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Abstract

Do the long work hours required by many high-paying professions inhibit the entry of women? I inves-

tigate this question by studying a 2003 policy that capped the average workweek for medical residents

at 80 hours. Using data on the universe of U.S. medical school graduates, I find that when a specialty

reduces its weekly hours, more women enter the specialty, whereas there is little change in men’s entry. I

provide some evidence that the reform increases a specialty’s female fertility rate, implying that women’s

career paths diverge from men’s in part because long work hours differentially constrain female fertility

timing.
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1 Introduction

Over the last four decades, there has been a dramatic shift in the occupational choices of women in the
U.S., with the female share of graduates in law, medical, and business schools rising by a factor of five (Blau
et al., 2013). Despite the current near-equal representation of women and men entering these professional
occupations, there remain persistent earnings disparities between male and female professionals. For example,
recent statistics show that highly educated, full-time employed women earn 16 to 28 percent less than
comparable men. Furthermore, the largest component of this gap now accrues to gender differences within,
rather than across, broad occupational categories (Goldin, 2014; Blau and Kahn, 2017). This development
has prompted researchers to examine the way that jobs within occupations are structured and compensated.
One hypothesis, put forth by Claudia Goldin in her 2014 AEA Presidential Address, posits that convex
returns to working long, continuous, and particular hours in certain occupations are the main driver of the
remaining gender wage gap. Since women tend to work fewer hours than men and sort into positions with
greater time flexibility, they may be less likely to reap the returns associated with rigid time requirements
(Gicheva, 2013; Goldin, 2014; Cha and Weeden, 2014; Cortés and Pan, 2016). As of yet, there is little
evidence on whether time requirements differentially affect women’s propensity to enter a job and whether
reducing time requirements would indeed narrow the gender wage gap.

This paper investigates whether a job’s time requirements – particularly during the early years of in-
dividuals’ careers – serve as barrier to entry for women. The economics literature has widely theorized
that there are gender differences in preferences for occupational attributes, with women differentially valu-
ing those that make working more compatible with actual or anticipated family formation (Polachek, 1981;
Gronau, 1988; Adda et al., 2017). Empirical assessment of this hypothesis has presented researchers with a
challenge, however. One typically observes equilibrium sorting behavior, i.e., the occupational outcomes of
individuals, which is jointly determined by individual preferences, employer preferences, and occupational
attributes. Thus, the empirical fact that women are clustered in jobs with lower time requirements does not
alone imply gender differences in preferences for time requirements. For example, employer preferences over
worker characteristics could give rise to this pattern if women are less likely to be selected for time-intensive,
highly compensated positions due to human capital differences between men and women or employer dis-
crimination. Furthermore, even if one is able to abstract from employer preferences, it is not evident whether
women select into positions based on time requirements or another unobserved job attribute correlated with
time requirements, such as a competitive work environment.

This paper advances the literature by studying a setting in which there was a plausibly exogenous change
in the early career time requirements of a large professional occupation: physicians. Patterns in the medical
profession mirror the broader trends of male and female professionals. Similar to law and business, starting
in the mid-1970’s, an influx of women brought the fraction of U.S. medical school graduates who are female
to nearly 50 percent. Women and men, however, sort into different career paths within medicine, the first
stepping-stone of which is the choice of a medical specialty. A medical specialty represents not only an
individual’s future earnings potential and the content and style of professional practice, but also the more
immediate time demands during the training period, including the length and time intensity of medical
residency. Figure 1 provides a snapshot of the heterogeneity in male and female specialty outcomes for the
2002 cohort of U.S. medical school graduates. Panel A plots the share of a medical specialty that is female
against the specialty’s average hours worked per week during the second year of medical residency, while
Panel B plots the female share against the specialty’s hourly earnings for women during professional practice
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(post-residency).1 Consistent with the Goldin (2014) hypothesis, both relationships are negative, indicating
that women tend to be clustered in less time-intensive and less remunerative specialties.2

I formally assess whether a specialty’s time demands differentially influence women’s career choices by
studying the introduction in 2003 of a new policy by the Accreditation Council for Graduate Medical Ed-
ucation (ACGME) that restricted the workweek of medical residents to 80 hours. The impetus for this
reform was notably not related to notions of work-life balance or to promoting the participation of women
in time-intensive specialties. Rather, its introduction was triggered by mounting concerns regarding the
deleterious effects of medical resident fatigue on medical errors and patient safety (ACGME, 2002).3 The
motivation for and nature of this policy make it a particularly attractive setting in which to study the effect
of an occupation’s time requirements on individuals’ propensity to enter.

This paper’s empirical strategy exploits the timing of the ACGME reform and the fact that it was
differentially binding for medical specialties due to pre-existing differences in specialties’ weekly hours. Using
detailed data on the universe of U.S. medical school graduates from 1993 through 2010, I find that women are
more likely to enter a medical specialty after its residency hours are reduced, whereas there is little change
in men’s entry behavior. A reduction of four hours per week induces a 5 to 16 percent increase in the share
of women in a medical specialty. In contrast, there is, if anything, a slight decrease in the propensity of men
to select into time-intensive specialties due to the reduction in hours, which could be a direct consequence
of the new entry of women displacing men. The results are robust to various parameterizations of the pre-
policy time intensity of medical specialties, the inclusion of time-varying specialty controls, and alternative
methods of statistical inference.

The effects of the reform on female specialty entry could arise from changes in labor supply (medical
residents’ shifting preferences for specialties) or changes in labor demand (medical residency programs shifting
preferences or hiring practices for female applicants). By analyzing survey data on the stated preferences
of U.S. medical school students, I find that female medical school matriculants shift their preferences for
time-intensive specialties in response to the reform. The point estimates, while less precisely estimated,
are slightly larger than those from the specialty entry analysis and similarly differentiated by gender. This
evidence supports the interpretation that reform-induced changes in medical residents’ preferences are the
driving force behind the increased entry of women into time-intensive specialties.

This paper also contributes to our understanding of how interactions among non-pecuniary job attributes
determine the representation of women in an occupation. Within medical specialties, there remains substan-
tial variation in residency programs’ female representation as well as the incidence of family-friendly policies.
I document heterogeneity in the effects of the reform on female entry at the residency program level according
to baseline residency program attributes. The results demonstrate that gains in female representation due
to the reform were larger among programs with established female communities, as proxied by the baseline
fraction of residents and full-time faculty members who were female. In contrast, programs with and with-
out family-friendly policies – such as maternity leave and on-site childcare – experienced similar increases in

1There is a positive correlation (correlation coefficient of 0.81) between hours worked during residency and professional
practice, based on data reported in Iserson (2006). Fully trained physicians, however, have substantially more discretion over
their hours worked through choice of practice setting (solo, group practice, hospital, academic) and volume of patients.

2I focus on post-residency compensation since it is a closer proxy for lifetime earnings. The resident salary distribution
is highly compressed, with little variation across programs within specialties and across specialties (Nicholson, 2002; Agarwal,
2015).

3It is possible there is a productive purpose to working long hours – such as gains from the continuity of work – and
nonlinearities in pay arise from the implied imperfect substitutability of workers (Goldin, 2014). On the other hand, hours
could be inefficiently high if used as a screening mechanism (Landers et al., 1996). While I do not take a stand on the economic
efficiency of long work hours, evidence from the medical community suggests that the reform had little impact on the quality
of physician training and patient health outcomes (Volpp et al., 2013, 2007a,b; Jena et al., 2014a,b).
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female representation due to the reform. One interpretation of this result is that programs with established
female representation could be more amenable to hiring additional women. An alternative interpretation is
that female applicants could view same-gender role models and improvements in work hours as complements
rather than substitutes.

The remainder of the paper probes why women’s career path choices are more responsive than men’s to
a reduction in early career hours. Since medical residency coincides with women’s prime childbearing years,
it is plausible that women’s responsiveness to the reform could arise from a preference for having children
during residency training paired with women’s steeper trade-off between market and non-market time when
they do have children. I develop a conceptual framework in which physicians simultaneously choose a medical
specialty and whether to have children during residency, with women deriving more disutility from hours
worked when they have children. The model shows that a reduction in a specialty’s hours can induce more
women to enter the specialty, but yields an ambiguous prediction regarding the effect of an hours reduction
on a specialty’s female fertility rate. The ambiguity arises due to two potentially offsetting phenomena: the
effect of the reduction in hours on the fertility of inframarginal women (treatment effect) and the effect of
the hours reduction on the composition – in terms of preferences for childbearing – of women who enter time-
intensive specialties. Depending on the relative magnitudes of these responses and the fertility preferences
of the marginal female entrant, a specialty’s fertility rate can rise, fall, or stay the same in response to a
reduction in hours.

I empirically investigate the effect of work hours on the timing of women’s family formation. To do so, I
construct a novel linkage between the administrative physician data and Vital Statistics birth records from
two large states, California and Texas. With these data, I document a pronounced negative relationship
between a specialty’s pre-policy hours and women’s propensity to have children during residency. This
relationship is consistent with two explanations: work hours constrain female fertility timing or women select
into career paths based on their fertility timing preferences. I shed some light on these two mechanisms by
examining the effect of the reform on female fertility choices during residency. I find evidence that the reform
increases a specialty’s fertility rate during residency in California, but no evidence of an increase in Texas. In
California, a four hour per week reduction results in a 5 to 15 percent increase in a specialty’s fertility rate.
In interpreting these results, it is important to note that in California the effect of the reform on women’s
specialty entry is lower than the national estimates. This suggests that a substantial portion of the estimated
positive fertility effect is due to the relaxation of a constraint on childbearing for women who would have
chosen the specialty absent the reform. In Texas, there are large effects of the reform on specialty entry,
suggesting the possibility that the positive treatment effect is offset by the selection of new women, that
is, the marginal female entrants induced to enter due to the reform are less likely than the inframarginal
entrants to have children during residency. Considering the specialty entry and fertility findings in tandem,
these results indicate that time requirements during early careers are deterministic of women’s career paths
as well as the timing of their childbearing decisions.

As a final exercise, I return to the hypothesis in Goldin (2014) and assess the implications of the re-
arrangement of women across specialties due to reducing early career time requirements for the physician
gender wage gap. A back-of-the-envelope calculation suggests that the entry of women into historically
time-intensive and highly compensated specialties due to the reform could close the physician gender wage
gap by 13 percent.

To my knowledge, this paper is the first to use a natural experiment to estimate the causal effect of
early career hours requirements on the propensity of men and women to select into an occupation. While
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several papers document that men and women, on average, sort into positions with differing pecuniary
and non-pecuniary attributes, we still know relatively little about the extent to which time requirements
affect occupational segregation by gender. Recent research shows that highly educated mothers shift away
from occupations that experience increases in long hours during 1970 to 2010 (Cortés and Pan, 2016). In
addition, there is evidence that when women have children, they transition from occupations characterized
by long hours to those with more time flexibility (Pertold-Gebicka et al., 2016). Distinct from the previous
literature, the present paper uses a clear source of variation in a job’s time requirements stemming from
an unanticipated profession-wide policy change. This strategy limits concerns regarding the endogeneity of
changes in an occupation’s time demands as well as ameliorates threats regarding an unobserved correlate
of time requirements confounding the estimated relationship.

This paper also adds to an emerging literature on the relationship between work hours and the gender
wage gap. A few recent survey and field experiments investigate gender differences in the valuation of a
job’s time flexibility (Wiswall and Zafar, 2017; Mas and Pallais, 2017). These studies find that women have
a higher willingness to pay for predictable work hours and the availability of part-time work, but there is
no difference in men’s and women’s willingness to pay for the level of work hours. This literature, however,
has yet to examine the extremely long hours that are characteristic of many professional occupations. The
present paper fills this gap and provides results suggesting that reducing these long work hours spurs the
reallocation of women among career paths and could have substantial implications for the gender pay gap.

The structure of the paper is as follows. Section 2 provides background information on the medical
profession and the ACGME 2003 duty hour reform. Section 3 describes the data sources. Section 4 discusses
the empirical framework for examining the effect of hours requirements on specialty choice, presents the
main results on specialty entry and stated specialty preferences, and explores heterogeneity in the effect of
the reform by residency program attributes. Section 5 presents theoretical and empirical evidence on the
effect of hours requirements on fertility timing. Section 6 characterizes the implications of the reform for the
physician gender wage gap. Section 7 concludes.

2 Medical Profession and the Duty Hour Reform

2.1 Specialty Selection

The decision of which medical specialty to pursue represents the determination of a career path within
medicine, one that entails anticipatory human capital investments, a lengthy on-the-job training period, and
high switching costs. Acceptance into residency programs hinges on performance during medical school,
including scores from the U.S. Medical Licensing Exam (USMLE), medical school grades, letters of recom-
mendation, and evaluations from third and fourth year clinical rotations. Since medical school coursework
and the first portion of the USMLE occur early in medical school, as depicted in the medical school timeline
in Figure 2, students often plan years in advance in order to emerge a competitive applicant.

Students make their final decision regarding a medical specialty when they apply for residency programs
during the beginning of the fourth year of medical school. Residency programs then select applicants to
interview. After interviews are complete, programs submit ranked lists of applicants, and students submit
ranked lists of programs to the National Residency Matching Program (NRMP).4 The result of the NRMP
is a binding contractual agreement between the resident and the residency program. Selection of a medical
specialty is typically considered a precursor to residency program application, although around ten percent of

4Ophthalmology, Urology, and a small fraction of residency programs conduct their own matching outside of the NRMP.
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U.S. medical school graduates submit rank lists with residency programs from multiple specialties, meaning
residency program rankings can help determine students’ specialty outcomes (NRMP, 2000).

In addition to a specialty’s monetary payoff, factors that have been cited as influential in specialty choice
include the practice setting (hospital, solo practice, group practice), extent of interaction with patients,
intellectual content, and lifestyle considerations such as the number of hours and the extent to which the
specialty imposes idiosyncratic demands on one’s time through being “on call” (USDHHS, 2008; Nicholson,
2002; Newton and Grayson, 2003; Dorsey et al., 2003; Gagné and Léger, 2005). As discussed in the In-
troduction, patterns of specialty choice differ markedly by gender. Descriptive work by Sasser (2005) finds
that women tend to enter specialties with reduced hours, lower monetary penalties for having children, and
lower gender wage gaps. Ku (2011) finds that, upon entry into medical school, men’s and women’s different
preferences for medical specialties are partly explained by women’s greater emphasis on the social aspects of
medicine and men’s greater emphasis on the scientific/technical aspects of medicine. Current research has
not addressed whether specialties’ non-monetary attributes – in particular, time demands during residency
– exert a causal influence on specialty choice and whether these effects differ by gender.5

2.2 The Duty Hour Reform as a Natural Experiment

Since its inception in the early 1900s, medical residency has entailed long hours, frequent periods of being
“on call,” and little time off.6 Within the U.S. medical community, it was first recognized in the 1960s that
these long hours could lead to excessive fatigue. The issue of medical resident work hours rose to national
attention after the unexpected death of 18-year old college student Libby Zion in 1984, who was under the
care of an allegedly sleep-deprived first year medical resident (Ludmerer, 2015). In 2003, due to mounting
concerns regarding medical resident fatigue and sleep deprivation, and the associated heightened risk of
medical errors, the Accreditation Council for Graduate Medical Education (ACGME) adopted a set of rules
to limit the work hours of medical residents. Characterized as “one of the most substantial redesigns of the
country’s resident training system in more than a century” and a “watershed event for the ACGME,” the
new standards represented a departure from the near complete discretion afforded to medical specialties and
residency programs in determining the work schedules of their residents (Philibert et al., 2009; Yoon, 2007).
While there had been previous attempts at the state and federal level to regulate resident work hours, either
these efforts never came to fruition or the regulation was inadequately enforced.7 The ACGME 2003 duty
hour reform had four main provisions:

1. Capped number of hours per week at 80, averaged over a four week period

2. Mandated one day off per week, averaged over a four week period

3. Limited maximum shift length to 30 hours
5Agarwal (2015) estimates preferences for non-pecuniary attributes of residency programs within one specialty, Family

Medicine, and finds that residents are willing to pay for programs at larger hospitals, located in their home or medical school
state, and with a greater a range of cases. It is possible these characteristics vary across specialties and are deterministic of
specialty choice. As long as these attributes are stable over time, the empirical strategy in this paper will account for this
variation.

6In his 2015 book “Let Me Heal”, Kenneth Ludmerer describes pre-WWII medical residency with the following passage:
“Whatever the season, house officers worked very long hours. Typically, they were ’on call’ (that is admitting new patients
and handling unforeseen problems with patients already on the service) every other night. Once or twice a month, they had
weekends off, which customarily started Saturdays at noon and continued through the following Monday at 8 a.m” (Ludmerer
2015, p. 104).

7New York state legislated limits on resident duty hours in 1989, but most residency programs were found in violation of
the rules in 1998. Bills were introduced in 2002 in both the House of Representatives and the Senate to regulate resident hours,
and the Occupational Safety and Health Administration (OSHA) considered petitions along similar lines in 2001.
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4. Mandated a minimum 10 hours rest period in between shifts (ACGME, 2002).

Penalties for non-compliance with these provisions included residency program probation and potential loss
of accreditation, with monitoring through program audits and periodic surveying of medical residents. In
order to comply with the new policy, many residency programs decreased the frequency of being on call,
introduced separate day and night shifts (deemed “night float”), and hired physician extenders or medical
paraprofessionals to substitute for resident work hours (Philibert et al., 2009).

2.3 Did the Duty Hour Reform Reduce Hours?

To investigate whether the reform was effective in reducing hours worked among medical residents, I require
measures of resident work hours before and after its introduction. According to the monitoring data collected
by the ACGME, most residency programs are in compliance with the reform. But it is widely recognized
that the monitoring mechanism (resident self-reports of hours) may yield underestimates of hours worked due
to the desire to protect the residency program, pressure from residency program directors, or anchoring or
recall bias (Landrigan et al., 2006; Szymczak et al., 2010). In line with this conjecture, independent surveys
yield non-compliance rates that are substantially higher than those reported by the ACGME (Landrigan et
al., 2006). To minimize the potential for misreporting, I examine the effect of the reform on resident work
hours using the Current Population Survey (CPS), a nationally representative labor force data set collected
by the U.S. Census Bureau, and nationally representative surveys of medical residents collected pre-reform
or by non-ACGME researchers.

