlies the placement to internships. Upon completion of the internship, physicians are 

allowed to practice medicine independently, that is, without the supervision of a senior physician. All 

positions thereafter are matched in a standard competitive labor market. Toward the end of the internship 

during its last part, physicians engage in a process of job search as well as human capital investments that 

will steer their career paths. Specifically, interns apply for different introductory positions, which typically 

last one year each. Physicians must complete at least one such position within their future specialty of 

interest in order to then qualify for a main position within that medical specialty. Main positions represent 

the process of medical specialization, which lasts four years for general medicine and up to five years for 

more specialized positions. Main positions can be highly competitive. Hence, physicians’ success in this 

stage is influenced by their choices up to that point in terms of training via introductory positions and further 

academic education via obtaining a medical PhD degree, which can assist in accessing higher-paying and 

more prestigious specialties (as we show below). Physicians typically apply for PhD programs in the last 

part of the internship or while working in introductory positions, and they enroll in PhD programs between 

the internship and main specialty position. A medical PhD in Denmark typically lasts three years. The main 

position is the last stage of the residency, where the choice of specialty represents an absorbing state in 

terms of physicians’ long-run careers. Upon completion of this last stage, physicians receive their specialty 

license and continue on to their future independent careers in their chosen occupation. Appendix A gives 

an account of the effective timing for the residency stages, plotting PhD completion rates and then medical 

specialty completion rates over time since graduation. We discuss these patterns in Section 3.2 in turn, 

when we investigate physicians’ timing of key labor market choices.  

The Internship Program. Internship positions provide hands-on work experience, allowing 

physicians to accumulate practical knowledge and skills through learning-by-doing. The purpose of the 

internship is to bring the theoretical knowledge from medical school into clinical practice by having the 

intern integrated into the daily work routines of hospital departments. Internship programs are required to 

ensure that physicians accumulate medical expertise in all aspects of medical care including diagnostics, 

examinations, implementation of procedures, treatment protocols, and treatment of acute and chronic 
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conditions (Danish National Board of Health 2009). Internships consist of bundles of half-year primary 

positions in hospitals followed by secondary positions in primary care. Internships are institutionally tied 

to geographic regions and their hospitals. The healthcare system in Denmark is organized such that Danish 

counties (with a total of 16) act as local healthcare markets, similar to Hospital Referral Regions (HRRs) 

in the U.S. Spatial distribution of entry-level jobs for physicians is typical of post-graduate medical training 

positions in other developed countries as well, such as the U.S., and is a main dimension by which medical 

training programs are categorized (see, e.g., Brotherton and Etzel 2018). 

The Internship Lottery as a Source of Variation. The internship provides our source of 

exogenous variation in initial job market sorting of physicians. After medical school, each graduate is 

assigned to an internship position by being matched with a hospital department—that in practice represents 

a workplace—which is responsible for facilitating the internship educational program. Internship positions 

are periodically created by the Danish National Health Authority (NHA) with respect to national demand 

for healthcare professionals and to accommodate all graduating students. Prior to each graduation round 

(twice a year), medical schools report how many students are planned to graduate and the NHA guarantees 

to create a number of internship positions of at least that amount. Finally, the positions are designed to 

distribute proportionally across the local labor markets (i.e., counties) based on their population shares. 

The key institutional feature we exploit for identification is that a randomized lottery governs the 

placement into internships. For every graduating cohort (twice a year in every March and October), a public 

notary performs a lottery that allocates a random number to each graduating student, which sets the ordering 

of the matching process for that cohort. We capture a graduating physician’s relative position in the 

matching order by mapping a lottery number to its rank relative to the lottery numbers of the graduate’s 

cohort. We refer to it as the “lottery rank.”5 Historically, the lottery-based allocation was introduced in 1984 

to mitigate the problem of excess supply of young physicians around university hubs and physician 

shortages in rural areas (Danish Ministry of Health 1989), which is a broader concern and a common policy 

target across the U.S. and many other OECD countries (OECD 2012, Ono et al. 2014). 

2.2. Patterns in Assignment to Internships 

We use information on interns’ binding pre-placement rankings of all local labor markets, which 

have been solicited among the earlier cohorts (who graduated prior to 2008) as part of the allocation process. 

We study the mapping between choice rankings and placements as a function of the lottery by plotting 

individuals’ pre-placement ranking of the local labor market they were assigned to (where 1 denotes the 

highest priority) against the percentile rank of their lottery number within their graduating cohort.  

 
5 This normalization permits a comparison between individuals with bad lottery numbers and individuals with good lottery numbers 

across cohorts of different sizes. Appendix Table H.2. provides estimates that include graduation round fixed effects for robustness 

with virtually similar findings as we would expect. 
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Panel A of Figure 1 shows a few key patterns in this relationship, which are similar across gender 

as shown in panel B. First, as expected by design, there is a clear gradient such that graduates with higher 

lottery ranks (worse lottery numbers) are assigned to their lower-ranked priorities. Second, there is a clear 

non-linearity in the market-clearing pattern of the available slots in terms of graduates’ preferences: there 

is a virtually flat region in the vicinity of the best lottery ranks and a steep slope in the vicinity of the worst 

lottery ranks. By the nature of the assignment process, students with the best lottery ranks are effectively 

unrestricted in their choices. As they are the ones who make the choices first, their highest priority options 

are still available when they make a choice, and they end up being assigned to their first priority. Then, as 

the lottery rank increases (that is, the draws worsen), the set of available choices increasingly narrows. As 

a result, those with the worst lottery numbers are most restricted in their early-career choices, and they end 

up making choices that are lowest on their priority list. These patterns guide our choice of research design. 

We will compare outcomes of a “control” group of individuals with the best lottery ranks whose choices 

are essentially unaffected by the lottery; a “treatment” group of individuals with the worst lottery ranks who 

are the most affected by the lottery; and a “middle” group who are affected to an intermediate degree. 

The exact implementation of assignment to internships based on the lottery has changed over the 

years, but it has been continuously designed so that a better lottery number (of lower rank) guarantees a 

student a more favorable position in the allocation process. We leverage this simple yet powerful feature 

and pool all graduating cohorts to maximize power. We show in Appendix B.1 that the patterns of allocation 

of students to internships remains very similar over time. To give context, prior to 2008, the NHA first 

allocated students to counties based on the order of their lottery numbers in the primary step of the 

placement process. Graduating students compiled a list of priority over all the Danish counties following 

their assignment of lottery numbers, and they were matched with their highest-ranked county among the 

counties with remaining open positions when their time to make a choice has come. Later, in the secondary 

step of the assignment process, each county matched its assigned graduates with the internship positions 

that were created in that round across the county’s hospital departments, based on student choices in the 

order of their initial lottery number. In 2008, when the system was digitized, the process simplified into a 

one combined step, where interns make a single county-hospital department choice in the order of their 

lottery number from the positions available nationally at the time they choose (known as random serial 

dictatorship, see Abdulkadi̇roğlu and Sönmez 1998). In Appendix B.2, we discuss potential strategic choice 

considerations that could result from the incentives embedded in these choice processes, and we investigate 

how they play out in practice. It is important to note that strategic behavior is not going to affect the validity 

of our identification of the effects of initial labor market sorting because our choice of research design rests 

on reduced form effects of the randomized lottery numbers. Still, we describe these aspects in the appendix 

as they are potentially informative for a further understanding of the empirical context. 
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2.3. Data 

We combine several administrative datasets that contain information on all medical doctors in 

Denmark and their households. We use the education registers starting in 1980 to identify all students ever 

enrolled in a Danish medical school through 2020. Our analysis population for the experiment is identified 

using information starting from 2001 on the internship lotteries, which we obtained from the physical 

archives at the Danish National Health Authority and digitized. We link these records using person-level 

identifiers with the following register datasets on the data servers at Statistics Denmark as follows. 

The authorization register provides us with information through 2022 on registrations of medical 

licenses and specializations, which capture occupational choice in our setting. The economic registers 

include administrative information on geographic location (through 2021), employers and employer-

employee linkages (through 2020), total work compensation including wage earnings, employer 

contribution to retirement accounts, and self-employment income (through 2021), demographics, including 

age and gender (through 2021), and education registers (through 2022), including high-school GPA and 

information on higher education completion (through 2020). We are able to link households using spousal 

and parent-child linkages (through 2021) to study marriage and fertility choices. We note that, in the 

demographic registers, partnership in the cohabitation case is measured as two individuals of the opposite 

sex who live in the same address. We reduce noise in measuring partnership from situations in which 

cohabiting couples temporarily live apart (e.g., due to work or school) in the following way: if two 

individuals are registered as partners in both years 𝑡 − 1 and 𝑡 + 1 but not in year 𝑡, we recode them as 

being partners in year 𝑡 as well. While the end points for the various datasets differ, our time frame allows 

us to look at causal effects across all outcomes with precision over a long horizon of at least 15 years 

following the lottery. When possible given the dataset for particular outcomes, we stretch the analysis 

horizon further out. 

In addition, we obtained confidential information from the internship exit surveys, which are 

processed at restricted research servers at the University of Copenhagen. With permission from the official 

governmental body, the Regional Councils for Physicians’ Post-Graduate Education (De Regionale Råd for 

Lægers Videreuddannelse), these data were obtained from a private IT company, Dansk Telemedicin A/S, 

which administers the data on all post-graduate educational positions for physicians in Denmark. From 

2008, due to the digitization of the internship selection process, we are able to link physicians and their 

lottery numbers to their exit surveys and to the exact positions they held at the specific hospital departments. 

In these surveys, which are externally conducted by the government, interning physicians provide an 

assessment of their workplace experience. We provide details about the survey in Appendix E.  
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3. Preliminary Facts 

3.1. Initial Conditions: Preferences and the First Stage 

We begin the analysis by illustrating the comparability of initial conditions across gender, which is 

crucial for the interpretation of our causal analysis. We show that males and females have the same 

preferences over internship positions and that, conditional on lottery number, they make similar choices. 

Importantly, this implies that potential differences in longer-run effects across gender could not be 

attributed back to either differential preferences over entry-level positions or to differential first stages. 

Preferences over Entry-Level Positions. We analyze preferences across gender by leveraging 

information on graduates’ rankings of entry-level local labor markets and internship specialties. We proceed 

in two steps. First, we analyze a measure for market desirability that reveals students’ location preferences 

through their lottery-based choices. We construct market rankings based on the average lottery rank of the 

interns who sort into it, separately for males and females, and compare across them. Panel A of Figure 2 

provides this comparison. Each dot represents a local labor market, where the x-axis denotes male rankings 

and the y-axis denotes female rankings. We plot the fitted line and report its slope, where the benchmark 

of non-differential ranking by gender is one (the 45-degree line). Overall, the estimation is notably close to 

the benchmark case under the null that males and females have similar average priorities over the entry-

level markets.6 Second, we investigate graduates’ occupational preferences in their entry-level jobs. We 

base our analysis on revealed preferences for specialty choices in internships. Within the primary positions 

in hospitals, interns can broadly choose between internal medicine and surgery, and, within the secondary 

positions in primary care, interns can choose between general medicine and psychiatry. For each gender, 

we split the sample by deciles according to lottery ranks. Then, for each of the two types of positions, we 

calculate over deciles the gender-specific cumulative probability of making a particular choice of specialty 

over the other. We plot in panels B and C of Figure 2 the gender-specific CDFs against one another, where 

the 45-degree line again serves as a benchmark when preferences are similar across gender. We do not find 

any systematic differences across gender in these choices either. Put together, the evidence strongly 

suggests that preferences over entry-level positions are similar across males and females and cannot be a 

source of gender differentials in long-run outcomes. Of course, it is still possible that preferences could 

change ex-post in response to the treatment. 

Choices Conditional on Lottery Rank. How do the lottery ranks translate to exposure to 

internship characteristics? As is natural in real-life quasi-experiments, the initial match to internships 

represents a bundle, in our case in the form of location and career opportunities. We characterize treatment 

 
6 We reach a similar conclusion if we instead use the information we have for the earlier cohorts about students’ binding pre-

placement rankings of all local labor markets as reported in their priority lists (see panel C of Appendix Figure B.2). 
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aspects of the internship bundle based on two key underlying dimensions—geographic location and 

program quality—which we now discuss in turn. We use later cohorts from after the digitization of the 

system for whom we have detailed information on both of these dimensions of the internship allocation. 

The first dimension we focus on—geographic location—comes from the motivation of the lottery-

based policy to counteract students’ reluctance to intern in rural areas. We calculate for each student the 

distance between their location of residence at the time of the lottery and their location of work at the time 

of the internship, which captures their “relocation distance.” To put it in context, graduating students reside 

near the major university cities in which medical schools are located in Denmark (Aarhus, Copenhagen, 

and Odense). Hence, short relocation distances imply staying in the vicinity of the urban labor market where 

the student was educated, and long relocation distances typically imply placement in rural areas. Panel A 

of Figure 3 plots a graduating student’s relocation distance against the student’s lottery rank split by gender. 

The figure reveals a clear gradient: relocation distance for those with better lottery numbers (lower ranks) 

is significantly shorter than for those with worse lottery numbers (higher ranks). This mirrors the underlying 

motivation for the lottery-based system, revealing interns’ distaste for locating in rural labor markets. 

To better understand the features of the geographic local labor markets that the interns with worse 

lottery numbers sort into, Appendix Table B.2 compares rural versus urban localities. Rural municipalities 

have populations that are less educated, sicker, and more reliant on welfare. These municipalities have 

worse economic conditions and amenities, as manifested by income, home prices, tax revenues, and local 

recreational expenditure. In terms of traditional gender family roles, in rural areas females are much more 

likely to take more parental leave with the opposite pattern for males. In terms of local representation that 

could further indicate gender norms, the share of elected officials who are female is lower in rural areas. 

These are consistent with general priors that rural areas may be more gender stereotypical overall. Finally, 

important for their future careers, rural labor markets are much less likely to offer interns work experience 

within a university (or teaching) hospital. University hospitals, typically located in the vicinity of larger 

urban areas, are well known to be the institutions where skill-intensive and highly-specialized procedures 

are performed, state-of-the-art technologies are first adopted, and innovative medical research is conducted. 

By definition, university hospitals aim to provide the highest quality of on-the-job training to new 

physicians. Moreover, since key players in the medical field often hold positions in these hospitals, 

interning in a university hospital could provide more favorable exposure to professional networks. 

Appendix Table B.2 uses the administrative registers to illustrate these points of the differences between 

the two types of hospitals.7 

 
7 We have highlighted two features of the market composite that seem to us to stand out—degree of rurality and affiliation with 

university hospitals. Of course, other features beyond these two could be (and likely are) a part of the local labor market composite. 
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The second dimension of the treatment that we focus on is the ranked quality of the educational 

program itself, i.e., the specific workplace/position, as reported by interns in the exit surveys. We use the 

ranking of a position’s overall assessment, where graduates are asked about their evaluation of the 

educational experience in terms of the program’s effort, quality of training, and their own professional 

development (see Appendix E.1).8 The value of the ranked quality via the reported experiences of interns 

is that it captures measures that are not directly observed. Still, it is useful to corroborate these assessments 

against external measures. We have data from external inspections that the NHA conducts to assess the 

quality of the educational programs, which are carried out by independent inspectors. Appendix E.2 shows 

that these external rankings are highly predictive of exit-survey rankings. In panel B of Figure 3, we then 

investigate the quality of the internship a graduating student has been assigned to against the student’s 

lottery rank split by gender. The figure reveals a clear gradient, where graduating students with better lottery 

ranks are significantly more likely to intern in the highest quality positions. 

Aggregate First Stage and Comparability across Gender. We proceed with our sample split into 

the three groups of best lottery ranks (the “control” group), middle range lottery ranks (the “middle” group), 

and the worst lottery ranks (the “treatment” group). Panel C of Figure 3 plots the averages of relocation 

distance and internship quality together, for each of our experimental groups. This figure bears similarities 

to an “offer curve” if the internship bundle is to be thought of as a consumption bundle: the curve maps 

individuals’ choice of a two-dimensional bundle for an increasingly narrow choice set.9 

We first see, as expected, that interns in the “control” group, for whom there are virtually no 

restrictions on choice, choose internships that are closest to their medical school’s urban hub and in 

positions that are higher ranked. Interns in the “treatment” group, who are most restricted, suffer on both 

margins. They are forced by the lottery to end up choosing remaining positions that are both located in 

remote geographic locations and are of lower-ranked quality. Finally, choices made by interns in the 

“middle” group reveal further information on preferences. On average, the “middle” group is on par with 

the “control” group in terms of distance, whereas the “middle” group is on par with the “treatment” group 

in terms of a position’s ranked quality. This further illustrates that physicians prefer to remain closer to their 

university’s hub. Moreover, the fact that the “treatment” and “middle” groups are affected differently in 

terms of the career setbacks they experience will turn out important in the investigation of mechanisms. 