Figure 3 Panel A uses individual reports of hours worked in the previous week from the CPS monthly
files to plot the average weekly hours of physicians from 1989 through 2014 for medical residents and non-
resident physicians. As medical resident status is not observed in the CPS, I impute it based on an individual’s
age (<35), occupation (physician), and if the individual works in a hospital.8 In the years preceding the
introduction of the duty hour reform in 2003, medical residents worked, on average, 64 hours in the previous
week, well above the average of 51 hours worked by non-resident physicians. While there has been a smooth
secular decline in the hours of non-resident physicians, the hours for resident physicians do not mirror this
pattern (Staiger et al., 2010). Prior to the introduction of the reform, the hours for medical residents exhibit
no clear trend. Right after the introduction of the policy in 2003, there is a discrete drop of 4 hours per
week, with the reduction sustained over the subsequent years. Since the reform restricted average hours per
week to 80, we expect the upper end of the hours distribution to be primarily affected. Figure 3 Panel B
plots the fraction of physicians who worked more than 80 hours in the previous week separately for resident
and non-resident physicians. Consistent with the stipulations of the policy, right after its introduction in
2003, there is a precipitous fall of more than ten percentage points in the fraction of medical residents who
worked more than 80 hours per week, whereas there is little change among non-resident physicians.9

While the duty hour cap was common across all medical specialties, it should have had disproportionate
impacts on the most time-intensive specialties, such as General Surgery and Urology, where the typical

8As detailed in Staiger et al. (2010), according to the AMA Masterfile sample, 97 percent of physicians under 35 who work
in a hospital setting are medical residents. The patterns described in the text are robust to minor adjustments in the age range
of medical residents.

9Appendix Figure A.1 plots the trends in hours worked separately for men and women. Before the policy was enacted,
female residents worked, on average, six fewer hours per week than male residents, and were three percentage points less likely
to work more than 80 hours per week, likely an artifact of gender differences in specialty choice, with women tending to cluster
in less time-intensive specialties. Appendix Figure A.1 Panel A demonstrates the reduction in average hours after the reform is
concentrated primarily among men. Men experience a reduction of approximately six hours per week, while women experience
a more modest reduction of three hours per week. The fraction of women and men who work more than 80 hours per week
declines to approximately the same level after the reform is enacted (see Appendix Figure A.1 Panel B).
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resident pre-reform worked far in excess of 80 hours per week (Philibert et al., 2009). To confirm whether
this hypothesized pattern is substantiated by trends in hours worked by specialty, I use reports of hours
worked from three surveys of medical residents that were conducted either pre-reform by the ACGME or by
independent researchers. For a measure of pre-policy hours, I use data from a 1999 nationally representative
survey of 2,000 second year medical residents conducted by Baldwin Jr et al. (2003). To measure the change
in hours before and after the implementation of the reform, I use two nationally representative surveys
conducted by Landrigan et al. (2006), which collected reports of hours worked from approximately 2,700
first year residents in 2002 and 1,300 first year residents in 2003. Figure 4 plots for seven specialties the
change in hours immediately preceding and succeeding the introduction of the duty hour reform (2002/3 to
2003/4) against pre-policy hours levels in 1999, and confirms the negative relationship between historical
hours worked and the change in hours pre/post reform. As expected, average hours declined across all
specialties with pre-policy hours near or above 80, with the steepest reductions among the specialties with
the highest pre-policy hours.

I formalize the graphical relationship between pre-policy hours and the change in specialty hours before
and after the reform by estimating the following regression :

Hoursst = �0 + �1(Hourss,1999 ⇥ Postt) + ↵s + �t + ✏st (1)

where Hoursst is the average hours per week worked in specialty s in year t, where t = {2002, 2003}, ↵s are
specialty fixed effects, �t are year fixed effects, Hourss,1999 represents the measure of pre-policy hours, derived
from the 1999 survey of medical residents, and Postt is an indicator variable for years after the reform went
into effect. From this specification, the estimate of the coefficient of interest, �1, is �0.17 (standard error
of 0.04), meaning one additional pre-policy hour per week induces a 0.17 hour per week decline post-policy.
It is this variation in the extent to which the new standards were binding across specialties, in conjunction
with the timing of the reform, that forms the basis of the identification strategy outlined below.10

3 Data

3.1 Data Sources

In order to examine how physician specialty entry responds to the introduction of the ACGME duty hour
reform, I utilize the American Medical Association (AMA) Physician Masterfile (“Full Masterfile”), which
covers the universe of physicians in the U.S. The Full Masterfile assembles information from a variety of ad-
ministrative and survey data sources, and includes demographic characteristics (gender, age, and birthplace),
medical training history (medical school and year of graduation) and primary specialty. An individual’s in-
clusion in the Full Masterfile is triggered by entry into a U.S. medical school or U.S. medical residency
program. I classify specialties based on their pre-policy time intensity during residency training with use of
the previously discussed 1999 nationally representative survey of second year medical residents, conducted
by Baldwin Jr et al. (2003). Since information on hours is reported for 20 specialty categories,11 I crosswalk

10In addition to reducing the level of weekly hours, it is possible that the reform also affected the variance of weekly hours or
the predictability of schedules, which might be job attributes differentially valued by women. Unfortunately, I do not have data
on the variance of weekly hours. While the reform was not enforced post-residency, it is possible it affected post-residency hours
either through conditioning physicians to work fewer hours or through compositional changes to specialties. Figure 3 shows the
smooth evolution of non-resident physician hours after the reform, suggesting no major change in post-residency hours due to
the reform.

11The 20 specialties are: Anesthesiology, Dermatology, Emergency Medicine, Family Practice, Internal Medicine, Internal
Medicine/Pediatrics, Neurological Surgery, Neurology, Obstetrics/Gynecology, Ophthalmology, Orthopedic Surgery, Otolaryn-
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the more detailed specialty information in the AMA Masterfile to the coarser categories, using a classification
scheme provided by the Dartmouth Atlas.12 As a proxy for an individual’s medical school quality, I classify
medical schools according to whether they were included in U.S. News and World Report’s 2014 ranking of
U.S. medical schools, which includes about half of U.S. medical schools in its ranking.

I probe robustness of the Full Masterfile results using the American Association of Medical Colleges’
National Graduate Medical Education Census Track survey of residency program directors (“GME Census
Track”). This survey collects information on program-level attributes for every ACGME-accredited U.S.
residency program 1996-2010, including the number of female/male residents in each year of the program,
average hours per week worked by first year residents, provision of parental leave, availability of onsite child-
care, and gender composition of full-time faculty. While the Full Masterfile permits analysis of physicians’
eventual specialty choice – taking into account attrition from specialties during residency – the GME Census
Track permits analysis of physicians’ initial specialty choice. There are other distinctions between the data
sets that I discuss below. I compute specialty-specific baseline characteristics using the GME Census Track,
which I use as controls in the Full Masterfile analysis. I also use the GME Census Track to explore the
allocation of new entrants across residency programs according to baseline program attributes.

To test whether underlying preferences for specialties change as a result of the duty hour reform, I use
data from the AAMC Matriculating Student Questionnaire (MSQ), which is administered to all first year
U.S. medical school students. In survey years 1998-2006 and 2009-2010, students are asked the specialty
category they are considering upon enrollment in medical school. Twenty-six specialties are represented in
the MSQ and I again crosswalk these specialties to the 20 specialty categories described above.

For the subset of physicians who did any part of their residency training in California or Texas, I have
an additional extract of the AMA Masterfile that contains physician first and last names and detailed
information on residency training history, including the start/end date, and specialty (“CA/TX Masterfile”).
In order to analyze the effect of the reform on the family formation decisions of medical residents, I construct
a new linkage between the CA/TX Masterfile and Vital Statistics birth records from California and Texas,
for years 1993-2013.13 The birth records include parental identifiers (mother/father name, date and place
of birth), child birthdate and demographic characteristics. Due to the omission of father first name from
the CA digitized birth records, it is only possible to link female physicians. I conduct a probabilistic merge
using female physician first name, last name (maiden and/or current), year of birth, and birthplace (U.S.
state or country). Texas birth certificates additionally record mother occupation, which I use as a post-merge
verification of the quality of the match. The result of this merge is the fertility outcomes of female physicians
who started residency 1993-2010 in CA or TX. I limit the analysis to fertility outcomes during the first three
years of residency, since residency lasts at least three years. After residency training, a substantial fraction
of individuals move out of state, precluding observation of their fertility decisions in the state Vital Statistics
birth records. Additional information on all data sources is available in Appendix B.

gology, Pathology, Pediatrics, Physical Medicine/Rehabilitation, Psychiatry, Radiation Oncology, Radiology, General Surgery
and Urology. I exclude Preventive Medicine from the analysis since the survey sample size is fewer than five individuals and
Preventive Medicine residency programs accept no more than 10 individuals each year.

12The Dartmouth Atlas coding scheme is available at: http://www.dartmouthatlas.org/downloads/methods/research_methods.pdf.
13The Texas birth certificates were provided by the Texas Department of State Health Services. The California birth

certificates were provided by the California Office of Statewide Planning and Development.
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3.2 Sample Restrictions and Summary Statistics

For the main analysis of specialty entry using the Full Masterfile, I limit the sample to U.S. medical school
graduates from 1993 to 2010, which permits a ten-year and eight-year window before and after the introduc-
tion of the duty hour reform, respectively. The sample ends in 2010 in order to not confound the effects of
the 2003 reform with a subsequent reform implemented in 2011, which limited the maximum shift length of
first year medical residents to 16 hours. The timing of a physician’s residency training governs the exposure
to the duty hour reform. In the Full Masterfile, I do not observe residency start date, so I use medical
school graduation date as a proxy, which is an excellent approximation for U.S. medical school graduates
(USMG), more than 90 percent of whom proceed directly from medical school to residency training. Medical
school graduation date is a poor proxy for residency start date for foreign medical school graduates, many of
whom train initially in their home countries before training in the U.S.14 For this reason, I exclude foreign
graduates from the main analysis. I also exclude individuals who graduated from osteopathic medical schools
but participated in an M.D. residency program, as there is a high incidence of missing specialty information
among this population, which increases throughout the 1993-2010 period. I additionally exclude the 1.5
percent of individuals who do not have valid information on a primary specialty or have a medical school
graduation date/year of birth that would imply graduating from medical school at an unreasonable age (<16
or >60 years old). The final sample for the specialty entry analysis is 281,477 U.S. medical school graduates.
In Appendix Table A.1, I validate the sample for the specialty entry analysis with the official American
Association of Medical Colleges’ official data on U.S. medical school graduates. The sample restrictions I
impose reduce the sample of U.S. medical school graduates by at most three percent, with no apparent trend
over the analysis time period. For the fertility analysis, the sample is limited to female USMGs who started
residency training between 1993 and 2010, and completed the first three years of residency in California or
Texas.15 The age and missing specialty restrictions are also implemented. The final sample for the fertility
analysis is 12,580 female physicians in CA and 7,093 female physicians in TX.

Table 1 presents summary statistics for the Masterfile samples, with columns 1 to 3 reporting summary
statistics for the full sample, which includes foreign medical school graduates and osteopaths, and columns 4
to 6 reporting summary statistics for the USMG sample, which is the main sample used for the specialty entry
analysis. In each case, the sample is almost half female, with an average age at medical school graduation of
about 28 years. The exclusion of foreign graduates substantially increases the fraction of the sample that is
U.S. born and attended a ranked medical school, as expected. In the USMG sample, the vast majority were
born in the U.S. and about half attended medical schools included in U.S. News and World Report’s 2014
rankings. Since foreign medical school and osteopathic graduates comprise 32 percent of the full sample,
their exclusion is a nontrivial sample restriction. I therefore reproduce the specialty entry analysis with
the inclusion of foreign and osteopathic medical school graduates. All results are robust to their inclusion.
Appendix Table A.2 reports the pre-policy distribution of physicians across medical specialties, by gender.
For both men and women, the two largest specialties are Internal Medicine and Family Practice. After that,

14Using the more detailed information on residency training in CA/TX Masterfile, Appendix Figure A.2 plots the distribution
of the gap between medical school graduate year and residency start year for U.S. medical school graduates and foreign medical
school graduates, respectively.

15There are a few consequences of this data restriction. First, if an individual drops out of residency before the third year,
then she is not included in the sample. Approximately four percent of individuals complete the first year of residency in
California and have no information on the subsequent years of residency training, indicating that they did not proceed past the
first year. Second, if an individual completes one or two years of training in California, and then moves to another state for the
remainder of residency, then she will not be included in the sample. About 89 percent of individuals who complete their first
year of residency in California go on to complete the second and third year of training in California.
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we observe a divergence in the specialty entry patterns of men and women. The next largest specialties
for men are General Surgery, Pediatrics, and Emergency Medicine, while for women they are Pediatrics,
Obstetrics/Gynecology, and Psychiatry.

The bottom half of Table 1 presents summary statistics for the CA and TX samples, respectively. In
comparison to the female USMG sample, the CA sample is less likely to be born in the U.S., and is more
likely to have attended a ranked medical school. The TX female sample is comparable to the female USMG
population, with the exception that it is slightly younger. The final rows of the table report summary
statistics for female fertility outcomes during the first three years of residency. Among CA female medical
residents, the average number of children during the first three years of residency is 0.13, with 12 percent
of women having at least one child. In comparison to their counterparts in CA, female residents in TX are
much more likely to have children during residency, with 19 percent having at least one child and the average
number of children 0.20.

Summary statistics for the GME Census Track sample used in the residency program-level analysis and
the computation of specialty baseline characteristics are presented in Appendix Table A.3. I exclude survey
year 2000 due to its low response rate and the broad specialty Internal Medicine-Pediatrics due to inconsistent
coding over survey years. The sample drops residency programs that are small (1 resident) in any survey
year. None of these sample restrictions is consequential for the results. I aggregate the program-level data
to compute baseline specialty characteristics: the presence of a maternity leave policy and onsite childcare.
In the robustness check for the Full Masterfile specialty entry analysis, I use a sample from the GME Census
Track that is larger, namely, it does not impose a size restriction on residency programs and includes the
broad specialties Internal Medicine-Pediatrics and Transitional Year.16

4 The Effect of the Duty Hour Reform on Specialty Entry

In order to identify the effect of a specialty’s hours requirements on specialty entry, I rely on two sources of
variation: (1) the extent to which the duty hour reform was binding for a particular specialty, and (2) the
extent to which an individual was exposed to the policy change through the timing of residency training. The
first source of variation captures a specialty’s potential exposure to the provisions of the duty hour reform,
based on the specialty’s pre-policy time intensity. As shown in Figure 4, average hours declined across all
specialties with pre-policy hours near or above 80, with the steepest reductions among the specialties with the
highest pre-policy hours. The second source of variation stems from the timing of an individual’s residency
training. Medical school graduates who started residency training before 2003 were not aware of the hours
restrictions at the time they chose a specialty for medical residency. Medical school graduates who started
residency from 2003 onward, however, had the capacity to select their specialty, taking into consideration
the reduction in hours associated with the reform.

To transparently display the variation in specialty entry and hours, by gender, I compute the change in
the natural log share in each specialty before the policy went into effect (1993-2002) and after the policy
went into effect (2003-2010), separately for men and women. I plot the change in the log share against
the average hours of the specialty, as measured in the 1999 survey conducted by Baldwin Jr et al. (2003).
Figure 5 Panel A shows a positive correlation between changes in the female share and the pre-policy hours
of a specialty, whereas Panel B depicts a negative relationship for men. These patterns are consistent

16Due to the focus on first year residents, I also include residents who are completing a Transitional Year, which is one year
of general training required by certain residency programs/specialties. I classify the hours of Transitional Year residents using
information in Baldwin Jr et al. (2003). The exclusion of Transitional Year residents from this analysis does not change the
results.
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with women increasingly entering more time-intensive specialties after the reform went into effect, and the
potential displacement of men. In order to incorporate the full variation in specialty entry over this time
period and account for the polychotomous nature of specialty outcomes, I use a conditional logit model of
specialty entry. In addition to this non-linear specification, I estimate an OLS specification to demonstrate
robustness of the results.

4.1 Conditional Logit Evidence

I model the probability that individual i’s specialty outcome Ci is specialty s according to the following
conditional logit formulation:

Pr(Ci = s) =
exp(�TimeIntensitys + X0

i�s + D0
s⌘)

P

s02S exp(�TimeIntensitys0 + X0
i�s0 + D0

s0⌘)
(2)

where TimeIntensitys is the time intensity of specialty s during residency training, Xi is a vector of observable
individual characteristics, and Ds is a vector of other observable specialty attributes. The goal of the empirical
analysis is to estimate �, and compute the marginal effect of a specialty’s time intensity during the training
period on the probability of entering a specialty. The main challenge in obtaining an unbiased estimate of �
relates to omitted variable bias. Absent exogenous variation in specialty time intensity, it is unclear whether
it is this specific attribute or an omitted correlate that is driving an individual’s specialty outcome.17 High
hours specialties could, for example, possess other disamenities, including poor work conditions or a “macho”
culture, or could be the specialties for which individuals have a lower unobserved taste.

In order to isolate exogenous variation in the time intensity of medical specialties, I use the empirical
strategy outlined above that relies on medical school cohort and specialty variation. It leads to the following
specification:

Pr(Cit = s) =
exp(�1(Hourss,1999 ⇥ Transitiont) + �2(Hourss,1999 ⇥ Postt) + X0

i�s + ↵s)
P

s02S exp(�1(Hourss0,1999 ⇥ Transitiont) + �2(Hourss0,1999 ⇥ Postt) + X0
i�s0 + ↵s0)

(3)

where Cit represents the specialty outcome of individual i who graduated from medical school in year t,
Hourss,1999 represents a specialty’s pre-policy hours worked, Transitiont is an indicator for medical school
cohorts 2003-2005, and Postt is an indicator for medical school cohorts 2006-2010. Following other studies,
I allow the effect of the reform on specialty entry to evolve over time by splitting up the post-reform period
into a transition period (2003-2005) and a post period (2006-2010) (Babu et al., 2014; Jena et al., 2014b).
The coefficients �1 and �2 on the interaction terms capture the effect of a reduction in hours on the log
odds of entering a specialty. A positive �1 or �2 indicates that individuals are more likely to choose high
hours specialties relative to low hours specialties after the reform is introduced. The introduction of the time
dimension permits the inclusion of specialty fixed effects, ↵s, which capture time invariant characteristics of
or tastes for a particular specialty. In the empirical analysis, I additionally include controls for the effect
of other specialty attributes Ds – measured pre-policy – over time through the interaction of Ds with a
linear time trend. Time fixed effects are not identified in this model, since they enter as additive shifters in
both the numerator and denominator.18 I estimate the model using maximum likelihood. In order to gauge

17A similar concern arises in the industrial organization literature regarding potential biases in estimation of price elasticities
of demand in the absence of fully accounting for product characteristics.

18An individual’s specialty choice is the outcome of interest, and a time shifter affects all specialties uniformly, thus will have
no effect on the choice of a particular specialty. Specialty-time fixed effects cannot be included, since this is level of the policy
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whether there are gender differences in responses to the reform, the model is estimated separately for men
and women.

The identification strategy depends on the assumption that absent the reform, the log odds of entering
more and less time-intensive specialties would have followed similar paths over time. Although this assump-
tion is not directly testable, I probe its validity in a few ways. First, I examine the sorting patterns in the
years leading up to the reform through estimation of an event study version of equation 3, with medical
school graduates from 2002 serving as the reference group. If women, for example, were already increasingly
entering time-intensive specialties in the years preceding the reform, then I would not want to attribute their
entry to the reform. Second, I include individual controls to test the sensitivity of the �1 and �2 coefficients
to potential changes in the composition of the USMG population over this time period. If, for example,
younger students are more likely to enter time-intensive specialties, and younger students increased their
share among physicians over this time period, then I would not want to attribute the increased entry into
high hours specialties from these compositional changes to the reform. The individual-level controls available
to me in the Full Masterfile are age at medical school graduation year and medical school attended. I use
a binary classification of medical schools according to whether they are ranked by U.S. News and World
Report in 2014.19 Third, I test the robustness of the estimates to the inclusion of specialty-specific time
trends. Certain specialties and specialty groups exhibit strong pre-existing trends that are unrelated to the
reform. As noted above, Ob/Gyn is an outlier specialty in that it is highly time-intensive specialty, yet
women have entered en masse over the last thirty years. There has also been an extensively documented
declining interest in the Primary Care specialties: Family Practice, Internal Medicine and Pediatrics. To
gauge whether these trends are contributing to estimated effect of the reform, I include interactions of a
linear time trend with indicators for being primary care specialty or Ob/Gyn. Finally, I include linear time
trends in specialty characteristics from the GME Census Track data from 1996. The specialty characteristics
I include are the presence of an official maternity leave policy and onsite childcare.

Table 2 reports the average marginal effects associated with the coefficients �1 and �2 on the interaction
terms (Hourss,1999 ⇥ Transitiont) and (Hourss,1999 ⇥ Postt) from maximum likelihood estimation of the
conditional logit model specified in equation 3, separately for men and women. To compute average marginal
effects, I compute the marginal effects of (Hourss,1999 ⇥ Transitiont) and (Hourss,1999 ⇥ Postt) for each
specialty.20 Then I average over the specialty-specific marginal effects to arrive at an average marginal effect
of the reform on specialty entry. Standard errors are heteroskedastic robust. From Table 2 Panel A column
1, we observe that for women the effect of the reform during the Post period is positive and statistically
significant, indicating that after the introduction of the reform, women were more likely to choose high hours
specialties. An additional hour pre-policy increases the probability that women enter a specialty post-reform
by 0.022 percentage points. I will discuss the magnitude of these results below in Section 4.2. During the
Transition period, the effect of the reform is close to zero. For men, there is little change in their specialty
entry due to the reform. The coefficients are reported in Appendix Table A.4.

Next I test the robustness of the results to the inclusion of various controls. In column 2, I include a
time trend for Ob/Gyn and Primary Care specialties and find the results increase for women and decrease
for men. In column 3, I include individual level controls, age at medical school graduation and quality of
medical school attended. The main results are invariant to the inclusion of these individual controls. In

variation.
19The results are robust to using U.S. News and World Report rankings from 2000.
20The marginal effect of (Hourss,1999⇥Postt) for specialty s is 1

N

PN
i=1 pis ⇤(1�pis)⇤�2, where pis is the individual-specific

predicted probability of choosing specialty s.
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column 4, I include both age/medical school controls and these time trends, with results similar to column 2.
Column 5 controls for specialty baseline characteristics linear time trends and column 6 additionally includes
controls for individuals’ age/medical school. There remains a positive and significant effect of the reform
on women’s entry into more time-intensive specialties. Furthermore, all tests reject equality for the female
and male Post effects. For men, the effects are overall negative, which could be a direct consequence of the
increased entry of women displacing men.21

In order to test the validity of the identifying assumption – absent the introduction of the reform, the
log odds of choosing a more time-intensive specialty relative to a less time-intensive specialty would have
been stable over time – I estimate an event study version of equation 3, separately for men and women.
Figure 6 plots the year-by-year average marginal effects associated with the coefficients on interactions of
Hourss,1999 with medical school cohort fixed effects, with 2002 serving as the reference year. Starting with
the estimates from the female sample, depicted in Figure 6 Panel A, in the years before the reform, there
was no change in female entry into more time-intensive specialties. Almost immediately after the reform
was introduced in 2003, there was an upward trend in the marginal effects, which is indicative of a shift
toward more time-intensive specialties. For men, there is a negative pre-trend in specialty entry in the years
preceding the reform, meaning men’s entry into more time-intensive specialties was decreasing relative to
their entry into less time-intensive specialties. In the years after the reform, there is no apparent visual
change in men’s sorting behavior.

As observed in Figure 6 Panel A, the effect of the duty hour reform on female specialty entry appears
to increase over time. There are three possible reasons for this upward trend. First, consistent with the
discussion in Section 2.1 on human capital investments necessary for specialty selection, it would have been
difficult for students who were in the final years of medical school when the reform was introduced to change
their specialties. Second, in line with the discussion in Section 2.3, there may have been weaker effects
of the reform immediately after the roll out due to lagged implementation or imperfect compliance from
residency programs. While there was an immediate drop in the hours of medical residents in 2003, there
were further declines for the subsequent two to three years (Figure 3). Survey and anecdotal evidence also
reveal widespread noncompliance in the initial years post-reform (Landrigan et al., 2006). Third, it may
have taken some time for information regarding the efficacy of the reform to disseminate among medical
school students.

4.2 Ordinary Least Squares Evidence

To complement the conditional logit evidence, I estimate the following OLS difference-in-differences specifi-
cation:

ln shst = �0 + �1(Hourss,1999 ⇥ Transitiont) + �2(Hourss,1999 ⇥ Postt) + ↵s + �t + ✏st (4)

where the dependent variable is the natural logarithm of the share of individuals from medical school cohort
t in specialty s. I use the natural logarithm of the share rather than the linear share due to the right-skewed
distribution of specialty shares, depicted in Appendix Figure A.3. The independent variables are specialty
fixed effects ↵s and medical school cohort fixed effects �t. All other variables are as defined above in equation

21Female entry into a specialty does not have to be perfectly offset by male exit. Due to the limited growth in residency slots
over this time period and the fact that pre-reform some slots in time-intensive specialties went unfilled, there is the possibility
for modest specialty growth.
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3. The regression is estimated separately for men and women.22

Table 3 demonstrates that the OLS specification yields results that are consistent with those of conditional
logit. Starting with Panel A column 1, the Post coefficient for women is positive and significant, while the
coefficient during the Transition period is weaker and insignificant. For each additional hour pre-policy,
there is a 0.67 percent increase in the share of women that enter a specialty from 2006 to 2010.23 The 0.67
percent increase is similar to the marginal effect of 0.022 percentage points estimated in the conditional logit
specification, which represents a 0.44 percent increase over the average specialty share of 5 percent. Turning
to Panel B, the coefficients reveal there is little change in the specialty entry of men due to the reform and
– if anything – there is a negative response.

Similar to the conditional logit specification, I probe the validity of the identifying assumption through
the inclusion of specialty time trends and controls for changing physician demographic characteristics. With
the inclusion of Ob/Gyn and Primary Care time trends, both the female and male coefficients change little.
Column 3 controls for demographic characteristics of residents, including age at medical school graduation
and quality of medical school attended. Column 4 incorporates the Ob/Gyn, Primary Care, and demographic
controls. The main results are qualitatively similar and are also consistent with the conditional logit results.
Column 5 incorporates the specialty characteristic time trends from the GME Census Track data and coef-
ficients remain similar, but the standard errors rise. In column 6, I include all specialty-specific linear time
trends.24 Even in this restrictive specification, there remains a positive (yet imprecisely estimated) effect of
the reform on women’s entry into more time-intensive specialties. Note that I cannot reject that the column
6 female coefficient is not equal to any of the previous female coefficients.25

I present OLS graphical evidence of the effect of the reform on male and female specialty entry by
estimating the following specification:

ln shst = �0 +

2010
X

k=1993

�k(Hourss,1999 ⇥ {t = k}) + ↵s + �t + ✏st (5)

where the coefficients of interest are �k, the interactions of pre-policy specialty hours worked and the medical
school cohort fixed effects (Hourss,1999 ⇥ {t = k}). Figure 7 Panel A shows that, in the years before the
duty hour reform, there is little change in the entry of women into more time-intensive specialties relative to
less time-intensive specialties. After the reform was introduced in 2003, however, there is an upward trend
in the coefficients, which is indicative of a shift toward more time-intensive specialties. The joint significance
of the pre-policy coefficients has a p-value of 0.40. While the individual coefficients after the reform tend to
be imprecisely estimated, they are jointly significant with a p-value of less than 0.001.26 For men, there is
a negative (but statistically insignificant) pre-trend in specialty entry in the years preceding the duty hour
reform, meaning men’s entry into more time-intensive specialties was decreasing relative to their entry into
less time-intensive specialties. In the years after the reform, there is not a statistically significant change in
men’s propensity to enter more time-intensive specialties.

22Note that this specification yields the same coefficients as Berry logit – the OLS equivalent to conditional logit – where
the dependent variable is the log share in a specialty, normalized by the log share in an outside option specialty (Berry, 1994).

23Note that the dependent variable is multiplied by 100. Without this scaling, a one hour increase pre-policy raises the
female share of a specialty by 0.0067 log points. This is equivalent to a 0.67 percent increase in the share.

24I cannot include all specialty-specific time trends in the conditional logit specification due to non-concavity of the objective
function.

25As a further test of the sensitivity of the results to the trends of a particular specialty, I re-estimate equation (4) 20 times,
dropping one specialty each time. The results for both men and women are robust to this check. These results are available
upon request.

26The event study specifications cluster standard errors at the specialty level.
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I account for serial correlation in specialty entry by clustering standard errors at the specialty level
(Bertrand et al., 2004). Since estimation relies on 20 specialties, which is below the suggested number for
reliable statistical inference using standard errors clustered at the specialty level, I also compute the p-
values associated with wild cluster bootstrapped t-statistics and permutation tests that non-parametrically
approximate the distribution of treatment effects (Cameron et al., 2008).27 The wild cluster bootstrap and
randomization inference procedures are described in detail in Appendix C. Appendix Table A.5 reports
the results of alternative methods of statistical inference. The p-values from wild cluster bootstrapped t-
statistics and randomization inference are generally larger than the p-values from standard errors clustered
at the specialty level, but the results remain statistically significant in the majority of specifications.28

How large is the effect of the duty hour reform on female specialty entry? To answer this question, I
use the OLS estimates to compute the indirect least squares version of the instrumental variables estimator,
which is the ratio of the reduced form and first stage relationships (Angrist and Pischke, 2008).29 As a lower
bound (in magnitude) on the first stage relationship, I take the estimate of equation 1 using the survey data
on seven specialties immediately pre/post reform.30 As reported in Section 2.3, for each additional weekly
hour pre-reform, the policy causes a �0.17 decline in post-reform weekly hours. I construct an upper bound
on the first stage by assuming perfect compliance with the reform and arrive at an estimate of �0.55. I
compute the ratio of the effect of the reform on female specialty entry estimated in Table 3 column 1 of 0.67
percent and the lower (upper) bound first stage relationship of �0.17 (�0.55). Then I scale the per-hour
effect by four hours, which is the average reduction in weekly hours due to the reform across all specialties.
Putting these components together implies that a reduction of four hours per week in a specialty’s hours
during residency causes a 5 to 16 percent increase in the share of women who enter the specialty.31

4.3 Robustness

Parameterizations of hours: The results are robust to various parameterizations of pre-policy hours
requirements during residency (Appendix Tables A.6 and A.7). Column 1 repeats the main estimates from
Tables 2 and 3 using pre-policy average hours per week. Column 2 uses an alternative parameterization, also
sourced from Baldwin Jr et al. (2003), which measures the pre-policy fraction of residents in a specialty who
report working more than 80 hours per week. In column 3, I compute the pre-policy total time investment
for each specialty by multiplying the average pre-policy hours per week by the number of years of training
each specialty requires. The final parameterization is a binary classification of specialties based on whether
their pre-policy average weekly hours exceeded 80. The results for women remain positive and statistically
significant in the Post period. In the conditional logit, the classification based on total residency hours
(column 3) and the binary measure (column 4) yield positive estimates for both men and women, with the
female estimates remaining substantially larger than the male estimates.

27Bootstrapped standard errors additionally address the potential statistical inference issues associated with the fact that the
pre-policy average hours per week measure used to classify the historical time intensity of specialties is a generated regressor.

28I have also implemented two-way clustering of standard errors (at the specialty and cohort levels) to account for the fact
that increased entry into one specialty implies decreased entry into another specialty. The standard errors are nearly identical
to those from one-way clustering.

29I use the OLS estimates to maintain linear relationships across the first stage and reduced form. I cannot estimate two
stage least squares since I only have data on hours worked after the reform for seven specialties.

30This is considered a lower bound on the effect of the reform on specialty hours since hours were measured in the year the
reform went into effect. According to the qualitative literature, a considerable fraction of residency programs required additional
time to adjust their residents’ schedules.

31The calculations are: 0.67
�0.17 ⇥�4 = 15.76 and 0.67

�0.55 ⇥�4 = 4.87.
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Independence of irrelevant alternatives: The conditional logit specification assumes that the error
term is independently distributed, which leads to well-known limitations on the substitution patterns be-
tween specialties. Specifically, the independence of irrelevant alternatives (IIA) assumption in this context
imposes the restriction that the choice between two specialties is independent of other specialties in the
choice set. The IIA assumption is violated, for example, if the reduction of hours in Neurological Surgery
increases the probability of choosing Neurological Surgery overall, and differentially decreases the probabil-
ities of choosing General Surgery and Internal Medicine. Intuitively, this could occur if individuals view
Neurological Surgery and General Surgery as closer substitutes than Internal Medicine and Neurological
Surgery. In order to address this concern, I estimate a nested logit specification, which relaxes the IIA
assumption by permitting the substitution elasticities between specialties within a given nest to differ from
the substitution elasticities in other nests. I test three nest structures, using the Berry logit formulation of
conditional logit (Berry, 1994).32 The intuition behind these nests draws on a sequential decision-making
process, in which individuals first decide whether they want to work in the broad categories of, for example,
surgical or non-surgical specialties. Individuals then decide which of the specialties within the broad category
is most appealing. The first nest structure defines two nests based on whether a specialty is (1) surgical:
Neurological Surgery, General Surgery, Orthopedic Surgery or Urology, or (2) non-surgical. The second nest
structure defines three nests based on whether a specialty is (1) surgical (as previously defined), (2) primary
care: Family Practice, Internal Medicine, or Pediatrics, or (3) neither surgical nor primary care. The third
nest structure defines four nests based on whether a specialty is (1) surgical (as previously defined), (2)
primary care (as previously defined), (3) E-ROAD (lifestyle specialties): Emergency Medicine, Radiology,
Ophthalmology, Anesthesiology, or Dermatology or (4) in none of the previous categories. Appendix Table
A.8 reports the results. For women, the coefficients in the post-period remain positive and statistically
significant. The coefficients for men are negative, with the exception of the first nest. In all cases, the effect
of the reform is larger for women and statistically distinguishable from the effect for men.

Evidence on initial specialty entry from the GME Census Track data: The Full Masterfile contains
physicians’ most recent self-reported specialty, which is updated regularly through AMA surveys. This mea-
sure of specialty is cross-sectional and does not necessarily coincide with the specialty in which a physician
initially chose for residency training. Time-intensive specialties such as General Surgery and Anesthesiology
are known to have substantial attrition rates during residency. The reform could affect persistence in more
relative to less time-intensive specialties, leading to the measure of specialty entry analyzed from the Mas-
terfile combining effects on initial specialty entry and specialty persistence.33 To isolate whether physicians’
initial specialty entry is the driving force behind the main results, I turn to the GME Census Track data.
In every calendar year, the GME Census Track asks residency program directors to report the number of
male and female residents in each cohort of the program. Since these data are already aggregated to the

32I utilize the Berry logit formulation of conditional logit due to the fact that the maximum likelihood estimation of nested
logit did not converge for various nest structures. The Berry logit regression is: ln shst � ln sh0t = �0 + �1(Hourss,1999 ⇥
Transitiont) + �2(Hourss,1999 ⇥Postt) +↵s + �t + ✏st, where ln sh0t is the natural logarithm of the share of the outside option
specialty in year t. Note that the Berry logit regression yields identical coefficients �1 and �2 to the OLS specification in
equation 4. The nested logit version is: ln shst � ln sh0t = �0 + �1(Hourss,1999 ⇥ Transitiont) + �2(Hourss,1999 ⇥ Postt) +
lnnestshst +↵s + �t + ✏st, where lnnestshst is the natural logarithm of the share of specialty s of its respective nest in year t.

33Due to the cross-sectional data, age effects in specialty switching cannot be separated from cohort effects. Age effects
could represent a confound for the specialty entry analysis if individuals in more time-intensive specialties are more likely than
individuals in less time-intensive specialties to switch specialties. Since most specialty switching occurs during the first few years
of residency, the Full Masterfile measure of self-reported specialty should capture most within residency specialty switching. Of
interest here is whether the reform affected initial specialty choice or a combination of specialty choice and attrition during the
early years of residency training.
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program-year level, I aggregate further to the specialty-year level and estimate the OLS specification outlined
in equation 4 using the data on first-year USMG residents. The results are presented in Table 3 Panel II. The
coefficients are nearly identical to those estimated using the Full Masterfile, supporting the interpretation of
the reform affecting residents’ initial specialty entry.

Inclusion of foreign and osteopathic medical school graduates: The results are robust to the inclu-
sion foreign and osteopathic medical school graduates (Appendix Tables A.9 and A.10). The GME Census
Track results with the inclusion of foreign and osteopathic students also closely mirror the Full Masterfile
results.34 Event studies are presented in Appendix Figures A.4 and A.5. The qualitative patterns remain
the same.