Panel D of Figure 3 visualizes that the first stage patterns are similar across gender by showing that 

the gender-specific offer curves are of the same shape. Appendix Table B.1 formalizes this statement by 

testing differentials across male and female interns on both dimensions across all three experimental groups, 

 
8 We use the leave-one-out mean (to avoid mechanical correlations with one’s own experiences) of the overall evaluation of 

graduates who interned in a given workplace, which we normalize by the mean and standard deviation to create a z-score. 
9 Corresponding figures for a finer split of lottery ranks are provided in Appendix Figure B.2. 
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systemically showing no differentials. This implies that potential differences in longer-run effects across 

gender could not be attributed back to differential first stages along the studied dimensions. 

3.2. Descriptives: Choice Timing and Returns to Investment 

Before proceeding to our causal analysis, we take a final descriptive step and investigate the 

patterns that underlie the main choices and outcomes that we study in both the labor market and the marriage 

market. This establishes the setting of our analysis of the labor market for physicians in Denmark. It will 

accordingly help guide the causal analysis of the effects of early careers on long-run outcomes and will 

provide the motivation for the later investigation of the potential mechanisms that are at play—specifically, 

women’s career-family trade-off. 

Labor Market Choices. We look at choices in the chronological order of the residency period (as 

illustrated in Appendix Figure A.1), starting with human capital investments and then transitioning to the 

long-run career choice of medical specialty. We display these outcomes as a function of years since medical 

school, running from year 0 to year 25 and split by gender. 

For our outcome of human capital investment—pursuing a medical PhD— we see that, by year 15 

after graduation, 27 percent of women and 29 percent of men have obtained a medical PhD (Appendix 

Figure A.2). Importantly for our analysis, we find that completion rates stabilize by that time, allowing us 

to identify “steady-state” causal effects in our analysis horizon of 15 year after graduation. For the central 

choice of long-run careers, Appendix Figure A.3 shows completion rates of medical specialties. The steep 

gradient over the years after graduation slows down at the vicinity of year 15, and it stabilizes a few years 

later than PhD completion (as expected by the post-graduation timeline in Appendix A.1 and as those who 

pursue a PhD consequently have longer residencies). For this reason, in our causal analysis of specialty 

completion rates, we extend the horizon as allowed by our data up to year 18. For both genders, we see that 

10 years after graduating from medical school around 30 percent have completed their specialization, with 

completion rates that steeply rise to 80 percent by year 15. By year 20, about 90 percent have completed 

their specialty, with the residual 10 percent never specializing and typically working in the industry. 

Next, we look at the association between obtaining a medical PhD and the type of specialties 

physicians sort into. Indeed, 42 percent of medical students who report considering pursuing a PhD state 

qualifying for their desired specialty as the main reason (Jensen et al. 2013). Given our focus on gender, 

we classify medical specialties—which represent occupations in our setting—based on the share of females 

within a specialty relative to their overall proportion. “Female-represented” specialties are defined as 

specialties with a female share that is higher than this proportion, and “male-represented” specialties are 

defined as specialties with a female share that is lower than this proportion (see Appendix Table D.1 for a 

list of specialties and their groupings). Appendix Figure A.4 plots time to specialization for both classes of 



13 

 

specialties, split by whether the physician holds a medical PhD. It clearly shows that, in the long run, 

obtaining a PhD is associated with higher rates of specialization in male-represented specialties. 

Importantly, male-represented specialties are higher-paying and considered more prestigious, as we show 

and discuss below. As for how further education of a PhD ultimately translates to higher earnings via 

occupational and labor supply choices, Appendix Figure F.1 uses the population-level register to show 

associations for the potential economic returns from this investment. The investment pattern bears a classic 

labor economics shape: obtaining a medical PhD is associated with early lifetime investments in terms of 

foregone earnings and with high returns later in the life cycle. This is a lengthy investment whose returns 

manifest only late, implying that earnings differentials from the choice to obtain a medical PhD require 

analysis over an extended time horizon, which will guide our analysis of the effects on earnings. 

Family Choices. Family-related choices and career-related choices naturally intertwine. The post-

graduation stage represents formative years with respect to family formation (Goldin and Katz 2008), which 

is reflected in our setting by the graduating physicians’ average age of 27.5 at baseline (shown in Appendix 

Table C.2). Appendix Figure A.5 first plots the evolution of partnership in levels and changes. We see that 

about half of physicians graduate being partnered (in panel A), and that the highest rates of changes to 

partnership status post-graduation occur in the immediate years around the internship period (in panel B). 

Central to our setting, we look at the evolution of fertility choices over the post-graduation years. 

Here, we naturally split our sample into two groups of partnered individuals and single individuals based 

on partnership status in the baseline period. Partnered individuals enter the post-graduation period as a joint 

unit of two partners who can immediately make family planning choices, whereas single individuals still 

face the marriage market phase before they can start their families. 

Appendix Figure A.6 plots fertility timing for both males and females, splitting individuals by their 

initial partnership status within each gender. Several important patterns stand out. First, partnered 

physicians display clear timing of fertility already in the few years leading to graduation, with clear large 

spikes in the few years post-graduation. Second, among single physicians, we see the intuitive delay in 

fertility as they search for partners, where their fertility rates start spiking 3 years out for both genders. This 

underscores that our causal analysis should separately consider single and partnered graduates as they can 

be fundamentally differentially affected by their early career experiences in terms of both their family 

outcomes and their labor market outcomes. Third, fertility decisions reach their plateau at the vicinity of 15 

years post-graduation. This allows us to investigate both fertility timing effects and the long-run steady-

state family choices of physicians in our causal analysis that runs up to year 15 and above. 

The Career-Family Tradeoff. Key to our analysis is the important work on gender gaps that points 

out the high value placed on long hours and job continuity as a central determinant of gender differentials 

in high-powered professions (Goldin 2014, Goldin and Katz 2011). In such professions—specifically 
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among physicians—earnings are non-linear in hours worked, which manifests, e.g., in higher compensation 

outside of regular hours (overtime and weekends). This structure of remuneration, which similarly applies 

to physicians in Denmark (Lorentzen 2024), imposes heavy penalties on employees who place a higher 

value on job flexibility (in terms of number of hours, precise times, predictability, and ability to schedule 

one’s own hours). The costs of workplace flexibility include economic penalties to labor supply behavior 

that is more compatible with having a family, such as job interruptions, short hours, and work flexibility 

during the day and over the week. Given biological differences in childbearing and social norms, women 

have a greater desire for workplace flexibility from greater family responsibilities (Goldin and Katz 2011). 

This notion has been causally corroborated among physicians (first by Wasserman 2023 in the U.S. and 

then by Lorentzen 2024 in our context of Denmark), showing that reforms that limit work-week hours lead 

women to choose specialties that previously had greater time demands at higher rates. Wasserman (2023) 

further finds in survey data on stated preferences of U.S. medical students that female graduates shifted 

their tastes toward previously time-intensive specialties in response to the reform. For our context of 

Denmark, we complement the analysis with a publicly available survey conducted among Nordic 

physicians that shows similar attitudes. In Appendix Figure D.1, we find that physicians of both genders 

believe that lower shift burden is an important determinant of why some specialties are more female-

represented.  

These underlying conditions—gender differentials in the value of job flexibility and physicians’ 

remuneration structure—imply two patterns that lead to gender pay gaps: first, women will sort at lower 

rates into specialties that have more excessive time demands; and, second, specialties with more excessive 

time demands will have meaningfully higher pay. Indeed, the two patters hold closely in our setting.10 First, 

as an indicator for the time demand of physicians, we follow Goldin and Katz (2011) and characterize 

whether the specialty has irregular, on-call, or emergency hours on a more regular basis. We classify 

specialties with our prior grouping of female-represented and male-represented specialties, and, for each 

class of specialties, we calculate the probability that a medical encounter occurs during weekend hours. 

Appendix Figure D.2 clearly shows the probability a medical encounter takes place over the weekend is an 

order of magnitude higher in male-represented specialties compared to female-represented specialties (16 

pp compared to 3 pp). Given the way we classified specialties, it is indeed the case that women sort at lower 

rates into specialties that have more excessive time demands in our setting. Second, it is also the case that 

these specialties with more excessive time demands have higher pay. Appendix Figure F.1 plots the life-

cycle earnings trajectories for the two classes of occupations, and it provides a clear visualization that male 

specialties provide higher pay than female specialties for both men and women. 

 
10 Wasserman (2023) shows how these patterns hold for the U.S. case. 
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As an implication of these patterns, we find an important career-family trade-off between specialty 

choice and family responsibilities in Appendix Figure A.7. In panel A, we plot the evolution of the number 

of children over years since graduation, separately for physicians who specialize in female-represented 

specialties and in male-represented specialties. We find a visually clear pattern that those who specialize in 

male-represented specialties trade off family choices, as reflected in both delayed childbearing and a lower 

number of children in the long run. Splitting this plot by gender (in panels B-C), we find that this trade-off 

is indeed accrued almost in its entirety to women. This is naturally in line with the norm that men have less 

family responsibilities, so they can incur the disamenity of excessive time demand that they care little about 

regardless of their family structure (Goldin and Katz 2011). This underlying gender discrepancy in the 

interplay between career choices and the family will therefore motivate our central hypothesis of the career-

family trade-off as a mechanism for the gender differentials that we find in the effects of early career 

setbacks. Our hypothesis is furthermore motivated by the important work that has shown that family 

responsibilities, specifically from the arrival of children, impose excessively higher penalties on the career 

advancement of women relative to men (e.g., Goldin and Katz 2008, Bertrand et al. 2010, Kleven, Landais, 

and Søgaard 2019). 

4. Empirical Framework 

4.1. Verification of Lottery 

As the basis for our empirical framework, we first establish the validity of the lottery in terms of 

random assignment. In Appendix Table C.1, we run specifications that regress the graduating physicians’ 

lottery rank on baseline characteristics available in our data. These include gender, age, an indicator for 

having a partner, number of children, high school GPA rank, an indicator for residing in a rural 

municipality, and an indicator for having an employment at a university hospital. Consistent with random 

assignment, we find that these regressions have no predictive power. This is the case whether we test the 

significance of the coefficients individually or jointly. We also run the corresponding specifications 

separately for males and females with similar conclusions. This sets the grounds for our research design 

that we turn to next. 

4.2. Research Design 

We employ a straightforward design based on the randomized lottery, where we compare outcomes 

of a treatment group to outcomes of a control group. As natural experimental groups, we define the 

“control” group to be individuals with the best lottery ranks (below a certain lower cutoff rank), as we have 

shown they are essentially unaffected by the lottery; and we define the “treatment” group to be individuals 

with the worst lottery ranks (above a certain upper cutoff rank), as we have shown they are the most affected 

by the lottery. Our choice of research design provides an intuitive empirical framework with treatment 



16 

 

effect coefficients that are directly interpretable. It also maximizes the differential treatment intensity across 

the differentially affected experimental groups since it compares individuals who are most restricted to 

those who are least restricted in their choices. It also does not impose functional form assumptions on the 

underlying relationship between outcomes and lottery ranks. Specifically, it does not use the common linear 

in rank specification, where linearity seems less appropriate in our setting (given the patterns in Figure 1). 

In constructing our experimental groups, we need to make a choice of upper and lower lottery rank 

thresholds, which we do in the following way. First, to keep the experimental groups balanced with similar 

size, we use symmetric thresholds from above and below. Second, we pivot the analysis around the 30 

percent most treated and least treated, i.e., with cutoff ranks 0.30 from below and 0.70 from above (as 

illustrated by the vertical lines in Figure 1), and we vary this bandwidth from 20 to 40 percent in Appendix 

Table H.1. This choice trades off increased power from higher treatment intensity with decreased precision 

from reducing sample sizes, which is the reason we investigate a broad range of 20 pp in lottery ranks from 

above and below in our robustness analysis of the bandwidth choice.  

While we discuss our main results as the comparison between the treatment group and the control 

group, we systematically report estimates for the “middle” group of graduates with lottery ranks in the 

intermediate range for completeness and for shedding light on mechanisms. We provide plots for the full 

dynamics in outcomes from year 0 to year 15 and above for the treatment group, the middle group, and the 

control group (along with the control group’s 95-percent confidence intervals). At the bottom of each plot, 

we report the full vector of estimates for the treatment effects along with their standard errors and with 

counterfactual levels that pertain to the control group. On top of clearly displaying the treatment effects, 

these plots allow us to assess baseline gender gaps among the control groups of graduates who start with 

the best shock. In the appendix, we also provide an alternative specification for the long-run effects of the 

lottery for our main outcomes. Appendix Figure H.1 provides figures that non-parametrically plot the year 

10 and year 15 outcomes against lottery rank deciles. We additionally report on these appendix figures the 

coefficients from the corresponding linear in rank regressions on the underlying individual-level data. 

Estimating Equation. With this design, we identify the causal effects of the internship lottery using 

the following dynamic estimating equation: 

(1)                                               𝑦𝑖𝑡 = ∑ 𝐼𝜏 × 𝛼𝜏 +

15

𝜏=0

∑ 𝐼𝜏 × 𝑇𝑟𝑒𝑎𝑡𝑖 × 𝛽𝜏

15

𝜏=0

+ 𝜀𝑖𝑡 .  

In this specification, 𝑦𝑖𝑡 is the outcome of interest for individual 𝑖 at time 𝑡; 𝜏 is the year relative to the 

baseline period of the last full calendar year in medical school, normalized to year 0 (where year 1 represents 

the calendar year when the lottery takes place); and 𝐼𝜏 is a vector of indicators of time relative to the baseline 



17 

 

period in years. The variable 𝑇𝑟𝑒𝑎𝑡𝑖 is an indicator for being in the treatment group or in the control group.11 

We cluster standard errors at the individual level. Our parameters of interest are the elements of 𝛽𝜏, which 

estimate the dynamic causal effects of the lottery over 15 years after graduation. We summarize average 

treatment effects using 𝛽 from the following specification run over later periods (years 6-15): 

(2)                                                                𝑦𝑖𝑡 = 𝛼 + 𝛽 × 𝑇𝑟𝑒𝑎𝑡𝑖 + 𝜀𝑖𝑡 . 

Analysis Sample. Appendix Table C.2 describes our analysis sample and provides summary 

statistics for our treatment, middle, and control groups. Overall, the groups together consist of 10,073 

physicians. At the baseline period, our subjects are on average 27.5 years old and about half of them have 

a partner. Approximately 60 percent are female, with 3,970 male physicians and 6,103 females. Summary 

statistics that split the sample by gender are also provided in the same Appendix Table. 

5. Treatment Effects 

We now turn to our main analysis and investigate how the internship placement affects long-run 

career outcomes and choices differentially for males and females. 

5.1. Location 

We first consider the dynamics in a household’s geographic sorting given that the internship 

allocation system is strongly governed by location. Geographic sorting has direct effects on the amenities 

available to individuals and their families as well as on the local labor market in which the physicians 

operate. In the context of aggregate amenities, we will analyze sorting into a rural community, and, in the 

context of features of the labor market, we will analyze physicians’ affiliation with a university hospital. 

Panel A of Figure 4 illustrates the dynamic effects of the lottery on the probability of sorting into a 

rural municipality throughout our entire analysis window. To reiterate, this and subsequent figures provide 

the full dynamics of a given outcome from year 0 to at least year 15 after graduation for our three 

experimental groups, and we report at the bottom of each plot estimates for 𝛽𝜏 from equation (1) along with 

their standard errors and counterfactual levels from the control group. With location outcomes, the early 

years mechanically capture the first stage effect on the internship placement, particularly in year 2, which 

is the period when the internship placement is in full effect in the annual registers (that report location at 

the end of the calendar year). We see that receiving the worst lottery ranks leads to a large increase in the 

probability of interning in a rural locality across gender (10.9 pp for men on a baseline of 8.8 pp and 8.4 pp 

for women on a baseline of 10.2 pp). However, focusing on the longer run, we find lingering effects only 

among women. Specifically, 15 years after the treatment—long after the internship itself—women in the 

 
11 The treatment effects on the middle group for our main outcomes are reported in Appendix Table H.1, where we extend 

specification (1) to include the middle group as an additional category of treatment. 
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treatment group are 4.9 pp more likely to locate in a rural municipality relative to a counterfactual of 9.9 

pp among the control group. We find no significant effects for males. 