4.4 Labor Supply or Labor Demand?

The above analysis demonstrates the reform increased women’s propensity to enter historically time intensive
specialties. This result could arise due to changes in physicians’ preferences for specialties (labor supply)
or changes in residency programs’ preferences for the types of physicians they hire (labor demand). The
reform could improve the hiring prospects of female applicants, if work hours were previously considered an
impediment to program success for women. On the other hand, if the willingness to opt into high hours
requirements was utilized by residency programs as a proxy for applicant quality and women are perceived as
having a lower willingness to work long hours (on average), then eliminating this screening mechanism could
have detrimental effects on female applicants’ prospects.35 One might surmise that residency programs
could expand in response to the reform and thus accommodate additional interest. Since residency slots
are subsidized by the U.S. federal government and this funding did not expand after the reform, programs
had limited financial resources to increase capacity. Using the GME Census Track residency program level
data on program size 1996-2010, I find the reform does not spur differential expansion in the availability of
residency slots in high versus low hours specialties (Appendix Table A.11).

These capacity constraints give rise to an additional reason the specialty entry analysis may not reflect
underlying changes in physicians’ preferences for specialties. When an individual decides on a medical
specialty, she could weigh the competitiveness of her application relative to the expected applicant pool. If
an individual anticipates having a low chance of being accepted into a residency program in a specialty, then
she may decide to pursue a specialty other than her unconstrained utility-maximizing choice. If individuals
would like to enter time-intensive specialties after the reform but cannot due to capacity constraints, the
resulting specialty entry changes will be downward biased relative to the unconstrained case.36

To disentangle the labor supply and the labor demand channels, I assess whether how the reform affected
stated preferences for specialties using data from the Association of American Medical Colleges (AAMC)

34Delayed entry into residency training from medical school was the rationale for excluding foreign and osteopathic medical
school students from the main analysis. Given the similarity of the results in the GME Census Track and Full Masterfile data,
it is clear this delay does not represent a substantial source of bias.

35This is similar to the unintended consequences for African Americans of “ban the box” policies (Agan and Starr, 2018;
Doleac and Hansen, 2017). In addition, affirmative action for female applicants could imply that similar labor supply responses
among men and women translate into greater female entry. In contrast, discriminatory attitudes toward female applicants
would have the opposite result.

36Nicholson (2002) investigates how estimates of medical students’ elasticity of specialty choice with respect to specialty
income are biased due to the omission of specialty rationing. He shows that by taking into consideration a medical student’s
subjective probability of being accepted to a specialty in their most preferred specialty in the NRMP, the income elasticity
estimates are substantially smaller than under a scenario in which rationing is not considered. The presence of rationing among
the most time-intensive specialties may introduce downward bias in the effect of a reduction in hours on specialty choice for
similar reasons.
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Matriculating Student Questionnaire (MSQ) on the specialty students are considering upon enrollment in
medical school, for students entering in years 1998-2006 and 2009-2010.37 Radiation Oncology and Internal
Medicine-Pediatrics excluded from the survey specialty options, so 18 of the 20 specialties used in the main
analysis are represented. I use these data to estimate equation 4, where the dependent variable is the natural
log share of women (men) in a medical school cohort who express interest in each specialty and the medical
school cohort indicates the year entering rather than exiting medical school.38

The results in Table 4 broadly support the interpretation that changes in residents’ preferences – rather
than residency programs’ preferences – are the primary driver of the effect of the reform on female specialty
entry. With the exception of the specification that includes all specialty-specific time trends, there is a
positive, and statistically significant effect of the reform on women’s stated preferences for more time-
intensive specialties. Analogous to the specialty entry results, the female coefficients are consistently larger
than the male coefficients, although due to large standard errors I cannot reject the null hypothesis that the
effects for women and men are the same. Using the estimates from column 1 and scaling by the first stage
lower and upper bounds, I find that a four hour per week reduction causes a 6 to 21 percent increase in
interest for women and a 2 to 8 percent (insignificant) increase for men. The male and female coefficients
in Table 4 are larger than the main estimates of the effect of the reform on specialty entry in Table 3,
which suggests that post-reform, the increased interest – for both women and men – could not be fully
accommodated by available residency slots.39

4.5 Implications for Talent Allocation

A growing literature suggests that the underrepresentation of women in certain occupations could arise
from occupational frictions that inhibit women from pursuing their comparative advantage in human capital
accumulation and occupational choice, leading to the misallocation of talent (Hsieh et al., 2016). If this
is the case, we would expect specialties with low female representation to have the most talented women.
Indeed, before the reform was introduced, there was a negative relationship between a specialty’s female
representation and the fraction of women in the specialty who attended a ranked medical school. In addition,
women in time-intensive specialties were more likely to have attended a ranked medical schools than their
male counterparts. The talent misallocation hypothesis also has implications for the marginal female entrant.
If the hours cap relaxes an occupational friction, then the marginal female induced to enter a time-intensive
specialty due to the reform should be of lower quality than the average female entrant.40

To test this prediction regarding the quality of the marginal female entrant, I estimate the following
specification:

37To test whether men and women were differentially responsive to the duty hour reform in their residency program appli-
cation behavior, the ideal data would contain the most preferred specialty listed in the NRMP rankings, by gender. I have not
been able to obtain these data.

38I continue to allow the effects of the reform to evolve over time due to the possibility of lagged implementation or information
dissemination.

39The MSQ data do not contain certain years in the pre- and post-periods that are covered in the Full Masterfile. Given
the increase in the effects the reform over time, it is possible that the omission of years 2008 and 2009 from the MSQ data
attenuates the estimates of the effect of the reform on specialty preference in the post-period.

40Another possibility is hours requirements serve as a screening mechanism for unobserved talent. In this scenario, we might
expect an observable characteristic such as medical school ranking to hold more weight in residency placement after the reform’s
implementation, leading to the new female entrants positively selected on this dimension.
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FractionRankedst = �0 + �1(Hourss,1999 ⇥ Transitiont) + �2(Hourss,1999 ⇥ Postt) + ↵s + �t + ✏st (6)

where FractionRankedst is the fraction of individuals in specialty s from medical school cohort t who
attended a ranked medical school. The specification is estimated separately for men and women. The
results are presented in Appendix Table A.12. In terms of quality differentiation, the new female entrants
are slightly less likely to come from a ranked medical school, with the coefficients implying a four hour
reduction reduces the fraction of female entrants from a ranked medical school by 0.9 to 2.8 percentage
points. This is consistent with women selecting into time-intensive specialties in part based on aptitude,
with the marginal female entrant of lower aptitude than the inframarginal women. It is interesting to note
that this compositional change is also present among male entrants, particularly in the period immediately
after the reform’s introduction, even absent an effect of the reform on men’s specialty entry.

4.6 Residency Program Drivers of Female Entry

Given the positive effect of the reform on women’s specialty entry, we would expect that after the reform,
female representation in residency programs in more time-intensive specialties would rise relative to programs
in less time-intensive specialties. In this section, I document this changing gender composition at the
residency program level and additionally examine how interactions among the non-pecuniary attributes of
residency programs determine the programs’ female representation. Specifically, I investigate heterogeneity
in the effects of the reform on female entry at the residency program level according to baseline residency
program attributes. Building on the literature on the effects of same-gender role models on career path
choice, the first set of attributes is related to programs’ baseline female representation, including female
representation among full-time physician faculty who supervise residents and among first year residents. The
second set of attributes captures whether programs have official policies to accommodate having children
during residency, including whether the program has a maternity leave policy (paid or unpaid) and provides
onsite childcare. The heterogeneity analysis will provide evidence regarding the characteristics of residency
programs that absorb new female entrants, either due to programs with those attributes being more amenable
to hiring women or due to female residency applicants preferring to work in programs with such attributes.

For this analysis, I employ residency-program level data from the GME Census track survey of residency
program directors for years 1996-2010. Summary statistics for the program-level analysis are reported in
Appendix Table A.3 for the overall GME Census Track sample and by specialty. The sample consists of
2,541 programs and 33,073 program-year observations, spanning 19 of the 20 broad specialties from the
above analysis.41 As expected, there is substantial variation across specialties in the female representation
among residents and faculty. In addition, there is a positive correlation between the fraction of the faculty
and the fraction of the residents who are female, a relationship that holds even within specialty. There is
far less variation in family-friendly policies across specialties. Before the reform, there is no relationship
between the female representation in a program and the program’s provision of maternity leave and onsite

41Similar to the specialty entry analysis using the GME Census Track, I exclude fellowship programs in sub-specialties (e.g.
Cardiology, Vascular Surgery) that require completion of a previous residency program before entry. I also exclude the broad
specialty Internal Medicine-Pediatrics, since it is inconsistently defined across years. I include residency programs that require a
transitional year or preliminary years of training in other specialties (e.g. Urology, Diagnostic Radiology). Residency programs
with one resident are excluded, but their inclusion does not substantially change the results. An unbalanced panel of programs
is used in the main specifications, with 94 percent of programs that meet the other sample restrictions observed at least 14
times throughout the 1996-2010 time period. Dropping the 6 percent of programs with fewer than 14 observations yields similar
results.
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childcare.42 Within medical specialties, there remains substantial variation in residency programs’ female
representation, demonstrated by the standard deviations in Appendix Table A.3, as well as in the incidence
of family-friendly policies.

I use the following specification to estimate the effect of the reform on a program’s gender composition:

FractionFemalepst = �0 + �1(Hoursps,1996 ⇥ Transitiont) + �2(Hoursps,1996 ⇥ Postt) + ↵p + �t + ✏pst (7)

where FractionFemalepst is the fraction of first year residents in program p in specialty s in year t who are
female, Hoursps,1996 are the average pre-policy hours per week, and ↵p are program fixed effects. Since the
survey asks residency program directors the average hours per week of first year residents, I use both the
1996 measure for pre-policy time intensity at the program level and the 1999 hours from Baldwin Jr et al.
(2003) at the specialty level.43 The results presented in Appendix Table A.13 demonstrate that the reform
has a positive and statistically significant effect on the fraction of residents in a program who are female.
Consistent with the specialty entry analysis, the effects are larger in the 2006-2010 (Post) period than in
the 2003-2005 (Transition) period; an additional hour pre-policy causes a 0.050 percentage point increase in
the fraction of residents in a program who are female in the Transition period and a 0.066 percentage point
increase in the Post period.

Next I test whether the effects of the reform are larger among programs that have higher baseline female
representation or family-friendly policies. I estimate equation 7 separately for programs above/below the
specialty-specific average for female representation and for programs with/without family-friendly policies,
where each of these classifications stems from the program’s 1996 survey response. The results are presented
in Table 5. In Panel A, the effect of the reform on the fraction of residents who are female is larger among
programs that have higher representation of women among their full-time physician faculty and residents.
This result is indicative of new female entrants selecting programs with an established female community
or, alternatively, programs with established female communities being more amenable to hiring new female
entrants after the reform.44 While this heterogeneous response is not causal, it is consistent with the
literature on the positive effects of female role models on women’s propensity to enter STEM careers and
points to a potential externality of increased female representation (Kahn and Ginther, 2018; Carrell et al.,
2010; Canes and Rosen, 1995). This result also suggests that female role models could be complements to
– rather than substitutes for – work hour requirements. Turning to the family-friendly policies, the reform
has a slightly larger effect on female representation in programs with a maternity leave policy, but there
is little difference in the reform’s effects based on the presence of onsite childcare. Overall, there is less
heterogeneity in the effects of the reform on female representation in residency programs based on official
policies that make residency more compatible with having children. This pattern could arise because women
do not value or anticipate using family-friendly policies. Alternatively, the existence of a policy may not

42I investigated the evolution of these program attributes over the 1996-2010 period. The provision of onsite childcare is
stable over this period and the reform does not have an effect on its provision. The fraction of faculty who are female rose over
this period, but not differentially across more and less time-intensive programs. Due to changes in the definition of maternity
leave policies between survey rounds, I cannot chart its pattern over time.

43Over 40 percent of the variation in hours across programs is accounted for by specialty alone, lending support to the
specialty-level analysis above.

44A third possibility is that programs with initially higher female representation experienced larger reductions in hours
and therefore attracted more women. This could be due to such programs having higher hours initially or exhibiting greater
compliance with the provisions of the reform. While I cannot investigate this possibility directly, I implement two tests.
First, I test whether pre-reform program female representation is associated with hours. Conditional on specialty, there is
no relationship between pre-reform female faculty/resident representation and hours. Second, I re-estimate the heterogeneity
specifications using the specialty-specific measure of hours, rather than the program-specific measure, and find similar patterns.
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capture the generosity of the policy or norms surrounding policy take-up.45

5 Investigating Fertility Timing as a Mechanism

In this section, I explore whether women’s greater response to early career hours requirements in their spe-
cialty choices stems from work hours constraining their actual or anticipated fertility decisions. Differential
demands on women’s time once they have children combined with the limited flexibility of the residency
training period position women to be more responsive to residency hours requirements in their career path
choices within medicine. Although residency comprises a small minority of physicians’ expected working
years, it tends to coincide with physicians’ late 20’s and early 30’s, which is a prime childbearing period
for women. During residency individuals have access to only limited or costly means to adjust their labor
supply on the extensive and intensive margins to accommodate their fertility choices.46 Due to biological
constraints, it could be costly in terms of fecundity for women to delay having children until after their train-
ing, particularly if they choose a specialty with a lengthy residency. When women have children, they may
face a steeper tradeoff between market and non-market time (relative to men with children and individuals
without children). This steeper tradeoff could arise from an increase in the productivity of home production,
taste-based preferences for spending more time at home, or social norms that induce women to spend more
time on parental duties than men.47

5.1 Conceptual Framework for Specialty and Fertility Choices

To guide our understanding of how a reduction in hours can potentially affect specialty and fertility deci-
sions, I model a physician’s choice of medical specialty and whether to have children during residency.48 The
model is formalized in Appendix D. Individuals have preferences over early career work hours (the comple-
ment of leisure), whether to have children during residency, and their post-residency wage. Specialties are
characterized as bundles of attributes: residency hours and post-residency wages, where the two attributes
are positively correlated. Men and women have the same preferences over the timing of children, residency
hours, and wages, with the exception that when women have children, they incur an additional disutility
from work hours. Individuals maximize their utility by choosing a specialty and whether to have children
during residency.

The framework generates the following predictions regarding specialty choice. Consistent with the empir-
ical evidence presented above, due to the additional disutility from hours worked when women have children,
women are less likely than men to enter high hours specialties. Furthermore, if the disutility of hours worked
when women have children is convex, then after the reform reduces the hours of high hours specialties, women
may be more likely than men to enter these specialties. This model prediction aligns with the findings of

45From a survey of female surgeons who completed residency in 2007 or later, 39% of those who had children during residency
reported having seriously considered dropping out of their program, with the 72% citing inadequate maternity leave (of no more
than 6 weeks) and lack of childcare support as contributing factors. Almost a third stated that they would discourage female
medical students from choosing a career in surgery (Rangel et al., 2018).

46Due to the natural progression from medical school to residency training, individuals have limited scope to adjust their
labor supply on the extensive margin through delaying their career investments. In order to be eligible for board certification,
medical specialty boards stipulate that a resident must not be absent for more than four to six weeks in a given year. Taking
additional time off from residency requires special permission. On the intensive margin, at the time the reform was implemented,
10 percent of residency programs offered part-time positions. In contrast, fully-trained physicians have more discretion over
their work hours through choice of practice setting and number of patients/procedures.

47Among young academic physicians, women engage in 8.5 more hours per week of domestic duties than their male counter-
parts and are more likely to take time off of work due to childcare disruptions (Jolly et al., 2014).

48This model abstracts from the decision to become a physician.
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the specialty entry analysis in Section 4. The framework also has the following predictions regarding female
fertility choices during residency. Women in high hours specialties are less likely than women in low hours
specialties and less likely than all men to have children during residency. This pattern is due to women
sorting into specialties based on their fertility preferences as well as, conditional on specialty, a subset of
women being constrained in their fertility choices by their work hours.49 Next, the reform should weakly
increase childbearing among inframarginal women in high hours specialties, that is, the women who would
have chosen a high hours specialty absent the reform. I will refer to this below as the “treatment effect” of
the reform on female fertility. Last, depending on distributional assumptions regarding model parameters,
the reform can cause the female fertility rate of high hours specialties to rise, fall, or stay the same. The
direction of the change in a specialty’s female fertility rate depends on the magnitude and composition of
the new entrants into high hours specialties and the magnitude of the effect of the reform on childbearing
among inframarginal women in high hours specialties. I will refer to this below as the “combined effect” of
the reform on female fertility, which incorporates the treatment and composition effects.

5.2 Descriptive Evidence on Fertility Timing

The fertility patterns of early career physicians are consistent with the baseline predictions of the model.
Even though residency occurs during women’s main reproductive years, a lower fraction of female than male
residents have children (Gabbe et al., 2003).50 Qualitative surveys provide further insight on this decision-
making process. Before the reform, female surgery residents reported reluctance to have children during
residency and perceived that men do not grapple with these concerns to a similar extent (Kellogg, 2011,
p. 80).51 Moreover, female physicians time their childbearing relative to their residency training, with the
years immediately after residency the most common time to have children (Hamilton et al., 2012; Turner et
al., 2012).52

I investigate the fertility patterns of California and Texas female residents using the linked Masterfile-Vital
Statistics data. Figure 8 plots the pre-policy relationship between a specialty’s female fertility rate during
the first three years of residency and average pre-policy weekly hours.53 Consistent with the conjectures
that work hours constrain women’s fertility choices or women choose specialties based in part on preferences
regarding the timing of their fertility, there is a negative relationship in both CA and TX.

5.3 Causal Evidence on Fertility Timing

In order to disentangle the treatment and compositional effects of the reform, I leverage heterogeneity in
the effects of the reform on specialty entry across cohorts and the two states. Recall from Section 4 that
the effects of the reform on female specialty entry are concentrated among the Post cohorts. I re-estimate
the specialty entry analysis separately for medical residents in CA and TX. In Appendix Table A.14, there

49Since individuals choose specialties – rather than hours worked during residency – it is possible that the hours within
their chosen specialty constrain their fertility choices. Some individuals will work more than their optimal hours, absent the
minimum time requirements to enter a specialty.

50This stands in contrast to childbearing patterns among every age, race/ethnic, and education group in the U.S. population,
where women’s average age at first birth falls below men’s and women are more likely than men to have had at least one child
(Matthews and Hamilton, 2014).

51After the reform, a female surgery resident participating in a qualitative survey commented that “[O]n a personal level,
the 80-hour workweek for me opened up surgery as an option...as a female and being a little bit older, I didn’t come straight
out of college into med school, I’m at a point in my life where I would have never even considered a specialty where I was here
120 hours a week” (Brooks and Bosk, 2012).

52Park and Rim (2017) document a similar pattern among partner-track lawyers.
53Due to confidentiality restrictions regarding small cells, the fertility rates for two specialties could not be reported.
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is clear heterogeneity in the specialty entry effects across the two states. In CA, the reform had a negligible
effect on women’s specialty entry and perhaps even a positive effect on male entry.54 In TX, the patterns
mirror the national results, with even stronger positive effects for women and negative effects for men.

With these state-specific specialty entry patterns in mind, I estimate the effect of an hours reduction on
female fertility timing using following physician-level specification:

Yist = �0 + �1(Hourss,1999 ⇥ Transitiont) + �2(Hourss,1999 ⇥ Postt) + ↵s + �t + X0
ist� + ✏ist (8)

where Yist is the fertility outcome of individual i from residency cohort t who entered specialty s, Hourss,1999
are the average pre-policy hours of specialty s, Transitiont is an indicator for starting residency training
2001-2005, Postt is an indicator for starting residency training 2006-2010, ↵s are specialty fixed effects,
�t are residency start year fixed effects, and X0

ist is a vector of individual-level controls, including age at
medical school graduation and medical school fixed effects. The omitted residency cohorts are 1993-2000.55

The identifying assumption for the analysis to yield unbiased estimates of the treatment and combined effects
of the reform on a specialty’s fertility rate, is that absent the reform, the fertility outcomes of individuals in
more and less time-intensive specialties would have evolved similarly over time. I estimate equation 8 using
the linked Masterfile-Vital Statistics data with the main outcome the number of children an individual has
during the first three years of residency training. The sample includes female U.S. medical school graduates
who started residency training in California or Texas between 1993 and 2010.

For CA, I use the fact that the reform does not appear to alter women’s specialty entry in order to
isolate the treatment effect discussed above: the effect of a reduction in hours on female fertility timing,
holding constant the composition of women in the specialty. The CA fertility results are presented in Table
6 Panel A. The �1 estimates imply that, holding the composition of a specialty constant, there is a positive
and statistically significant effect of the reform on a specialty’s fertility rate in CA. The results change little
with the inclusion of additional individual control variables or when the sample is restricted to individuals
without common last names to minimize the incidence of false positive matches. The coefficient �2 is
statistically indistinguishable from �1 but is smaller in magnitude and not significant. To provide a sense
for the magnitude of these effects, the �1 coefficient from column 3 implies that the reform increases the
number of children inframarginal female residents have during their first three years of residency by 0.00097.
Scaling this coefficient by the bounds on the first stage relationship, a four hour per week reduction due to
the reform corresponds to an increase of 0.007 to 0.02 children, amounting to a 5 to 15 percent rise over the
average pre-reform level.

I use an event study specification to examine the trends in fertility among women in more and less
time-intensive specialties in the years leading up to the reform. Appendix Figure A.6 Panel A plots the
year-by-year coefficients. There appears to be a slightly negative trend in the years preceding the reform.
Immediately after the reform is implemented, the coefficients increase substantially and are positive, but
the positive effects are not sustained post-2007. This pattern is consistent with the decline in the regression
coefficients between the Transition and Post periods.

54Given the weaker specialty entry results in CA, one might ask whether the reform was properly implemented. Pre-policy
residency hours in CA, as reported in the residency program survey, mirror those at the national level. Prior to the reform,
the representation of women across all specialties but particularly among time intensive specialties, was higher in CA than the
national average, which in turn was higher than the female representation in TX. It is possible there was less scope for growth
in female share in CA.

55Individuals who started residency in 2001 or 2002 were partially exposed to the reform, since they were in residency at the
time the reform was enacted. In equation (8), I combine this group with the control cohorts, who all finished their first three
years of residency before the reform was enacted. The results are robust to separately analyzing cohorts 2001 and 2002.
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Since the Transition and Post cohorts in Texas experience a positive effect of the reform on female specialty
entry, both �1 and �2 are estimates of the combined effect of the reform on a female fertility timing, which
incorporates the treatment effect and the entry of new women with potentially different fertility choices.
The results for Texas are reported in Table 6 Panel B and are imprecisely estimated, but overall negative.
In addition, the event study in Appendix Figure A.6 Panel B reveals little movement in the relative fertility
rates of more and less time-intensive specialties. Given the imprecise estimates, I proceed with caution
in interpreting the results. The negative coefficients could arise from compositional changes outweighing
a positive treatment effect. Why might the new female entrants be less likely to have children during
residency than the inframarginal women? The women induced to enter due to the reform could be willing
to forego having children during residency in order to access a higher wage specialty. Alternatively, the new
female entrants could use the additional leisure time to find a partner during residency and eventually have
children. A third explanation is the new female entrants could have preferences for early childbearing such
that they had children during medical school and already have childcare responsibilities but do not plan to
have children during residency. Last, it is possible that the new entrants’ anticipated fertility choices during
residency are not realized.56

While there is a clear negative relationship between a specialty’s pre-policy hours and its female fertility
rate, the causal evidence on the effect of the reform on female fertility is more mixed. The CA estimates
show that the fertility timing of women who would have chosen highly time-intensive specialties absent the
reform was constrained by their work hours. Female physicians are either postponing or foregoing having
children during their early careers in order to accommodate career investments. Although not precisely
estimated, the TX results suggest that restricting an occupation’s hours is not necessarily a policy that
promotes or accelerates childbearing, due to potential compositional changes from new entrants and their
changing fertility choices. Pairing the fertility results with the effects of the reform on women’s specialty
choice implies that women’s and men’s career paths diverge at least in part due to the time constraints these
career investments impose on women’s fertility choices.

6 Implications of the Reform for the Physician Gender Wage Gap

As discussed in the Introduction, Goldin (2014) posits that a key contributor to the remaining gender wage
gap is the presence of convex returns to working long hours, and women’s lower likelihood of reaping these
returns, either through their choice of job or choice of hours within a job. I assess the implications of the
entry of women into high hours, high compensation specialties due to the duty hour reform for physician
gender wage gap. There is evidence that the physician gender wage gap narrowed throughout the 1990s,
widened during the early 2000s, and stagnated in the late 2000s (Ly et al., 2016; Seabury et al., 2013; Lo
Sasso et al., 2011; Modestino, 2012). It is still too soon after the reform to be able to measure the earnings
of recent cohorts of physicians during professional practice (those who started residency in 2010 are just
entering the labor market at the time of writing). Instead, I use the estimates of the effect of the reform on
specialty entry and the average wage associated with each specialty in order to quantify the contribution of
a reduction in hours during residency to the physician gender wage gap.

56Another possibility is the first three years of residency analyzed in this paper do not adequately capture all residency
fertility, particularly in the more time-intensive specialties where residency lasts between five and seven years.
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For this exercise, I use specialty-specific average hourly earnings from the Community Tracking Study,
as reported in Leigh et al. (2010). One limitation of these data is the specialties covered are those that
require direct patient care and therefore exclude Anesthesiology, Pathology, and Radiology. I simulate the
gender pay gap before the introduction of the policy by computing the weighted average of specialty-specific
pay, ws, where the weights are the shares of men and women in each specialty pre-reform, shsg =

nsg

Ng
:

w̄g =

P

s wsshsg. According to this calculation, the pre-reform gender hourly earnings gap is $5.18 ($76.85
for men and $71.67 for women, all in 2004 dollars) or 6.7 percent. This disparity is smaller than the gap
in average salaries for male and female physicians reported elsewhere, likely due to the other estimates
incorporating gender differences in choice of specialty, practice setting, and hours worked (Lo Sasso et al.,
2011; Sasser, 2005). This measure, however, isolates the portion of physician gender pay gap that is due to
hourly pay differences across specialties alone.57

Quantifying the contribution of the reform to average female (male) hourly earnings entails a sum of
specialty-specific female (male) share changes due to the reform, weighted by specialty earnings: �w̄g =

P

s ws�shsg.58 The back of the envelope calculation suggests that, through specialty selection, the reform
will increase women’s average hourly earnings by $0.68. The change in male average hourly earnings implied
by this reform is zero, since men are unresponsive in their specialty entry decisions. Thus, the rearrangement
of women among medical specialties due to the duty hour reform will close the physician gender wage gap
by 13 percent.59 While this contribution to the physician pay gap may seem sizable, other estimates in
the literature indicate that women have a substantial willingness to pay for jobs with the availability of
part-time work or flexible scheduling. For example, Mas and Pallais (2017) find that female applicants
are willing to pay about two dollars more per hour than their male counterparts for a more flexible job, a
difference amounting to more than 20 percent of the offered wage. Cortés and Pan (2019) calculate that a
one standard deviation decrease in the gender gap in working long hours decreases the gender earnings gap
by 30 percent. Wiswall and Zafar (2017) estimate that, even after controlling for college major, the gender
earnings gap would be reduced by at least 25 percent if men and women had the same preferences over job
attributes. Adding to this body of evidence, my estimates suggest that a modest reduction in early career
time requirements could be instrumental in narrowing the gender pay gap.

7 Conclusion

Recent public debate on the gender wage gap has focused on two explanations. The first contends that
earnings differentials between men and women are primarily driven by women’s behavior or decision-making
in the workplace, such as their level of confidence and propensity to negotiate salaries or apply for promotions
(Sandberg, 2013). The second explanation cites institutional or organizational factors, such as inflexible job
characteristics, the absence of low-cost childcare, and lack of paid parental leave that may disproportionately
impede women’s entry into and upward mobility within occupations (Slaughter, 2015). This paper informs
the debate by empirically examining whether one non-monetary attribute of jobs in high-paying professions
– long, inflexible time requirements during early career years – differentially deters women from entering.
Using plausibly exogenous variation in weekly hours worked during medical residency stemming from the

57The gap remains a conservative estimate of hourly pay differences due to specialty choice, if hourly wages, conditional on
specialty, vary by gender.

58Specialty-specific share changes due to the reform are the difference between the predicted specialty shares before and
after the reform, with specialty shares in each period normalized to add up to one. I assume that specialty-specific pay is time
invariant.

59This calculation assumes that new female entrants would have earnings similar to prior cohorts of women working in these
specialties. The direction of the bias from compositional changes is theoretically ambiguous.
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introduction of the 2003 ACGME duty hour reform, I find that reducing a medical specialty’s work hours
induces more women to enter, but has little effect on men’s entry. Furthermore, the entry of women appears
to be due to changes in physician preferences for specialties, not a shift in residency program preferences for
hiring women. I estimate that the entry of women into historically time-intensive and high paying specialties
due to a modest four hour per week reduction could close the physician gender pay gap by 13 percent.

As the training and ramp-up periods for professional occupations tend to coincide with women’s prime
childbearing years, it has been widely postulated that women’s underrepresentation in highly compensated
tracks can be partially attributed to anticipated or actual conflicting demands of work and family. By
examining fertility choices during residency, descriptive and causal evidence are consistent with early career
hours requirements posing a constraint on female fertility timing.

Long work hours may serve a productive purpose, such as fostering skill acquisition, producing gains from
the continuity of work, or addressing the imperfect substitutability of workers. This paper demonstrates,
however, that the hours requirements ubiquitous among professional occupations have important implications
for occupational segregation by gender. From an equity perspective, reducing hours requirements could be
considered an effective tool alongside the many gender diversity initiatives enacted by employers. From an
efficiency perspective, as discussed by Hsieh et al. (2016), it is possible that long hours are an occupational
friction restricting the optimal allocation of talent in the labor market.
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Figure 1: Relationship between Female Representation in Medical Specialties and
Selected Specialty Characteristics

A. Female Share of Specialties and Average Weekly Hours during Residency

Ob-Gyn

Pediatrics

Dermatology
Med-Peds

Psychiatry Family Practice
Pathology

Internal Medicine

NeurologyPhysical Medicine
OphthalmologyEmergency Medicine

Anesthesiology General Surgery
OtolaryngologyRadiology

Radiation Oncology
Urology

Neuro Surgery

Orthopaedic Surgery

0
.2

.4
.6

.8
Fr

ac
tio

n 
Fe

m
al

e,
 2

00
2 

G
ra

ds

50 60 70 80 90 100 110
Weekly Residency Hours

B. Female Share of Specialties and Average Earnings Post-residency
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Source: AMA Physician Masterfile, Baldwin Jr et al. (2003), Leigh et al. (2010). Note: This figure plots the fraction of each
specialty that is female, using the 2002 U.S. medical school graduation cohort, against: in Panel A, the average hours per week
worked during the second year of medical residency from a survey of medical residents in 1998/9 by Baldwin Jr et al. (2003);
and in Panel B, average post-residency hourly earnings from the Community Tracking Study, as reported in Leigh et al. (2010).
The solid line in Panel A (B) represents the line of best fit from a regression of female share on hours (earnings).
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Figure 2: Medical School Timeline
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Figure 3: Hours Worked in the Prior Week among Resident and Non-Resident Physicians, 1989-2014
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Source: Current Population Survey, monthly files January 1989-December 2014. Note: Panel A plots the average number of
hours worked last week for physicians, separately for residents and non-residents. Panel B plots the fraction of physicians who
worked more than 80 hours last week, separately for residents and non-residents. Resident status is imputed based on age (<35)
and whether the individual works in a hospital. CPS sampling weights are used.
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Figure 4: Relationship between 1999 Hours and the Change in Hours 2002/3-2003/4, by Specialty
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Source: Baldwin Jr et al. (2003), Landrigan et al. (2006) and personal correspondence with author. Note: This figure plots
the average number of hours worked per week for second year medical resident physicians in 1999 on the x-axis. The change in
average hours per week between residency years 2003/4 and 2002/3 for first year residents is plotted on the y-axis.

36



Figure 5: Relationship between Change in Specialty Shares and Pre-Policy Specialty Hours

A. Women
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B. Men
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Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This figure plots the change in the natural log share of
women and men entering a medical specialty before (1993-2002) and after (2003-2010) the reform against a specialty’s average
pre-policy hours, for the sample of U.S. medical school graduates, 1993-2010. The line of best fit is from a regression of the
difference in log shares pre/post reform on pre-policy hours.
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Figure 6: The Effect of the Duty Hour Reform on Specialty Entry: Conditional Logit Event Study
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Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This figure plots the average marginal effects associated
with the coefficients from the conditional logit event study. The sample is U.S. medical school graduates, 1993-2010. The
dependent variable is specialty outcome and the explanatory variables are specialty fixed effects, and interactions of specialty
pre-policy average hours with medical school cohort fixed effects. Cohort 2002 is omitted as the reference year. The solid
line plots the average marginal effects of the interaction term (Hourss,1999 ⇥ Year). The dashed lines plot the 95% confidence
intervals based on heteroskedastic robust standard errors.
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Figure 7: The Effect of the Duty Hour Reform on Specialty Entry: OLS Event Study
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Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This figure plots the coefficients from the OLS event study
model. The dependent variable is the natural logarithm of the share of women (men) from a given medical school graduation
cohort in a specialty, multiplied by 100. The explanatory variables include specialty fixed effects, medical school graduation
cohort fixed effects, and specialty pre-policy hours interacted with indicator variables for medical school cohorts. Cohort 2002
serves as the reference year. The solid line plots the coefficients on the interaction term (Hourss,1999 ⇥Year). The dashed lines
plot the 95% confidence intervals based on standard errors clustered at the specialty level.
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Figure 8: Relationship between Pre-Policy Fertility and Hours Requirements
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Source: Source: AMA Physician Masterfile, California and Texas Vital Statistics birth records, Baldwin Jr et al. (2003) Note:
This figure plots the average number of children female physicians have during the first three years of residency against the
average pre-policy hours, by specialty. The CA (TX) sample includes female U.S. medical school graduates from years 1993
through 2010 who completed their first three years of residency training in CA (TX). Fertility during the first three years of
residency is computed according to the typical residency year: July-June. For example, if an individual starts residency in
2001, then fertility during the first three years of residency is determined based on July 2001 - June 2004.
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Table 1: Summary Statistics: Full and U.S. Medical School Graduate Samples

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

All Female Male All Female Male

Female 0.44 - - 0.44 - -

Age at Medical School Graduation 27.90 27.73 28.04 28.27 28.15 28.36
(3.67) (3.69) (3.64) (3.35) (3.44) (3.28)

U.S. Born 0.63 0.63 0.63 0.83 0.83 0.83

Attended Ranked Medical School 0.33 0.33 0.32 0.48 0.48 0.48

Foreign Medical School 0.24 0.24 0.24 - - -
Osteopathic Medical School 0.08 0.08 0.08 - - -

N 414,075 181,861 232,214 281,477 124,817 156,660

All Female Male All Female Male

Female 0.47 - - 0.43 - -

Age at Medical School Graduation 28.33 28.26 28.39 28.10 27.86 28.29
(3.05) (3.11) (2.99) (3.30) (3.23) (3.34)

U.S. Born 0.73 0.74 0.72 0.82 0.81 0.82

Attended Ranked Medical School 0.68 0.69 0.67 0.47 0.47 0.47

Fertility During Residency
Number of Children - 0.13 - - 0.20 -
Any Children - 0.12 - - 0.19 -

N 26,592 12,580 14,012 16,385 7,093 9,292

Full Sample USMG Sample  

California TexasPanel B: State Samples

Panel A: National Samples

Source AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: The Full Sample includes all medical school graduates from
years 1993 to 2010, including foreign medical school graduates and osteopaths. The USMG Sample includes only U.S. medical
school graduates from years 1993 through 2010. The California and Texas samples include USMGs who completed their first
three years of residency in CA or TX, respectively. Number of children denotes the number of children individuals had during
the first three years of residency. Medical school rank is determined by the inclusion of the medical school in U.S. News and
World Report 2014 rankings. Standard deviations are reported in parentheses.
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Table 2: The Effect of the Duty Hour Reform on Specialty Entry:
Conditional Logit Average Marginal Effects

Dependent Variable: Specialty Outcome (1) (2) (3) (4) (5) (6)

Panel A: Female

Average Weekly Hours × Transition 0.003 0.012*** 0.000 0.009** -0.003 -0.005
(0.0034) (0.0035) (0.0035) (0.0035) (0.0034) (0.0035)

Average Weekly Hours × Post 0.022*** 0.034*** 0.018*** 0.030*** 0.012*** 0.009***
(0.0027) (0.0029) (0.0028) (0.0029) (0.0028) (0.0028)

Individuals 124,817 124,817 124,817 124,817 124,817 124,817
Log-likelihood -304,698 -304,058 -302,860 -302,204 -304,344 -302,522

Panel B: Male

Average Weekly Hours × Transition -0.0020 -0.0059** -0.0011 -0.0049* -0.0099*** -0.0087***
(0.0026) (0.0026) (0.0026) (0.0026) (0.0026) (0.0026)