A major characteristic of the physician local labor market is whether there is a university hospital 

nearby as a potential employer, since prestigious and higher-paying positions in the medical field are often 

attached to university hospitals. Appendix Figure F.1 descriptively illustrates the large economic returns 

from having a job that is affiliated with a university hospital in the long run among both men and women. 

Panel B of Figure 4 then studies causal effects on working at a university hospital as an outcome over our 

analysis horizon. Again, the similar differential across gender in the immediate years (-35.4 pp for males 

and -37.8 pp for females in year 2) reflects that graduates who receive the worst lottery ranks are much less 

likely to complete an internship at a university hospital. In the long run, however, only females again are 

less likely to hold positions at university hospitals along with the returns that they bring. In year 15, the 

effect amounts to a decrease of 6.5 pp on a counterfactual level of 48.1 pp. 

5.2. Human Capital Investment 

 Next, we study the classic human capital investment of obtaining a PhD in Figure 5. The analysis 

for this outcome begins in year 5 as it is the period at which PhD completion begins to materialize following 

graduation from medical school. The findings reveal stark gender differentials. Males do not experience 

any adverse effects as a result of the treatment. However, females in the treatment group have significantly 

lower propensity to make this human capital investment. By year 15 (when investments reach the vicinity 

of their plateau as we have shown in Section 3.2), females’ lower investment rate amounts to a large decline 

of 5.2 pp in obtaining a PhD on a counterfactual of 29.7 pp. 

With our focus on occupational choice, this finding also speaks to gender-biased sorting into 

scientific careers. Indeed, gender inequality in science is a well-known phenomenon in the developed world 

(Holman et al. 2018, Huang et al. 2020). We calculate across our entire experimental sample that the male-

female gap in holding a medical PhD 15 years after graduation is 5.1 pp. This implies that the treatment 

effect can account for 31 percent of the observed gap.12 These effects are attributed to variation in the short 

internship period alone (out of the lengthy process of becoming a physician), underscoring just how 

important labor market sorting in the very early stages can be for women’s long-run careers. 

5.3. Occupational Choice 

Finally, we investigate our central outcome of occupational choice that determines physicians’ 

long-term careers and work-life balance. Figure 6 first investigates general patterns of time to medical 

specialization by plotting an indicator for whether the graduate has completed specialty requirements (in 

 
12 These assessments use the fact that those are individuals with the worst lottery numbers included in our treatment group who are 

adversely affected on this margin (as shown in Figure 5). As they compose 30 percent of the sample, our calculation is performed 

as follows: (5.2 × 0.3)/5.1 = 0.31. 
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panel A). We find no discernable effects among men but clear effects on specialization timing for women. 

Whereas women in all experimental groups converge to the same specialization rate by the end of our 

analysis window, women in the treatment group specialize earlier (as compared to both the middle and the 

treatment groups), and they accordingly spend less time accumulating human capital through training. 

Importantly, panel B of Figure 7 shows that the specialties that treated women sort into at higher 

rates are exactly the lower-paying female-represented specialties. Indeed, by year 15, women in the 

treatment group are 5.7 pp more likely to specialize in female-represented medical specialties on a 

counterfactual of 57.5 pp among women in the control group. As we have seen that overall completion rates 

converge by the end of the analysis horizon among women in all experimental groups, we see a 

corresponding lower sorting into higher-paying occupations. Panel C of Figure 7 shows that, by year 15, 

women in the treatment group are 5.3 pp less likely to sort into a male-represented occupations compared 

to the control group, whose baseline level is 16.6 pp. Our data on occupational choice allow us to push the 

horizon up to year 18. The long-run career sorting patterns are clear: women who experience early labor 

market setbacks are diverted away from the higher-paying male-represented specialties and show large 

increased propensities to follow careers in the lower-paying female-represented specialties. 

5.4. Long-Run Earnings Gap 

We have found that women in the treatment group, as opposed to men, end up forgoing important 

human capital investments and sort into lower-paying stereotypical career paths at higher rates. We 

conclude this section by aggregating our findings on labor market choices into the long-run implications 

for earnings and gender gaps. 

In our context, while we have experimental data over a long horizon, we expect the effects on the 

career-defining labor market choices that we studied to translate into effects on earnings only later. As we 

have seen in Appendix Figure F.1, the returns to major human capital investments, specifically obtaining a 

medical PhD, materialize only in the very long run (in fact, starting just after year 15). Current earnings are 

therefore insufficient for studying physicians’ long-run relative positions in the labor market in the analysis 

of their early careers, which is commonly known as the “life-cycle bias” (see, e.g., Black and Devereux 

2011). Indeed, Figure 7 displays no treatment effects on earnings over an analysis horizon of 17 years. 

Accordingly, we use the “surrogate index” method (Athey et al. 2019) as a solution to the common 

challenge in estimating longer-term impacts of treatments in cases where outcomes of interest are observed 

with a long delay. The method combines several intermediate outcomes into the “surrogate index,” which 

is the predicted value of the longer-term outcome given the intermediate outcomes (the “surrogates”) based 

on long-run observational data.13 We study the average treatment effect on the surrogate index for earnings 

 
13 Athey et al. (2019) show that the average treatment effect on the surrogate index equals the treatment effect on the long-term 

outcome under the assumption that the long-term outcome is independent of the treatment conditional on the surrogate index, which 
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predictions over the course of 35 years, comparing across our experimental groups. Appendix F.1 describes 

the full details of the earnings predictions implementation. 

Figure 8 presents the results in several ways. First, in panel A, we provide the full predicted earnings 

trajectories separately for men and women, where in each plot we provide three lines: one for the control 

group, one for the middle group, and one for the treatment group. Second, in panel B, we provide the 

predicted treatment effects on earnings for both men and women, capturing the level gaps from panel A, 

along with their 90-percent and 95-percent confidence intervals (to account for the decline in precision in 

our analysis over decades).14 Third, in panel C, we plot the predicted baseline gender earnings gap 

(estimated using the control group) as well as the additional earnings gap among physicians in the treatment 

group caused by the experiment as a share of the baseline earnings gap (calculated using the predicted 

treatment effects). 

Two key patterns stand out. First, we find that there is a gender gap that grows over time, echoing 

the typical pattern in high-skill professions (Bertrand, Goldin, and Katz 2010, Goldin 2014, Blau and Kahn 

2017, Goldin et al. 2017, Juhn and McCue 2017, Kleven, Landais, and Søgaard 2019). Second, in terms of 

treatment effects, there are no predicted long-run impacts on earnings for males as expected, reflecting the 

fact that they displayed no effects on the entire array of outcomes. In contrast, we find a widening effect 

for females. As there is no effect for males, the effects on females that grow over time translate into a 

growing gender gap in earnings that is causally attributable to the lottery, leading to gender gaps in earnings 

that are even larger for women in the treatment group. Our variation in physicians’ very first jobs increases 

the gender earnings gap by 10-15 percent over the decades after graduation. 

6. Mechanisms 

Our findings clearly and systematically show that women are much more sensitive to the initial bad 

shock of early labor market sorting. To understand why, we now explore key potential channels for this 

gender divergence. Analyzing fertility choices, along with search and mobility patterns, we find as a key 

explanation that the initial job-match bundle of location and career opportunities is important for women’s 

career-family trade-off. Being at the age at which they get married and form their families, the initial setback 

leads women to prioritize the family, as mirrored by earlier childbearing and increased completed fertility. 

Subsequently, they end up sorting at higher rates into careers in female-represented specialties, which offer 

more time flexible jobs but with significantly lower pay. Given the cultural norms of women as secondary 

movers, we find further evidence that affected women prioritize their families over job search in that they 

 
forms the “surrogacy condition.” This method improves on previously suggested methods that use only one surrogate outcome in 

that it weakens the standard surrogacy condition for a single variable, with the notion that there is a greater likelihood that a set of 

intermediate outcomes could together satisfy the surrogacy condition. 
14 Predicted effects for the middle group compared to the control group are reported in Appendix Figure F.3. 
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are more likely to remain stuck in the original location of their partners. Men, however, do not display any 

of these career-family trade-offs. Overall, the initial conditions lead women to specialize in home 

production, which then leads to larger differences in long-term career outcomes across men and women.  