Average Weekly Hours × Post -0.0002 -0.0070*** 0.0010 -0.0057** -0.0120*** -0.0106***
(0.0022) (0.0021) (0.0022) (0.0022) (0.0022) (0.0022)

Individuals 156,660 156,660 156,660 156,660 156,660 156,660
Log-likelihood -410,063 -407,124 -407,448 -406,511 -409,443 -406,817

P-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.22 0.00 0.38 0.00 0.14 0.31
Average Weekly Hours × Post 0.00 0.00 0.00 0.00 0.00 0.00

Specialty FE X X X X X X
Ob/Gyn. and Primary Care specialty time trends X X
Controls for age, medical school rank X X X
Specialty characteristics trends X X

Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the results of maximum likelihood
estimation of a conditional logit model in which the baseline specification has specialty outcome as the dependent variable
and the explanatory variables include specialty fixed effects and specialty pre-policy hours (Hourss,1999) interacted with an
indicator for graduating medical school 2003-2005 (Transition) and 2006-2010 (Post). The average marginal effects associated
with the coefficient on the interaction terms from Appendix Table A.4 are reported. The average marginal effect is the average
of individual specialty-specific marginal effects for all individuals in the sample. Heteroskedastic robust standard errors are
reported in parentheses.
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Table 3: The Effect of the Duty Hour Reform on Specialty Entry: OLS

Dependent Variable: ln(Sharest)*100 (1) (2) (3) (4) (5) (6)

Panel A: Female

Average Weekly Hours × Transition 0.15 0.16 0.26 0.25 0.22 -0.01
(0.29) (0.23) (0.29) (0.23) (0.34) (0.37)

Average Weekly Hours × Post 0.67** 0.68*** 0.78** 0.77*** 0.79 0.41
(0.30) (0.20) (0.29) (0.20) (0.46) (0.57)

Panel B: Male

Average Weekly Hours × Transition -0.37 -0.28 -0.24 -0.19 -0.21 -0.16
(0.36) (0.23) (0.36) (0.23) (0.39) (0.36)

Average Weekly Hours × Post -0.27 -0.13 -0.15 -0.05 -0.02 0.07
(0.41) (0.24) (0.42) (0.25) (0.49) (0.42)

P-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.097 0.128 0.106 0.132 0.122 0.513
Average Weekly Hours × Post 0.001 0.001 0.001 0.001 0.001 0.425

N 360 360 360 360 360 360

Ob/Gyn. and Primary Care specialty time trends X X
Age/medical school controls X X
Specialty characteristics trends X
All specialty time trends X

Panel A: Female

Average Weekly Hours × Transition 0.12 0.12 - - 0.16 0.23
(0.25) (0.19) (0.27) (0.31)

Average Weekly Hours × Post 0.63* 0.63** - - 0.70* 0.82
(0.36) (0.30) (0.40) (0.63)

Panel B: Male

Average Weekly Hours × Transition -0.35 -0.30* - - -0.29 -0.07
(0.27) (0.17) (0.27) (0.22)

Average Weekly Hours × Post -0.30 -0.21 - - -0.20 0.19
(0.38) (0.27) (0.41) (0.34)

P-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.069 0.098 - - 0.063 0.248
Average Weekly Hours × Post 0.002 0.004 0.001 0.181

N 294 294 - - 294 294

Ob/Gyn. and Primary Care specialty time trends X
Specialty characteristics trends X
All specialty time trends X

I. Data Source: AMA Masterfile

II. Data Source: GME Census Track

Source: AMA Physician Masterfile, GME Census Track, Baldwin Jr et al. (2003). Note: This table reports the results of
the difference-in-differences OLS log share specification for specialty entry, estimated separately for men and women. The
dependent variable is the natural logarithm of the share of women (men) from a medical school graduation cohort in a specialty,
multiplied by 100. The explanatory variables include specialty fixed effects, medical school graduation cohort fixed effects,
and specialty pre-policy hours (Hourss,1999) interacted with an indicator for graduating medical school 2003-2005 (Transition)
and 2006-2010 (Post). Panel I uses the Full Masterfile data, 1993-2010, and specifications have 360 observations stemming
from the analysis of 20 specialties over 18 years. Panel II uses the GME Census Track data, 1996-2010 (omitting 2000), and
specifications have 294 observations stemming from the analysis of 21 specialties over 14 years. Column 1 reports the results
of the baseline specification with no additional controls. Columns 2-6 progressively include specialty-specific and demographic
controls. Standard errors clustered at the specialty level are reported in parentheses. The p-values at the bottom of each panel
are from a Wald test of the null hypothesis that the male and female coefficients are equal.
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Table 4: The Effect of the Duty Hour Reform on Stated Specialty Preference

Dependent Variable: ln(Sharest)*100 (1) (2) (3) (4)

Panel A: Female

Average Weekly Hours × Transition 0.32 0.30 0.37 -0.08
(0.43) (0.33) (0.42) (0.41)

Average Weekly Hours × Post 0.88* 0.85* 0.99* 0.06
(0.50) (0.44) (0.49) (0.56)

Panel B: Male

Average Weekly Hours × Transition 0.27 0.26 0.30 0.34
(0.44) (0.35) (0.44) (0.37)

Average Weekly Hours × Post 0.32 0.31 0.39 0.47
(0.52) (0.41) (0.55) (0.54)

P-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.843 0.872 0.799 0.297
Average Weekly Hours × Post 0.085 0.111 0.062 0.463

N 198 198 198 198

Ob/Gyn. and Primary Care specialty time trends X
Specialty characteristics trends X
All specialty time trends X

Source: AAMC Matriculating Student Questionnaire 1998-2007, 2010, Baldwin Jr et al. (2003). Note: This table reports the
results of the difference-in-differences specification for specialty stated preference, estimated separately for men and women.
The dependent variable is the natural logarithm of the share of women (men) who reported considering a specialty in the MSQ,
in a given survey year, multiplied by 100. The explanatory variables include specialty fixed effects, medical school graduation
cohort fixed effects and specialty pre-policy hours (Hourss,1999) interacted with an indicator for entering medical school 2003-
2005 (Transition) and 2006-2010 (Post). The coefficients on the interaction terms are reported. All specifications have 198
observations stemming from the analysis of 18 specialties over 11 years. Radiation Oncology and Internal Medicine-Pediatrics
are not included in the MSQ. Column 1 reports the results of the baseline specification with no additional controls. Columns
2-4 include time-varying specialty controls. Standard errors clustered at the specialty level are reported in parentheses.
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Table 5: Residency Program Drivers of Female Entry

Dependent Variable: FractionFemalepst (1) (2) (3) (4)

Faculty   
High

Faculty
Low   

Residents 
High

Residents 
Low

Average Weekly Hours × Transition 0.085*** 0.028 0.076** 0.040
(0.032) (0.032) (0.033) (0.030)

Average Weekly Hours × Post 0.098*** 0.043 0.101*** 0.041
(0.030) (0.028) (0.030) (0.028)

N 14,122 17,530 15,562 16,467

Maternity 
Leave Policy

No Maternity 
Leave Policy

Onsite 
Childcare

No Onsite 
Childcare

Average Weekly Hours × Transition 0.065** 0.061 0.051 0.056*
(0.026) (0.044) (0.039) (0.029)

Average Weekly Hours × Post 0.080*** 0.051 0.070* 0.075***
(0.025) (0.039) (0.036) (0.027)

N 21,556 9,968 12,042 18,430

Panel A: Female Representation

Panel B: Family-Friendly Policies

Source: AAMC GME Census Track, Baldwin Jr et al. (2003). Note: This table reports the results of the difference-in-
differences specification estimating the effect of the duty hour reform on residency program gender composition. The dependent
variable is the fraction of first year residents who are female in a given residency program for a given calendar year multiplied
by 100. The explanatory variables include program fixed effects, calendar year fixed effects and program-specific pre-policy
hours (Hourssp,1996) interacted with an indicator for entering residency in 2003-2005 (Transition) and 2006-2010 (Post). Panel
A examines heterogeneity in the effects of the reform on program gender composition based on baseline program gender
composition among full-time faculty and residents. Panel B examines heterogeneity in the effects of the reform by baseline
program availability of maternity leave and onsite childcare. Standard errors clustered at the program level are reported in
parentheses.
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Table 6: The Effect of the Duty Hour Reform on a Specialty’s Female Fertility Rate During Residency

Dependent Variable: (1) (2) (3) (4)
# children born during first three years of 
residency × 1000

Panel A: California 
Avg Weekly Hours × Transition 0.84* 0.90** 0.97** 1.08**

(0.46) (0.43) (0.44) (0.39)

Avg Weekly Hours × Post 0.64 0.78 0.77 0.94
(0.99) (0.95) (0.89) (0.93)

N 12,580 12,580 12,580 10,788

Panel B: Texas
Avg Weekly Hours × Transition -1.03 -0.98 -1.22 -0.79

(1.04) (1.04) (1.10) (1.07)

Avg Weekly Hours × Post -1.48 -1.34 -1.58 -1.21
(1.43) (1.39) (1.40) (1.36)

N 7,093 7,093 7,093 6,468

Age at medical school graduation FE X X X
Medical school FE X X
Exclude common names >50 X

Source: AMA Physician Masterfile, California and Texas Vital Statistics birth records, Baldwin Jr et al. (2003). Note: This
table reports the coefficients from a difference-in-differences regression of the number of children female physicians have during
the first three years of residency training on residency cohort fixed effects, specialty fixed effects, and the interaction of a
specialty’s hours during the second year of residency and an indicator variables for whether an individual started residency
during the transition period after the reform (Transition: 2001-2005) or the after the transition period (Post: 2006-2010).
The reference cohorts are individuals who started residency 1993-2000. Standard errors clustered at the specialty level are in
parentheses. The sample includes individuals who did their first three years of residency in CA (TX) and who started residency
training between 1993 and 2010. Fertility during the first three years of residency is computed according to the typical residency
year: July-June. For example, if an individual starts residency in 2001, then fertility during the first three years of residency is
determined based on July 2001 - June 2004. Columns 1 through 3 report results from regressions with the progressive inclusion
of covariates. In order to gauge the sensitivity of the results to the potential incidence of false positive matches between the
CA (TX) Sample and CA (TX) Vital Statistics data, column 4 excludes from sample individuals with common last names, as
defined by a frequency of 50+ in the CA (TX) Sample.
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A Supplemental Figures and Tables

Figures

Figure A.1: Hours Worked in the Prior Week among Male and Female Resident Physicians, 1989-2014

A. Average Hours
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Source: Current Population Survey, monthly files January 1989-December 2014. Panel A plots the average number of hours
worked last week for resident physicians, separately for men and women. Panel B plots the fraction of physicians who worked
more than 80 hours last week, separately for men and women. Resident status is imputed based on age (<35) and whether the
individual works in a hospital. CPS sampling weights are used.
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Figure A.2: Distribution of Difference between Residency Start Year and Medical School Graduation Year

A. U.S. Medical School Graduates
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Source: AMA Physician Masterfile Note: This figure plots distribution of the difference between medical school graduation year
and residency start year for individuals who graduated from U.S. medical schools and foreign medical schools and attended
residency training in California or Texas.
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Figure A.3: Distribution of Specialty Shares
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Source: AMA Physician Masterfile Note: This figure plots distribution of specialty shares for male and female U.S. medical
school graduates who graduated from medical school 1993 to 2010.
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Figure A.4: The Effect of the Reform on Specialty Entry: Conditional Logit Event Study
Inclusion of Foreign and Osteopathic Medical School Students
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Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This figure plots the average marginal effects from maximum
likelihood estimation of the conditional logit event study model for the sample of all medical school graduates, 1993-2010. The
dependent variable is specialty outcome and the explanatory variables are specialty fixed effects, and interactions of specialty
pre-policy average hours with medical school cohort fixed effects. Cohort 2002 is omitted as the reference year. The solid
line plots the average marginal effects of the interaction term (Hourss,1999 ⇥ Year). The dashed lines plot the 95% confidence
intervals based on heteroskedastic robust standard errors.
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Figure A.5: The Effect of the Duty Hour Reform on Specialty Entry: OLS Event Study
Inclusion of Foreign and Osteopathic Medical School Students
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Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This figure plots the estimated coefficients from the event
study model for the sample of all medical school graduates, 1993-2010. The dependent variable is the natural logarithm of
the share of women (men) from a given medical school graduation cohort in a specialty, multiplied by 100. The explanatory
variables include specialty fixed effects, medical school graduation cohort fixed effects and specialty pre-policy hours interacted
with an indicator variables for medical school cohorts. Cohort 2002 serves as the reference year. The solid line plots the
coefficients on the interaction term (Hourss,1999 ⇥Year). The dashed lines plot the 95% confidence intervals based on standard
errors clustered at the specialty level.
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Figure A.6: The Effect of the Duty Hour Reform on Female Fertility During Residency
Event Study
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Source: AMA Physician Masterfile, California and Texas Vital Statistics birth records, Baldwin Jr et al. (2003). Note: This
figure plots the results of an event study analysis of the effect of the duty hour reform on specialty fertility rates. The dependent
variable is an individual’s fertility during the first three years of residency, and the independent variables are residency start
year fixed effects, specialty fixed effects and the interaction of specialty pre-policy hours with residency start year fixed effects.
Residency cohort 2000 is omitted as the reference year. Standard errors are clustered at the specialty level. The solid line
plots coefficients on the interaction of average pre-policy hours and residency cohort fixed effects. The dashed lines plot the
95% confidence intervals. The sample includes individuals who did their first three years of residency in CA (TX) and who
started residency training between 1993 and 2010. Fertility during the first three years of residency is computed according to
the typical residency year: July-June. For example, if an individual starts residency in 2001, then fertility during the first three
years of residency is determined based on July 2001 - June 2004.
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Tables

Table A.1: Comparison of Masterfile Sample and AAMC Data on Medical School Graduates

(1) (2) (3)
USMG 
Sample  

1993-2010
AAMC Data % difference

1993 15,236 15,474 1.54
1994 15,238 15,504 1.72
1995 15,645 15,883 1.50
1996 15,612 15,895 1.78
1997 15,686 15,894 1.31
1998 15,679 15,972 1.83
1999 15,648 16,006 2.24
2000 15,393 15,716 2.06
2001 15,585 15,796 1.34
2002 15,373 15,676 1.93
2003 15,340 15,531 1.23
2004 15,779 15,829 0.32
2005 15,369 15,760 2.48
2006 15,681 15,927 1.54
2007 15,799 16,140 2.11
2008 15,937 16,168 1.43
2009 16,149 16,467 1.93
2010 16,328 16,838 3.03

Medical School 
Graduation Year

Source: AMA Physician Masterfile, American Association of Medical Colleges Data Warehouse Student Section. This table
reports the AAMC official number of graduates from U.S. medical schools and the Full Masterfile sample of graduates of U.S.
medical schools, by medical school graduation year.
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Table A.2: Pre-Policy Distribution of Men and Women across Specialties

(1) (2) (3)

Specialty

Avg Pre-
Policy 

Weekly 
Hours 

Male Share 
(%)

Female Share 
(%)

Pathology 56.7 1.8 2.4
Psychiatry 59.2 3.9 5.5
Dermatology 59.9 1.0 1.8
Physical medicine/rehab 64.2 1.5 1.1
Radiology 66.5 5.4 2.8
Radiation oncology 67.4 0.6 0.4
Family practice 67.6 14.5 18.3
Emergency medicine 71.0 6.1 3.3
Ophthalmology 72.4 2.3 1.5
Internal medicine 77.1 29.4 27.5
Internal medicine/peds 77.5 1.0 1.4
Anesthesiology 77.7 5.4 2.9
Pediatrics 78.1 6.1 16.2
Neurology 82.4 1.8 1.6
Otolaryngology 88.6 1.5 0.5
Obstetrics/Gynecology 90.8 2.9 8.6
Orthopedic surgery 93.8 4.3 0.5
Urology 98.5 1.3 0.3
General surgery 105.7 8.2 3.3
Neurological surgery 110.6 1.0 0.2

Baldwin

Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the distribution of men and women
across medical specialties for the pre-policy (1993-2002) cohorts of medical school graduates.
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Table A.3: Residency Program Summary Statistics for Program-Level Analysis

# Programs-
Years

Fraction 
Female among 

First Year 
Residents

# Programs

Fraction 
Female among 

First Year 
Residents

Fraction 
Female among 

Full-time 
Faculty 

Any Maternity 
Leave Policy

Onsite 
Childcare

All Programs 33,073 0.44 2,541 0.38 0.22 0.69 0.39
(0.27) (0.26) (0.16)

By Specialty
Anesthesiology 1,422 0.32 112 0.28 0.23 0.64 0.43

(0.18) (0.20) (0.10)

Dermatology 763 0.60 54 0.51 0.28 0.71 0.43
(0.28) (0.28) (0.18)

Emergency medicine 1,442 0.34 105 0.28 0.20 0.64 0.37
(0.17) (0.14) (0.12)

Family practice 4,997 0.51 393 0.45 0.26 0.65 0.34
(0.22) (0.21) (0.18)

General surgery 3,574 0.26 273 0.19 0.09 0.66 0.41
(0.20) (0.19) (0.12)

Internal medicine 4,839 0.41 366 0.36 0.21 0.78 0.39
(0.15) (0.16) (0.12)

Neurological surgery 144 0.11 12 0.03 0.02 0.6 0.27
(0.23) (0.07) (0.05)

Neurology 753 0.42 59 0.31 0.17 0.67 0.45
(0.26) (0.26) (0.11)

Obstetrics/Gynecology 3,133 0.74 238 0.65 0.28 0.66 0.36
(0.23) (0.25) (0.15)

Ophthalmology 1,099 0.35 92 0.31 0.15 0.79 0.33
(0.27) (0.27) (0.13)

Orthopedic surgery 1,602 0.10 114 0.07 0.05 0.57 0.39
(0.16) (0.13) (0.11)

Otolaryngology 573 0.25 44 0.22 0.09 0.60 0.42
(0.26) (0.24) (0.09)

Pathology 1,132 0.51 91 0.40 0.26 0.68 0.47
(0.25) (0.24) (0.13)

Pediatrics 2,553 0.68 194 0.62 0.37 0.68 0.42
(0.17) (0.17) (0.12)

Physical medicine/rehab 548 0.39 43 0.34 0.34 0.72 0.42
(0.25) (0.23) (0.13)

Psychiatry 1,968 0.52 149 0.47 0.27 0.74 0.41
(0.21) (0.22) (0.11)

Radiation oncology 137 0.32 14 0.29 0.24 0.58 0.50
(0.29) (0.22) (0.14)

Radiology 1,929 0.28 151 0.25 0.21 0.74 0.44
(0.21) (0.22) (0.12)

Urology 465 0.18 37 0.09 0.02 0.51 0.38
(0.25) (0.15) (0.05)

N 33,073 33,073 2,541 2,541 2,508 2,426 2,350

1996-2010 1996

Source: AAMC GME Census Track. Note: This table reports summary statistics for the sample of residency programs used
for the analysis of the effect of the duty hour reform on program gender composition. The data are comprised of an unbalanced
panel of residency programs 1996-2010 for 20 broad specialties, omitting 2000. Fellowship programs and small programs (those
with one resident in any survey year) are dropped. 55



Table A.4: The Effect of the Duty Hour Reform on Specialty Entry:
Conditional Logit Coefficients

Dependent Variable: Specialty Outcome (1) (2) (3) (4) (5) (6)

Panel A: Female

Average Weekly Hours × Transition 0.058 0.267*** 0.006 0.216*** -0.078 -0.124*
(0.072) (0.074) (0.073) (0.074) (0.072) (0.073)

Average Weekly Hours × Post 0.488*** 0.768*** 0.409*** 0.694*** 0.282*** 0.212***
(0.058) (0.061) (0.058) (0.062) (0.059) (0.059)

Individuals 124,817 124,817 124,817 124,817 124,817 124,817
Log-likelihood -304,698 -304,058 -302,860 -302,204 -304,344 -302,522

Panel B: Male

Average Weekly Hours × Transition -0.045 -0.132** -0.024 -0.108** -0.219*** -0.194***
(0.055) (0.054) (0.055) (0.055) (0.055) (0.056)

Average Weekly Hours × Post -0.003 -0.156*** 0.022 -0.128*** -0.266*** -0.235***
(0.046) (0.045) (0.046) (0.045) (0.047) (0.047)

Individuals 156,660 156,660 156,660 156,660 156,660 156,660
Log-likelihood -410,063 -407,124 -407,448 -406,511 -409,443 -406,817

P-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.25 0.25 0.75 0.00 0.12 0.44
Average Weekly Hours × Post 0.00 0.00 0.00 0.00 0.00 0.00

Specialty FE X X X X X X
Ob/Gyn. and Primary Care specialty time trends X X
Controls for age, medical school rank X X X
Specialty characteristics trends X X

Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the results of maximum likelihood
estimation of a conditional logit model in which the baseline specification has specialty outcome as the dependent variable
and the explanatory variables include specialty fixed effects and specialty pre-policy hours (Hourss,1999) interacted with an
indicator for graduating medical school 2003-2005 (Transition) and 2006-2010 (Post). Heteroskedastic robust standard errors
are reported in parentheses.
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Table A.5: The Effect of the Duty Hour Reform on Specialty Entry:
Alternative Methods of Statistical Inference

Dependent Variable: ln(Sharest)*100 (1) (2) (3) (4) (5) (6)

Panel A: Female

Average Weekly Hours × Transition 0.15 0.16 0.26 0.25 0.17 -0.01
[0.616] [0.496] [0.387] [0.307] [0.579] [0.971]
{0.635} {0.492} {0.392} {0.300} {0.599} {0.955}
(0.741) (0.604) (0.484) (0.426) (0.644) (0.998)

Average Weekly Hours × Post 0.67 0.68 0.78 0.77 0.70 0.41
[0.038] [0.003] [0.015] [0.001] [0.051] [0.488]
{0.072} {0.004} {0.022} {0.000} {0.076} {0.555}
(0.092) (0.046) (0.060) (0.036) (0.114) (0.346)

Panel B: Male

Average Weekly Hours × Transition -0.37 -0.28 -0.24 -0.19 -0.34 -0.16
[0.317] [0.234] [0.512] [0.411] [0.380] [0.673]
{0.306} {0.214} {0.531} {0.452} {0.422} {0.639}
(0.366) (0.333) (0.499) (0.510) (0.372) (0.652)

Average Weekly Hours × Post -0.27 -0.13 -0.15 -0.05 -0.22 0.07
[0.508] [0.587] [0.719] [0.840] [0.619] [0.862]
{0.533} {0.593} {0.757} {0.817} {0.661} {0.855}
(0.506) (0.628) (0.694) (0.852) (0.576) (0.866)

Ob/Gyn. and Primary Care specialty time trends X X
Age/medical school controls X X
Specialty characteristics trends X
All specialty time trends X

Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the results of the difference-in-differences
specification for specialty entry, estimated separately for men and women. The dependent variable is the natural logarithm of the
share of women (men) from a given medical school graduation cohort in a specialty, multiplied by 100. The explanatory variables
include specialty fixed effects, medical school graduation cohort fixed effects and specialty pre-policy hours (Hourss,1999)
interacted with an indicator for graduating medical school 2003-2005 (Transition) and 2006-2010 (Post). All specifications
have 360 observations stemming from the analysis of 20 specialties over 18 years. Column 1 reports the results of the baseline
specification with no additional controls. Columns 2-6 progressively include demographic and specialty-specific controls. P-
values from three alternative methods of statistical inference are presented: (1) p-values from standard errors clustered at the
specialty level are reported in brackets; (2) p-values from wild cluster bootstrapped t-statistics are reported in braces; and (3)
p-values from permutation tests are reported in parentheses.
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Table A.6: The Effect of the Duty Hour Reform on Specialty Entry:
Conditional Logit Average Marginal Effects

Alternative Hours Parameterizations

Dependent Variable: Specialty Outcome (1) (2) (3) (4)

Avg Weekly 
Hours

% Residents 
>80 hours

Total  
Residency 

Hours

Avg Weekly 
Hours >80

Panel A: Female

Hours × Transition 0.003 0.001 0.004*** 0.190*
(0.0034) (0.0017) (0.0004) (0.0960)

Hours × Post 0.022*** 0.010*** 0.007*** 0.651***
(0.0027) (0.0014) (0.0004) (0.0767)

Individuals 124,817 124,817 124,817 124,817
Log-likelihood -304,698 -304,705 -304,509 -304,695

Panel B: Male

Hours × Transition -0.0020 0.0002 0.0026*** 0.0453
(0.0026) (0.0013) (0.0003) (0.0783)

Hours × Post -0.0002 0.0006 0.0033*** 0.157**
(0.0022) (0.0011) (0.0002) (0.0651)

Individuals 156,660 156,660 156,660 156,660
Log-likelihood -410,063 -410,063 -409,952 -410,060

Specialty FE X X X X
Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the results of maximum likelihood
estimation of a conditional logit model in which the baseline specification has specialty outcome as the dependent variable
and the explanatory variables include specialty fixed effects and specialty pre-policy hours (Hourss,1999) interacted with an
indicator for graduating medical school 2003-2005 (Transition) and 2006-2010 (Post). Average marginal effects associated with
the coefficient on the interaction terms are reported. The average marginal effect is the average of individual specialty-specific
marginal effects for all individuals in the sample. The results from specifications utilizing three alternative parameterizations
of specialty pre-policy hours are reported. % above 80 hours is a measure of the fraction of residents who reported working
more than 80 hours per week, reported in Baldwin Jr et al. (2003). Total residency hours is computed by multiplying average
pre-policy hours per week by the number of years of residency for that specialty. I do not additionally multiply by the number
of weeks in a year, since this is uniform across medical specialties and would simply result in a rescaling of the estimated
coefficients. Average weekly hours above 80 is an indicator for whether a specialty’s pre-policy average weekly hours were in
excess of 80. Heteroskedastic robust standard errors are reported in parentheses.
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Table A.7: The Effect of the Duty Hour Reform on Specialty Entry: OLS
Alternative Hours Parameterizations

Dependent Variable: ln(Sharest)*100 (1) (2) (3) (4)
Avg 

Weekly 
Hours

% 
Residents 
>80 hours

Total  
Residency 

Hours

Avg 
Weekly 

Hours >80

Panel A: Female

Hours × Transition 0.15 0.05 0.06 10.93
(0.29) (0.16) (0.04) (11.25)

Hours × Post 0.67** 0.32* 0.12*** 25.21*
(0.30) (0.18) (0.04) (12.30)

N 360 360 360 360

Panel B: Male

Hours × Transition -0.37 -0.18 0.01 -8.65
(0.36) (0.20) (0.04) (13.22)

Hours × Post -0.27 -0.15 0.04 -4.98
(0.41) (0.24) (0.04) (15.13)

N 360 360 360 360

p-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.069 0.13 0.26 0.01
Average Weekly Hours × Post 0.002 0.00 0.01 0.00

Specialty FE X X X X

Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the results of the difference-in-difference
specification for specialty entry, estimated separately for men and women. The dependent variable is the natural logarithm of
the share of women (men) from a given medical school graduation cohort in a specialty, multiplied by 100. The explanatory
variables include specialty fixed effects, medical school graduation cohort fixed effects and specialty pre-policy hours interacted
with an indicator for graduating medical school 2003-2005 (Transition) and 2006-2010 (Post). The results from specifications
utilizing three alternative parameterizations of specialty pre-policy hours are reported. % above 80 hours is a measure of the
fraction of residents who reported working more than 80 hours per week, reported in Baldwin Jr et al. (2003). Total residency
hours is computed by multiplying average pre-policy hours per week by the number of years of residency for that specialty.
I do not additionally multiply by the number of weeks in a year, since this is uniform across medical specialties and would
simply result in a rescaling of the estimated coefficients. Average weekly hours above 80 is an indicator for whether a specialty’s
pre-policy average weekly hours were in excess of 80. All specifications have 360 observations stemming from the analysis of 20
specialties over 18 years. Standard errors clustered at the specialty level are reported in parentheses.
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Table A.8: The Effect of the Duty Hour Reform on Specialty Entry:
Nested Logit

Dependent Variable: ln(Sharest)*100 (1) (2) (3) (4)
OLS Nest 1 Nest 2 Nest 3

Panel A: Female

Average Weekly Hours × Transition 0.15 0.54*** 0.30** 0.24
(0.29) (0.10) (0.11) (0.15)

Average Weekly Hours × Post 0.67** 0.79*** 0.46*** 0.42**
(0.30) (0.15) (0.15) (0.18)

Panel B: Male

Average Weekly Hours × Transition -0.37 0.19*** -0.06 -0.05
(0.36) (0.03) (0.10) (0.12)

Average Weekly Hours × Post -0.27 0.23*** -0.06 -0.04
(0.41) (0.04) (0.12) (0.13)

P-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.097 0.000 0.000 0.001
Average Weekly Hours × Post 0.001 0.000 0.000 0.001

N 360 360 360 360
Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the results of Berry logit formulation
of a nested logit model in which the baseline specification has specialty outcome as the dependent variable and the explana-
tory variables include specialty fixed effects, medical school cohort fixed effects, and specialty pre-policy hours (Hourss,1999)
interacted with an indicator for graduating medical school 2003-2005 (Transition) and 2006-2010 (Post). Column 1 reports the
results of the baseline OLS specification, reported in Table 3. The coefficient on the interaction terms are reported. In order
to allow more flexible substitution patterns across specialties, columns 2-4 implement the Berry logit version of nested logit,
which entails controlling for the natural logarithm of a specialty’s share in its designated nest. In column 2, the nests are (1)
surgical and (2) non-surgical specialties. In column 3, the nests are (1) surgical, (2) primary care, and (3) the rest. In column
4, the nests are (1) surgical, (2) primary care, (3) E-ROAD, and (4) the rest. Standard errors clustered at the specialty level
are reported in parentheses.
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Table A.9: The Effect of the Duty Hour Reform on Specialty Entry:
Conditional Logit Average Marginal Effects

Inclusion of Foreign and Osteopathic Medical School Graduates

Dependent Variable: Specialty Outcome (1) (2) (3) (4) (5) (6)

Panel A: Female

Average Weekly Hours × Transition 0.010*** 0.018*** 0.010*** 0.018*** 0.005 0.005
(0.0029) (0.0030) (0.0030) (0.0030) (0.0030) (0.0030)

Average Weekly Hours × Post 0.031*** 0.042*** 0.031*** 0.041*** 0.023*** 0.023***
(0.0025) (0.0026) (0.0025) (0.0026) (0.0025) (0.0025)

Individuals 181,861 181,861 181,861 181,861 181,861 181,861
Log-likelihood -423,159 -422,657 -418,822 -418,336 -422,934 -418,595

Panel B: Male

Average Weekly Hours × Transition -0.0026 -0.0041* -0.0013 -0.0024 -0.0093*** -0.0077***
(0.0022) (0.0022) (0.0022) (0.0022) (0.0022) (0.0023)

Average Weekly Hours × Post -0.0014 -0.0044** -0.0003 -0.0027 -0.0120*** -0.0102***
(0.0019) (0.0019) (0.0019) (0.0019) (0.0020) (0.0020)

Individuals 232,214 232,214 232,214 232,214 232,214 232,214
Log-likelihood -575,610 -575,003 -566,579 -565,980 -575,181 -566,115

Specialty FE X X X X X X
Ob/Gyn. and Primary Care specialty time trends X X
Controls for age, medical school rank X X
Specialty characteristics trends X X

Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the results of maximum likelihood
estimation of a conditional logit model in which the baseline specification has specialty outcome as the dependent variable and
the explanatory variables include specialty fixed effects and specialty pre-policy hours (Hourss,1999) interacted with an indicator
for graduating medical school 2003-2005 (Transition) and 2006-2010 (Post). The average marginal effects associated with the
coefficient on the interaction terms are reported. The average marginal effect is the average of individual specialty-specific
marginal effects for all individuals in the sample. Heteroskedastic robust standard errors are reported in parentheses.
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Table A.10: The Effect of the Duty Hour Reform on Specialty Entry: OLS
Inclusion of Foreign and Osteopathic Medical School Graduates

Dependent Variable: ln(Sharest)*100 (1) (2) (3) (4) (5) (6)

Panel A: Female

Average Weekly Hours × Transition 0.30 0.30 0.38 0.36 0.31 -0.00
(0.27) (0.25) (0.29) (0.27) (0.27) (0.27)

Average Weekly Hours × Post 0.86*** 0.87*** 0.90*** 0.89*** 0.88*** 0.38
(0.23) (0.18) (0.25) (0.20) (0.23) (0.35)

Panel B: Male

Average Weekly Hours × Transition -0.31 -0.23 -0.12 -0.13 -0.29 -0.11
(0.24) (0.16) (0.21) (0.17) (0.25) (0.28)

Average Weekly Hours × Post -0.24 -0.11 -0.15 -0.07 -0.20 0.08
(0.32) (0.20) (0.29) (0.20) (0.33) (0.33)

P-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.052 0.075 0.100 0.071 0.052 0.554
Average Weekly Hours × Post 0.000 0.000 0.001 0.000 0.000 0.160

N 360 360 360 360 360 360

Ob/Gyn. and Primary Care specialty time trends X X
Age/medical school controls X X
Specialty characteristics trends X
All specialty time trends X

Panel A: Female

Average Weekly Hours × Transition 0.41* 0.42** - - 0.42** 0.34
(0.20) (0.20) (0.19) (0.27)

Average Weekly Hours × Post 0.80** 0.82** - - 0.82** 0.68
(0.30) (0.29) (0.29) (0.58)

Panel B: Male

Average Weekly Hours × Transition -0.13 -0.09 - - -0.11 0.10
(0.12) (0.12) (0.11) (0.10)

Average Weekly Hours × Post -0.13 -0.05 - - -0.10 0.28
(0.27) (0.24) (0.27) (0.30)

P-value for test of equality of male/female coeff.
Average Weekly Hours × Transition 0.039 0.055 0.031 0.364
Average Weekly Hours × Post 0.002 0.005 0.001 0.277

N 294 294 - - 294 294

Ob/Gyn. and Primary Care specialty time trends X
Age/medical school controls
Specialty characteristics trends X
All specialty time trends X

I. Data Source: AMA Masterfile

II. Data Source: GME Census Track

Source: AMA Physician Masterfile, GME Census Track, Baldwin Jr et al. (2003). Note: This table reports the results of the
difference-in-differences OLS log share specification for specialty entry on the sample of U.S. medical school graduates, foreign
medical school graduates, and osteopathic medical school graduates, estimated separately for men and women. The dependent
variable is the natural logarithm of the share of women (men) from a given medical school graduation cohort in a specialty,
multiplied by 100. The explanatory variables include specialty fixed effects, medical school graduation cohort fixed effects and
specialty pre-policy hours (Hourss,1999) interacted with an indicator for graduating medical school 2003-2005 (Transition) and
2006-2010 (Post). Panel I uses the Full Masterfile data, 1993-2010, and specifications have 360 observations stemming from the
analysis of 20 specialties over 18 years. Panel II uses the GME Census Track data, 1996-2010 (omitting 2000), and specifications
have 294 observations stemming from the analysis of 21 specialties over 14 years. Column 1 reports the results of the baseline
specification with no additional controls. Columns 2-6 include specialty-specific and demographic controls. Standard errors
clustered at the specialty level are reported in parentheses. The p-values at the bottom of each panel are from a Wald test of
the null hypothesis that the male and female coefficients are equal.
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Table A.11: The Effect of the Duty Hour Reform on Residency Program Size

Dependent Variable: ProgramSizepst (1) (2) (3) (4)

Panel A: Program-level hours

Average Weekly Hours × Transition -0.002 -0.002 -0.001 0.001
(0.002) (0.002) (0.003) (0.003)

Average Weekly Hours × Post -0.006* -0.007** -0.004 -0.001
(0.003) (0.003) (0.003) (0.004)

N 43,585 43,585 38,382 43,585

Panel B: Specialty-level hours

Average Weekly Hours × Transition -0.003 -0.001 -0.002 -0.001
(0.006) (0.005) (0.006) (0.002)

Average Weekly Hours × Post -0.011 -0.008 -0.009 -0.008
(0.012) (0.011) (0.012) (0.005)

N 43,585 43,585 38,382 43,585

Ob/Gyn. and Primary Care specialty time trends X
Program baseline characteristics time trend X
All specialty time trends X

sample restrictions: no meds/peds 
Source: AAMC GME Census Track, Baldwin Jr et al. (2003). Note: This table reports the results of the difference-in-differences
specification estimating the effect of the reform on residency program size. The dependent variable is the number of first year
residents in a residency program in a given calendar year. In Panel A, the explanatory variables include program fixed effects,
calendar year fixed effects and program pre-policy hours (Hourssp,1996) interacted with an indicator for entering residency in
2003-2005 (Transition) and 2006-2010 (Post). The year 2000 is excluded from the analysis due to a low response rate to the
survey in that year. In Panel B, programs are assigned the pre-policy hours associated with their specialty from the Baldwin
Jr et al. (2003) survey. Column 1 reports the results of the baseline specification with no additional controls. Columns 2-3
include specialty- and program-specific controls. The sample imposes no size restrictions on residency programs. Standard
errors, reported in parentheses, are clustered at the program level in Panel A and specialty level in Panel B.