6.1. Marriage and Fertility 

As we described in Section 3.2, we split the sample in the analysis of family choices by whether 

the individual was partnered or single at baseline. We begin by investigating marriage patterns. Across all 

subsamples, we find no systematic effects of the lottery on the likelihood of partnership (see Figure 9). 

Next, we investigate our central margin of fertility choices by studying the evolution of the number 

of children over the course of 15 years after the initial job placement (in Figure 10). We first note that there 

are no effects on the time path of the number of children for both genders among individuals who start their 

careers when they are already partnered. Single men also do not display any discernable effects. 

For women who are single at baseline, however, we find a clear and systematic pattern of impacts 

on fertility. First, single women in the treatment group start showing increased fertility compared to the 

control group in the years after graduation, which widens over several years and stabilizes thereafter. This 

reveals meaningful retiming patterns, so that single women who experience early career setbacks display 

clear effects of earlier childbearing along with their lower engagement in career enhancing activities (of 

further education or on-the-job specialty training). 

Second, we see that over the entire course of our analysis, fertility of women in the control group 

is systematically below and never catches up to fertility of women in the treatment group. Thus, the 

differential patterns seem to represent not only earlier childbearing but also differential completed fertility 

within our analysis horizon. To test the robustness of this hypothesis, we want to alleviate concerns that the 

long-run effect may be driven by a few large families among women in the treatment group (specifically as 

in later years we lose precision from narrowing sample sizes). We report in Appendix Figure G.3 the 

dynamics of fertility when we winsorize the number of children above their 99th percentile of 3 children 

(that is, at having 4 children or more). Our conclusions remain the same, as we indeed see that the persistent 

gaps go through all the way. Moreover, we have seen that by the end of our analysis period of 17 years 

fertility rates are very low (in Appendix Figure A.6), and we accordingly find that all our experimental 

groups reach a fertility plateau by then (in Figure 10 and Appendix Figure G.3). Finally, we have seen that 

women in the control group are more likely to sort into male-represented specialties where women tend to 

have fewer children, so that their number of children seems even less likely to catch up after our long 

analysis horizon. To put the magnitudes in context, the causal estimate in year 15 implies that at least 13 

percent of women in the control group would need to have 1 additional child each in order to catch up with 

the treatment group. These patterns all provide strong support for a considerable impact of the lottery on 
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completed fertility. We see similar effects on fertility among women in the middle group, which reveals 

important information that we come back to below when we describe their more nuanced dynamics. 

With the differential effect on fertility across partnered and single individuals, we rerun our entire 

analysis of labor market outcomes from Section 5, where we now split individuals by their baseline 

partnership status. The results are all reported in Appendix Figure G.1. As before, there are no effects on 

men, whether they were partnered or not. For women, we find that the bulk of the negative effects on labor 

market outcomes is concentrated among women who have entered the labor market single and have also 

faced the process of forming a new household. The time patterns show that as they begin having higher 

fertility compared to single women in the control group, single women in the treatment group then sort into 

the more flexible jobs in female-represented specialties at higher rates. The predicted impacts on long-run 

earnings are accordingly larger among them. This bolsters the hypothesis of the career-family trade-off as 

a main channel for the long-run career outcomes, as it is those who exhibit effects on family related choices 

who consequently bear the majority of the adverse career effects of the initial placement. 

The dynamics of women in the middle group provides further support. Recall that women in this 

group suffer career setbacks in terms of placements in lower-quality positions, but they remain close to 

their university hospital of origin during the internship (Figure 3). Earlier we found that they obtain PhD 

degrees at rates similar to the control group (Figure 5), likely facilitated by their proximity to their university 

of origin. Yet, we see now that their career setbacks still lead them to home specialization, as reflected in 

earlier and higher fertility (Figure 10), which ultimately diverts them back to the lower-paying female-

represented specialties at higher rates (Figure 6). Their specialization patterns are delayed by their further 

education (as illustrated in panel A of Appendix Figure A.4), so their occupational choices materialize only 

later when they converge to those of women in the treatment group (while women in the control group go 

in the direction of catching up with men as seen in panel C of Figure 6). These patterns point to the notion 

that even human capital investment does not manage to shield female physicians from the career costs of 

family responsibilities. Consistent with this hypothesis, Appendix Figure A.8 shows that among women 

with a medical PhD, the likelihood of going into male-represented specialty is still much lower for those 

with higher fertility. 

Finally, we find further support for this view in our predictions for earnings trajectories among 

women in the middle group (in panel H of Appendix Figure G.1). Consider first women in the middle group 

who are single at baseline, who are likewise the ones driving the fertility and occupational choice effects 

for this group. Despite their PhD completion rates that are similar to women in the control group, their 

predicted earnings converge to those of women in the treatment group with worst lottery ranks. In contrast, 

the earnings predictions of women who were partnered at baseline—and do not display changes in 

fertility—converge to those of women in the control group of best lottery ranks. In that sense, it raises the 
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possibility that women with greater family responsibilities might “overinvest” in their education (Chen and 

Chevalier 2012). Overall, the dynamics in outcomes among the middle group further points out that what 

crucially governs female professionals’ careers in the impacts of setbacks is indeed family responsibilities, 

even in the presence of further lengthy human capital investments. 

6.2. Search and Mobility 

The lack of any long run effects on men suggests they may engage in career-oriented actions in 

response to the lottery that may allow them to mitigate the potential adverse effects. A particular course of 

action we consider is search and mobility, which have been suggested in the classic work of Topel and 

Ward (1992) as a key driver of males’ careers. Accordingly, we are interested in testing the conjecture that 

males and females may display different search behavior in the labor market in response to initial 

placements. Recently studied margins in the context of differential search behavior by gender—in relation 

to women’s higher value of time flexibility, greater family responsibilities, and career penalties—are 

commuting and geographic relocation (Le Barbanchon et al. 2021; Caldwell and Danieli 2024). 

Accordingly, in panel A of Table 1 we first analyze the average effect of the lottery on commuting 

distances. The evidence shows that, in contrast to women, men in the treatment group commute further, 

thus widening their scope of labor market opportunities.15 This is consistent with the notion that higher 

willingness to commute further away from home could help mitigate males’ potential adverse effects from 

the lottery through differential search behavior. The second margin we investigate in relation to search is 

migration across labor markets. In our context of the tension between career and the family, we are 

particularly interested in studying whether physicians move their families around. To do so, we study as an 

outcome the physician’s propensity to reside within the baseline location of their spouse. In panel B of 

Table 1, we find a meaningfully decreased propensity among households of male physicians, revealing that 

men are more mobile and more likely to migrate their households across labor markets. There is no 

detectable effect among women.16 This is consistent with the cultural norm that women are secondary 

movers and that men, as primary movers, do not have the same career-family trade-offs and can move their 

families. These search patterns overall again point to the notion that, following the early setback, women 

prioritize their family and men prioritize their careers in their choices. 

 
15 The effect on men is on the order of 9 percent, with a treatment effect of 2.3 kilometers (km) on a baseline of 26.3 km. In their 

French setting, Le Barbanchon et al. (2021) report an average commuting distance of 21.3 km for men, which is 12 percent lower 

for women. In our setting of Danish physicians, commuting distances are of a similar order of magnitude as in the French setting, 

but with men and women in the control group displaying comparability (26.3 km for men and 26 km for women, see Table 1). 
16 It is worth noting that it is not the case that women are less likely to move from the exact location of their initial placement (see 

Appendix Table G.1). Instead, along with the findings that they are more likely to live in rural communities in the long run and that 

they do not migrate their families, the patterns suggest women in the treatment group remain stuck in the rural community in which 

they met their husbands. Our findings are then consistent with the fact that they formed their households in communities that display 

a higher degree of traditional gender norms as compared to urban locations (as seen in Appendix Table B.2). 
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6.3. Alternative Explanations 

Sensitivity to Workplace Characteristics and Potential Unequal Treatment. We assess the role 

of employer-side factors by investigating the potential role for workplace characteristics. The motivation 

for this analysis is the hypothesis that being unequally treated by the same entry-level employers could alter 

the career course of graduates differentially for males and females. We note that discrimination could 

manifest in this part of the analysis, but we refrain from giving such interpretation to our findings in the 

absence of variation and data that could speak to discrimination explicitly. 

We analyze whether men and women display differential sensitivity—in terms of their own post-

internship market-based placements—when they are exposed to internship employers who do better or 

worse in placing their interns in subsequent positions. The specific way in which we do this is by identifying 

hospital departments as unique employers and linking interns within a current employer to the interns’ next 

employer. An important dimension of the next position (as described earlier and for which we have 

consistent information to link across individuals and employers) is whether the next position is held at a 

university hospital. For each intern of a given gender, we calculate the leave-out-mean of how well their 

internship employer places its interns of the same gender in a university hospital later on. We refer to this 

measure as “employer intensity.” We then study interns’ “sensitivity” to “employer intensity” by regressing 

one’s own probability of being employed at a university hospital in their next position on the intensity of 

their internship employer. The benchmark for the slope of full passthrough is one. 

Table 2 reports the results. We first show, as before, that males and females are similarly affected 

in the first stage (with an effect that if anything is slightly higher for males), here in terms of how the lottery 

leads them to intern for employers who do worse in future placements (panel A). In comparison, however, 

we find that women’s outcomes display a higher sensitivity than men’s outcomes to their employer’s 

placement track record (economically and statistically), with an effect that is 30 percent larger for women 

(panel B). That is, we find similar exposure but differential sensitivity, so that the market penalizes women 

more than it does men for having interned in similarly bad placements. These patterns suggest that the 

gender divergence could be linked to unequal treatment by the market and illustrate how similar 

opportunities can still lead in practice to gender disparities in the labor market. Motivated by the literature,17 

one particular workplace characteristic in our context of gender, which could act as a mediator in the current 

analysis, is exposure to female role models. Indeed, we find that graduates with worse lottery ranks end up 

in internships that are much less likely to have supervisors or program department chairs who are female 

(panel C of Table 2). 

 
17 See, for example, Bettinger and Long (2005), Carrell et al. (2010), Blau et al. (2010), Dennehy and Dasgupta (2017), Kofoed 

and McGovney (2019), Porter and Serra (2020), and Ginther et al. (2020). 
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Differential Returns to Labor Market Investments. We have seen that the lottery leads to 

increases in the cost of career-related choices, specifically as it leads to earlier and higher fertility which 

has been shown to significantly penalize women in the labor market. An additional channel that could play 

a role in the effect differentials that we find is that men and women may have differential returns from 

similar labor market investments and choices. 

We refer back to our descriptive analysis of how earnings vary by whether the physician holds a 

medical PhD, specializes in a male-represented specialty, or works at a university hospital from Appendix 

Figure F.1. As we have seen, there are clear patterns of positive returns for both men and women that are 

on the same order of magnitude, but they indeed seem somewhat lower for women (see the long-run 

averages across years 16-35 reported on the plots). This needs, however, to be interpreted with caution for 

two reasons. First, within gender, the plots capture associations since they rely on comparisons across those 

who choose one path over the other. Second, across gender, the plots do not compare compensation 

schedules that hold labor supply profiles constant (either in total hours or in hours over the day/week). Since 

women tend to have higher costs of labor supply and time inflexibility as we discussed earlier, they may 

choose to work less or to work less hours in the higher-compensation times outside of regular schedules 

(Chen and Chevalier 2012, Jolly et al. 2014). Hence, the observed gender differentials in pay could still 

reflect cost differentials of labor supply to some degree. Overall, it seems that differential returns may play 

a role but future work that addresses the two caveats is needed for its investigation. 

7. Conclusion 

Using a randomized lottery that determines Danish physicians’ internship placements, we find that 

early career setbacks have far-reaching impacts on the long-run labor market outcomes of women. Our 

finding of women’s higher sensitivity to the initial bad shock offers a novel route that initiates and 

perpetuates gender inequality and gender-biased labor market norms. Our analysis highlights how persistent 

gender inequality can arise even in an institutionally equitable setting. As such, our findings imply that 

policies that aim to achieve outcome-based gender equality cannot only rely on leveling the starting playing 

field. Rather, such policies should target the ways in which these opportunities play out in practice and 

shape into gender-differential choices over the formative years of the early career. In this direction, we find 

strong evidence for differences in the career-family trade-off and women’s greater family responsibilities 

as a key channel that drives the gender differential in sensitivity to career setbacks. The patterns also suggest 

that, even in the presence of greater human capital investments, women’s careers are still ultimately 

governed by their family choices and responsibilities. Our findings provide novel empirical support for the 

view that closing the remaining gender gaps must involve structural changes in the labor market that 

facilitate flexible jobs for a more even accommodation of family responsibilities (Goldin 2014, Goldin and 

Katz 2011). 
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Figure 1: Patterns in Assignment to Internships 

A. Priority Order of Internship Assignment 

 
 

B. Priority Order of Internship Assignment by Gender 

 
 

 

Notes: This figure studies the mapping between choice rankings and placements as a function of the lottery. We plot individuals’ 

pre-placement ranking of the local labor market they were assigned to (where 1 denotes the highest priority) against the percentile 

rank of their lottery number within their graduating cohort. We use information on interns’ binding pre-placement rankings of 

all local labor markets, which have been solicited among the earlier cohorts (who graduated prior to 2008) as part of the allocation 

process. Panel A includes all graduates, and panel B splits graduates by gender.  
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Figure 2: Preferences over Entry-Level Positions by Gender 

A. Location 

 
         B. Hospitals: Internal Medicine vs. Surgery           C. Primary care: General Medicine vs. Psychiatry 

  
 

Notes: This figure compares male and female graduates’ revealed preferences over entry-level positions. Panel A compares 

preferences over local labor markets, where we analyze a measure for market desirability that reveals students’ location 

preferences through their lottery-based choices. We construct market rankings based on the average lottery rank of the interns 

who sort into it, separately for males and females. Each dot represents a local labor market, where the x-axis denotes male 

rankings and the y-axis denotes female rankings. We plot the fitted line and report its slope, where the benchmark of non-

differential ranking by gender is 1 (the 45-degree line). Panels B-C compare preferences over internship specialties. Within the 

primary positions in hospitals, interns can broadly choose between internal medicine and surgery, and, within the secondary 

positions in primary care, interns can choose between general medicine and psychiatry. For each gender, we split the sample by 

deciles according to lottery ranks. Then, for each of the two types of positions, we calculate over deciles the gender-specific 

cumulative probability of making a particular choice of specialty over the other. We plot the gender-specific CDFs against one 

another, where the 45-degree line again serves as a benchmark when preferences are similar across gender. We also plot the fitted 

line along with 95-percent confidence intervals and report its slope.   
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Figure 3: Choices Conditional on Lottery Rank and the First Stage 

A. Relocation Distance  B. Internship Ranked Quality 

    
C. Distance and Quality D. Distance and Quality by Gender 

  
 

Notes: These figures study patterns in internship choices conditional on lottery rank. Panel A plots a graduating student’s 

relocation distance against the student’s lottery rank split by gender. We calculate for each student the distance between their 

ZIP Code of residence at the time of the lottery and their ZIP Code of work at the time of the internship, which captures their 

“relocation distance.” Panel B investigates the quality of the internship a graduating student has been assigned to against the 

student’s lottery rank split by gender. We use ranked quality of the educational program (at the hospital-department level) as 

reported by interns in the exit surveys. We use the leave-one-out mean of the overall evaluation normalized by the overall mean 

and standard deviation of this measure (to create a z-score). Panel C plots the averages of relocation distance and internship 

quality together, for each of our experimental groups: best lottery ranks (the “control” group), middle range lottery ranks (the 

“middle” group), and the worst lottery ranks (the “treatment” group). Panel D splits panel C by gender. Panels C-D also display 

the corresponding 95-percent confidence intervals.   

      Control                          Middle                       Treatment       Control                             Middle                       Treatment 



Figure 4: Geographic Sorting 

A. Sorting into a Rural Labor Market 

Males Females 

  
  

B. Affiliation with a University Hospital 
Males Females 

  
Notes: This figure plots the impact of the lottery on geographic sorting. The x-axis denotes the year relative to the last full 

calendar year in medical school as the baseline period. We provide plots for the full dynamics of an outcome following graduation 

from medical school for the treatment group, the middle group, and the control group (along with the control group’s 95-percent 

confidence intervals). We report at the bottom of each plot estimates for 𝛽𝜏 from equation (1) along with their standard errors in 

parentheses and counterfactual levels from the control group. Panel A plots the probability of sorting into a rural local labor 

market. The outcome is an indicator for whether a physician resides in a rural municipality by the end of December in a given 

year. Estimations run to year 17 since 2021 is our last available calendar year in the demographic data. Panel B plots the 

probability of having an affiliation with a university hospital in November in a given year. Estimations run to year 16 since 2020 

is the last available year in the employment data. 

 

  



Figure 5: Human Capital Investment—Obtaining a Medical PhD 

 

Males Females 

  
Notes: This figure plots the impact of the lottery on human capital investment. The x-axis denotes the year relative to the last full 

calendar year in medical school as the baseline period. We provide plots for the full dynamics of an outcome following graduation 

from medical school for the treatment group, the middle group, and the control group (along with the control group’s 95-percent 

confidence intervals). We report at the bottom of each plot estimates for 𝛽𝜏 from equation (1) along with their standard errors in 

parentheses and counterfactual levels from the control group. The outcome is an indicator for having completed a medical PhD 

by the given year. Estimations run from when the outcome begins to materialize up to year 16 since 2020 is our last available 

completion year in the education registers. 

 

 

 

  



Figure 6: Timing of Occupational Choice 

A. Completion of a Medical Specialty (of Any Type) 

Males Females 

  
B. Completion of a Female-Represented Specialty 

Males Females 

  
C. Completion of a Male-Represented Specialty 

Males Females 

  
Notes: This figure plots the impact of the lottery on occupational choice. We plot the dynamics in medical specialty completion 

from when the outcome begins to materialize up to year 18 after graduation (as 2022 is our last available year in the specialization 

register) for our three experimental groups. We report at the bottom of each plot estimates for 𝛽𝜏 from equation (1) along with 

their standard errors in parentheses and counterfactual levels from the control group. Panel A studies completion of any medical 

specialty, and panels B-C split specialties into female-represented specialties and male-represented specialties. 



 Figure 7: Earnings Profiles 

 
Males Females 

  
 

Notes: This figure plots the impact of the lottery on log earnings. The x-axis denotes the year relative to the last full calendar 

year in medical school as the baseline period. We provide plots for the full dynamics of an outcome following graduation from 

medical school for the treatment group, the middle group, and the control group (along with the control group’s 95-percent 

confidence intervals). We report at the bottom of each plot estimates for 𝛽𝜏 from equation (1) along with their standard errors in 

parentheses and counterfactual levels from the control group. The outcome incorporates total compensation including annual 

wage earnings, net income from self-employment, and labor market pension contributions (analogous to employer contributions 

to 401(k)s). Compensation is measured pre-tax in 2017-prices (deflated by the Danish regions’ wage index). Estimations run 

from year 2 (which is the first full calendar year in the labor market given that the lottery takes place during year 1) up to year 

17 since 2021 is our last available calendar year in the income register. 

 

 

  



Figure 8: Predicted Long-Run Earnings 

A. Predicted Long-Run Earnings Profiles 
Males Females 

  
B. Predicted Long-Run Treatment Effects (Treatment vs. Control Group) 

Males Females 

  
C. Predicted Gender Earnings Gaps 

 
Notes: This figure investigates the long-run effects on total work compensation based on earnings predictions that run from year 

2 (the first full year of employment) to year 35 after graduation. See Appendix F.1 for details on our prediction procedure. 

Earnings incorporate total compensation, including annual wage earnings, net income from self-employment, and labor market 

pension contributions (analogous to employer contributions to 401(k)s). Panel A plots the predicted long-run earnings profiles 

for our three experimental groups split by gender. Panel B provides the predicted treatment effects on earnings for males and 

females, capturing the level gaps from panel A along with their 90-percent and 95-percent confidence intervals. In panel C, the 

blue line plots the predicted baseline gender earnings gap (which is estimated using the control group), and the red line plots the 

additional earnings gap among physicians in the treatment group caused by the experiment as a share of the baseline earnings 

gap (which is calculated using predicted treatment effects). Standard errors are bootstrapped to account for estimation error from 

the two steps of the surrogate index analysis. 



Figure 9: Likelihood of Partnership 

A. Partnered at Baseline 

Males Females 

  
 

B. Single at Baseline 
Males Females 

  
Notes: This figure plots the impact of the lottery on partnership. The x-axis denotes the year relative to the last full calendar year 

in medical school as the baseline period. We provide plots for the full dynamics of an outcome following graduation from medical 

school for the treatment group, the middle group, and the control group (along with the control group’s 95-percent confidence 

intervals). We report at the bottom of each plot estimates for 𝛽𝜏 from equation (1) along with their standard errors in parentheses 

and counterfactual levels from the control group. The outcome is an indicator for having a registered partner (married or 

cohabiting). Estimations run to year 17 since 2021 is our last available calendar year in the demographic registers. We split the 

sample by partnership status at baseline, studying physicians who were in a partnership in panel A and physicians who were 

single in panel B. 

  



Figure 10: Fertility 

A. Partnered at Baseline  

Males Females 

  
  

B. Single at Baseline 
Males Females 

  
 

Notes: This figure plots the impact of the lottery on fertility. The x-axis denotes the year relative to the last full calendar year in 

medical school as the baseline period. We provide plots for the dynamics of an outcome following graduation from medical 

school for the treatment group, the middle group, and the control group (along with the control group’s 95-percent confidence 

intervals). We report at the bottom of each plot estimates for 𝛽𝜏 from equation (1) along with their standard errors in parentheses 

and counterfactual levels from the control group. The outcome is the number of children of whom the physician is registered as 

a parent. Estimations run from year 6 (after the spikes in fertility among those single at baseline shown in Appendix Figure A.6) 

to year 17 since 2021 is our last available calendar year in the demographic registers. We split the sample by partnership status 

at baseline, studying physicians who were in a partnership in panel A and physicians who were single in panel B. 

 

  



Table 1: Search and Mobility 

 
 A. Commuting Distance  B. Living in Baseline Location of Partner 

 Males Females  Males Females 

Treatment Effect 2.2535 -0.5025  -0.0577 -0.0178 

 (1.0320) (0.7398)  (0.0193) (0.0158) 

Effect on Middle Group 0.6129 0.2210  -0.0391 0.0026 

 (0.9163) (0.7579)  (0.0182) (0.0149) 

Constant (Control Group) 26.3233 26.0107  0.4924 0.4559 

 (0.6906) (0.5644)  (0.0137) (0.0112) 

Observations 23,777 35,279  29,300 44,555 

Individuals 3,565 5,470  3,970 6,103 

 
Notes: This table studies search and mobility. In panel A we analyze the average effect of the lottery on commuting distances (in 

kilometers). In panel B we study a physician’s propensity to reside within the pre-lottery location of their current spouse. The 

table provides estimates of 𝛽 from equation (2) using years 6-15 after graduation. Robust standard errors clustered at the 

individual level are reported in parentheses. 

 
 



Table 2: Sensitivity to Workplace Characteristics 
 

 

A. Degree of Exposure to Employer Intensity  B. Sensitivity to Employer Intensity 

  Males Females   Males Females 

Treatment Effect -0.1673 -0.1432  Employer Intensity  0.4324 0.5785 

  (0.0081) (0.0061)   (0.0525) (0.0407) 

Effect on Middle Group -0.0675 -0.0542     

 (0.0075) (0.0058)     

Constant (Control Group) 0.4713 0.4460  Constant 0.2113 0.1555 

 (0.0056) (0.0044)    (0.0225) (0.0168) 

Individuals 3,005 5,155  Individuals 2,490 4,272 

 

C. Exposure to Female Role Models 

 Males Females 

Treatment Effect -0.1985 -0.1596 

  (0.0236) (0.0179) 

Effect on Middle Group -0.1066 -0.0706 

 (0.0216) (0.0170) 

Constant (Control Group) 0.5965 0.5936 

 (0.0162) (0.0128) 

Individuals 2,960 5,046 

 
Notes: This table investigates the role of employer-side factors as an explanation for the gender divergence in treatment effects. 

Employer intensity is defined as the leave-one-out mean of a hospital department’s propensity to place their interns in a university 

hospital in their subsequent positions by gender. Panel A provides estimates for interns’ exposure to employer intensity. Panel B 

provides estimates for interns’ sensitivity to employer intensity by regressing one’s own probability of being employed at a 

university hospital in their next position on the intensity of their internship employer. Panel C uses the internship exit surveys to 

investigate the effect of the lottery on the probability of exposure to female role models during the internship, which include the 

assigned supervisor and the program department chair. Robust standard errors are reported in parentheses. 
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