Table A.12: Characterizing the Quality of the Marginal Entrant

Dependent variable: 
Share of individuals in a specialty who 
attended ranked medical school

(1) (2) (3)

All Men Women

Average Weekly Hours × Transition -0.117** -0.152*** -0.078
(0.048) (0.051) (0.083)

Average Weekly Hours × Post -0.084* -0.079 -0.119**
(0.040) (0.058) (0.050)

Mean Dependent Variable 49.46 48.98 50.66

Source: AMA Physician Masterfile, Baldwin Jr et al. (2003). Note: This table reports the results of the difference-in-differences
specification, estimated separately for men and women, on the sample of U.S. medical school graduates. The dependent variable
fraction of individuals in a given specialty from a given medical school cohort who attended a ranked medical school, multiplied
by 100. The explanatory variables include specialty fixed effects, medical school graduation cohort fixed effects and specialty
pre-policy hours (Hourss,1999) interacted with an indicator for graduating medical school 2003-2005 (Transition) and 2006-2010
(Post). All specifications have 360 observations stemming from the analysis of 20 specialties over 18 years. Column 1 reports
the results for the entire sample. Columns 2 and 3 report the results for the samples of men and women, respectively. Standard
errors clustered at the specialty level are reported in parentheses.

63



Table A.13: The Effect of the Duty Hour Reform on Residency Program Gender Composition

Dependent Variable: FractionFemalepst (1) (2) (3)

Panel A: Program-level hours

Average Weekly Hours × Transition 0.050** 0.047** 0.060***
(0.022) (0.022) (0.023)

Average Weekly Hours × Post 0.066*** 0.060*** 0.075***
(0.021) (0.021) (0.022)

N
33,073 33,073 29,886

Panel B: Specialty-level hours

Average Weekly Hours × Transition 0.037 0.025 0.039
(0.027) (0.027) (0.026)

Average Weekly Hours × Post 0.070** 0.048 0.085**
(0.032) (0.039) (0.033)

N 33,073 33,073 29,886

Ob/Gyn. and Primary Care specialty time trends X
Program baseline characteristics time trend X

Source: AAMC GME Census Track, Baldwin Jr et al. (2003). Note: This table reports the results of the difference-in-
differences specification estimating the effect of the reform on residency program gender composition. The dependent variable
is the fraction of first year residents who are female in a given residency program for a given start year, multiplied by 100. In
Panel A, the explanatory variables include program fixed effects, residency entry year fixed effects and program pre-policy hours
(Hourssp,1996) interacted with an indicator for entering residency in 2003-2005 (Transition) and 2006-2010 (Post). In Panel B,
programs are assigned the pre-policy hours associated with their specialty from the Baldwin Jr et al. (2003) survey. Column
1 reports the results of the baseline specification with no additional controls. Columns 2-3 progressively include specialty- and
program-specific controls. Standard errors, reported in parentheses, are clustered at the program level in Panel A and specialty
level in Panel B.
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B For Online Publication: Data Appendix

Below is a description of the data sources utilized in this paper.

American Medical Association Physician 
Masterfile

Administrative and survey data on 
the universe of physicians in the 
U.S.

Medical school 
graduates 1993-2010

Specialty entry analysis

American Association of Medical Colleges 
Matriculating Student Questionnaire

Survey of incoming U.S. medical 
school students that asks about 
specialty plans

Medical school entrants 
1996-2010

Specialty preference analysis

American Medical Association Graduate 
Medical Education Census Track Data 

Survey of residency program 
directors regarding resdiency 
program attributes

Residency program 
attributes 1993-1995, 
1998-2010

Residency program analysis

California Vital Statistics Birth Records Birth certificates 1993-2013 Female fertility analysis

Texas Vital Statistics Birth Records Birth certificates 1993-2013 Female fertility analysis

Baldwin et al. (2001) Survey of first and second year 
medical residents regarding their 
hours worked

1998/9 Classification of specialties by pre-
policy residency hours

Data Source Description Years Purpose

American Medical Association (AMA) Physician Masterfile: The AMA Physician Masterfile is a
compilation of administrative and survey data sources on all physicians in the U.S. A physician’s entry into
the Masterfile is triggered by (a) entry into a U.S. medical school or (b) entry into a U.S. accredited medical
residency or fellowship program. In addition, physicians who graduated from international medical schools
are added to the Masterfile if they are licensed to practice in the U.S., conduct research or teach in the
U.S., or completed a program to prepare for residency/fellowship training in the U.S. or a program for fully
trained physicians to practice in the U.S. The Masterfile contains information on medical training, includ-
ing medical school attended, year of medical school graduation, and medical specialty. Medical specialty is
initially sourced from residency and fellowship programs attended and can be updated through self-reports
in the Annual Census of Physicians.

Two versions of the Masterfile are utilized in this paper. This first has the basic information outlined
above for all physicians in the U.S. (Full Masterfile). The second contains information for physicians who
completed medical school or residency training in California or Texas (CA/TX Masterfile), and addition-
ally contains physician first and last name and information on residency training including the name of
each residency program attended, the program’s specialty and dates attended. I use the second version
of the Masterfile to merge physician data with the Vital Statistics birth certificate data. The richer resi-
dency program information is also used to validate the specialty information provided in the basic Masterfile.

American Association of Medical Colleges (AAMC) Matriculating Student Questionnaire
(MSQ): The AAMC MSQ is a survey administered to all incoming first-year students in U.S. medical
schools. The response rates to this survey range from 64% (in 2005) to 93% (in 1998). The survey asks ques-
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tions regarding the medical school admission process, career plans in medicine, and medical school financing.
The survey years used in this paper are 1998-2006 and 2009-2010. Years 2007 and 2008 were excluded since
a specialty preference question was not included in the survey. The survey question utilized in this paper
concerns plans for specialization. Prior to 2009, the question states: “Are you planning to become certified in
one of the 25 general specialties listed below?” From 2009 onward, the question states: “As part of practicing
medicine in the U.S., a licensed physician typically becomes certified in a specialty. Are you planning to
become certified in one of the 25 general specialties listed below?” If the respondent answers “Yes” to this
question, the respondent is asked a follow-up question regarding their preference among the 25 specialties.
For each survey year, I obtained the number of responses associated with each specialty, by gender. I also
obtained the number of individuals who responded that they were undecided or did not intended to specialize.

American Medical Association (AMA) Graduate Medical Education (GME) Census Track
Data: The AMA GME Census Track Data is an annual survey administered to all AAMC accredited res-
idency and fellowship program directors in the U.S. The survey asks questions regarding the vacancies and
enrollment in the residency program, for each program year, as well as information about the compensation,
benefits, program hours, policies and faculty member profiles. The survey years used in this paper are 1996-
2010. The response rates to the survey range from 82% (in 2001) to 99% (in 1996). The survey questions
utilized in this paper pertain to enrollment in the program, by gender, program director reported weekly
hours, number of full-time male and female faculty members, resident salary, and the availability of parental
leave and onsite childcare for residents.

California Vital Statistics Birth Records: The CA Vital Statistics birth records comprise individ-
ual birth certificate data from the California Department of Public Health. I obtained all birth certificates
for individuals born in CA from years 1993 to 2013. The data include mother first and maiden name, coun-
try/U.S. state of birth and date of birth, father last name and date of birth, child last name and date of birth
and birth parity. From 2005 onward, the data also include father first name. The absence of information on
father first name for years 1993-2004 precludes matching physician fathers in those years and estimating the
effect of the duty hour reform on male fertility choices during residency. In order to match female physicians
to birth records, I use the following process:

1. Determine whether there are duplicate observations in the matching variables in either the Vital Statis-
tics data or the Masterfile data: first name, last name, date of birth, place of birth (either country or
U.S. state). Some of the duplicate observations in the Vital Statistics data are due to multiple births
within a given year. I compile these births for a given individual. I drop the small fraction of births
(<3.5%) that are not to the same individual but are not unique based on the matching variables.

2. For each Vital Statistics data year, conduct two rounds of probabilistic matching using the CA/TX
Masterfile. The variables used from the Masterfile are: female physician first name, last name, date
of birth, and birthplace (country or U.S. state). The variables used from the Vital Statistics data
are: (round 1) mother first name, maiden name, date of birth and birthplace (country or U.S. state)
and (round 2) mother first name, child last name, mother date of birth, and birthplace (country or
U.S. state). Year of birth is required to be a perfect match. First and last name and birthplace are
permitted to be a fuzzy match. I compare the results of the two rounds of matching to ensure there
are no duplicate matches.
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3. After compiling longitudinal birth histories for each physician in the CA/TX Masterfile, check for inter-
nal consistency within individuals. This includes comparing mother last names and father information
across matching observations within a given individual.

I also obtained information on full date of birth for physicians in the U.S. with a National Provider Identifier
(NPI) from the Centers for Medicare and Medicaid Services (CMS) National Plan and Provider Enumeration
System (NPPES). I validate the above matching process using the more detailed information on full date of
birth for the subset of physicians in the CA/TX Masterfile with NPIs.

Texas Vital Statistics Birth Records: The TX Vital Statistics birth records comprise individual birth
certificate data from the Texas Department of State Health Services. I obtained birth certificates for indi-
viduals born in TX from years 1993 to 2013 for individuals born parents with 16 or more years of education.
In addition to the information described above for the CA Vital Statistics birth records, the TX records
contain information on parental occupation. I validate the above matching process using this information.

Baldwin et al. (2001): Baldwin Jr et al. (2003) conducts a nationally representative survey of first
and second year medical residents during 1998 and 1999. From these responses, Baldwin Jr et al. (2003)
computes the average hours worked per week in 21 specialties, 20 of which are used in this paper. I cross-
walk the more detailed specialties in the AMA Masterfile to the coarse specialties found in Baldwin Jr et al.
(2003) using the Dartmouth Atlas crosswalk. In some cases, there are multiple specialty paths that can lead
to a sub-specialty. For example, in order to sub-specialize in Pediatric Radiology, an individual must first
complete residency training in either Pediatrics or Radiology, and then complete a fellowship in Pediatric
Radiology. Since I only observe an individual’s sub-specialty (Pediatric Radiology) in the Full Masterfile,
and not the specialty completed during second year of residency, I must choose whether to assign the indi-
vidual to Pediatrics or Radiology, which have differing hours requirements during residency. In such cases, I
supplement the Dartmouth Atlas crosswalk with an empirical comparison of second year residency specialty
and self-reported primary specialty from the CA/TX Masterfile. For physicians who report a sub-specialty
as their primary specialty, I assign them the root specialty that is most common among all individuals
in their sub-specialty, as observed in the CA/TX Masterfile. I exclude extremely small specialties that
have insufficient observations to determine a most common root specialty, such as Nuclear Medicine and
Aerospace Medicine. Fewer than one percent of non-missing observations in the AMA Masterfile cannot be
classified into one of the 20 specialty categories. Primary specialty is missing in approximately three percent
of observations.
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C For Online Publication: Details of Alternative Methods of Sta-
tistical Inference

Wild Cluster Bootstrapped t-statistics

In this section, I describe the procedure for computing wild cluster bootstrapped t-statistics for the estimated
coefficients in the OLS log share specification in equation 4. I follow the procedure outlined in Cameron et
al. (2008).

1. Obtain the OLS estimate of the coefficients of interest, �1 and �2, from the estimation of equation
4. Compute the standard errors of the coefficients using cluster robust standard errors, clustered at
the specialty level. Use these estimates and standard errors to form the Wald test statistics: w1 =

(�̂1��null)/s�̂1
and w2 =

(�̂2��null)/s�̂2
.

2. Obtain the restricted OLS estimates of ˆ�R
1 and ˆ�R

2 from estimation of equation 4, imposing the null
hypothesis that the coefficients of interest equal zero. Since there are two coefficients of interest
associated with the two interaction terms, in this step I impose the null hypothesis that both coefficients
are zero. Obtain the associated restricted residuals

n

ˆuR
1 , . . . , ˆu

R
20

o

, where each residual ˆuR
s is a vector

associated with a given specialty s.

3. For each bootstrap iteration b of 1000 iterations:

(a) Form a sample of 20 clusters, one for each specialty. For each cluster s = 1, . . . , 20, form either
ˆuR⇤
s =

ˆuR
s with probability 0.5, or ˆuR⇤

s = �ˆuR
s with probability 0.5. Then form the bootstrap

sample ln

ˆsh
⇤
s = X0

s
ˆ�R
1 +X0

s
ˆ�R
2 +

ˆuR⇤
s .

(b) Using the sample formed in step 3a, obtain the OLS unrestricted estimates of �1 and �2 and their
associated standard errors, using cluster robust standard errors. Calculate the Wald test statistics
w⇤

1,b =
(�̂⇤

1,b��null)/s
�̂⇤

1,b
and w⇤

2,b =
(�̂⇤

2,b��null)/s
�̂⇤

2,b
.

4. For ˆ�1, reject the null hypothesis at ↵ level if and only if w1 < w⇤
1,[↵/2] or w1 > w⇤

1,[1�↵/2] , where w⇤
1,[q]

denotes the qth quantile of w⇤
1,1, . . . , w

⇤
1,1000. For ˆ�2, reject the null hypothesis at ↵ level if and only if

w2 < w⇤
2,[↵/2] or w2 > w⇤

2,[1�↵/2] , where w⇤
2,[q] denotes the qth quantile of w⇤

2,1, . . . , w
⇤
2,1000.

Randomization Inference

I implement randomization inference using the following procedure.

1. Obtain the OLS estimate of the coefficients of interest, �1 and �2, from the estimation of equation 4.

2. For each iteration r of 999 iterations, I randomly assign without replacement pre-policy average weekly
hours from the observed set to specialty s. Using the rth sample, obtain the OLS estimate of the
coefficients of interest, �1 and �2, from the estimation of equation 4, ˆ�⇤

1,r and ˆ�⇤
2,r

3. Using the 999 estimates from step 2, I reject the null hypothesis at ↵ level if and only if ˆ�1 < ˆ�⇤
1,[↵/2]

or ˆ�1 > ˆ�⇤
1,[1�↵/2], where ˆ�⇤

1,[q] denotes the qth quantile of ˆ�⇤
1,1, . . . ,

ˆ�⇤
1,999..
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D For Online Publication: Conceptual Framework

In this Appendix, I formalize a framework for specialty choice and fertility timing. Suppose that the utility
of physician i of gender g in specialty s with child c depends on hours worked during residency, wages post
residency, and the presence of children. I formally represent the decision as a static, unconstrained utility
maximization problem. The functional form is as follows:

uigsc =

8

<

:

��ihs + ws if c = 0

��ihs + ws + ⇡i � {g = f}�(hs) if c = 1

Specialties are considered bundles of attributes, the focus of which are hours worked during residency and
wages post-residency: (hs, ws).60 This utility specification embeds a few components. First, there is indi-
vidual heterogeneity in the relative valuation of non-market time and wages, captured by �i, with �i ⇠ [0, b].
Second, there is individual heterogeneity in valuation of children, ⇡i, where ⇡i ⇠ [�p, p], if they have a child.
Since ⇡i can take on negative values, some individuals derive disutility from having a child during residency
and will not have children during this period. Third, there is an additional disutility of hours worked in the
event a woman has a child: �(hs), where �(hs) > 0, �0

(hs) > 0 and �00
(hs) > 0 (Chen et al., 2013). I focus

on the choice of two specialties: H and L, where H is a high hours, high wage specialty (hH , wH) and L is
a low hours, low wage specialty (hL, wL). Assume wH > wL and hL < hH .61

An individual maximizes her utility, i.e. chooses the specialty H or L and makes the choice whether to
have children during residency. There are four options: {HC,HN,LC,LN}. For men, specialty choice is
independent of the decision to have children. The choice to enter a high hours specialty is determined by
whether �i is greater than the cutoff �⇤

=

wH�wL

hH�hL
. Men will have children as long as it is utility enhancing,

i.e. their value of ⇡i is greater than zero. For women, conditional on the choice to have children, specialty
choice is determined by where �i falls relative to two cutoffs, one associated with no children �⇤

N and one
associated with having children �⇤

C .62 Higher values of � reflect a greater disutility (dislike) of hours, and all
else equal, make individuals weakly more likely to enter the low hours specialty. The choice to have a child,
conditional on specialty, is dictated by where an individual’s ⇡i falls relative to two cutoffs, one for the high
hours specialty ⇡⇤

H and one for the low hours specialty ⇡⇤
L.63 Higher values of ⇡ reflect a higher valuation of

children and, all else equal, make individuals weakly more likely to have children.
For women, the joint choice of specialty and to have children during residency depends on their parameter

values relative to the four cutoffs and is graphically summarized in Figure D.1 Panel A. There are three
scenarios for �i. For individuals with �i > �⇤

N , their disutility of hours is sufficiently high that they will
always choose L. Depending on the value of ⇡i, an individual chooses to have a child or not during residency.
For individuals with �i < �⇤

C , their disutility of hours is so low that they always choose the high hours
specialty. Depending on the value of ⇡i an individual chooses whether to have children. For individuals with
�⇤
C < �i < �⇤

N , the disutility of hours is such that she either chooses L and has children, or chooses H and
doesn’t have children. Conditional on � and ⇡, men are more likely to have children during residency than
women, due to �(hs), the additional disutility of hours when a woman has children. If men and women have

60To simplify the exposition, I focus on one occupational attribute of a specialty post-residency, its wages, but ws could also
encompass a specialty’s prestige, practice style, etc.

61The functional form for utility omits income effects in fertility choices.
62The �⇤

N cutoff is determined by: �⇤
N = wH�wL

hH�hL
The �⇤

C cutoff is determined by: �⇤
C = wH�wL

hH�hL
+ �(hL)��(hH )

hH�hL
, where

�⇤
C < �⇤

N .
63The ⇡⇤

L cutoff for the low hours specialty case is determined by: ⇡⇤
L = �(hL) The ⇡⇤

H cutoff for the high hours specialty
case is determined by: ⇡⇤

H = �(hH), where ⇡⇤
L < ⇡⇤

H .
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the same distributions of parameter values, then among those who choose the high hours specialty, a greater
fraction of men than women will choose to have children during residency.

What happens when the duty hour reform goes into effect? This manifests as a decrease in hours in
the high hours specialty, hH . For men, the reform causes a decline in �⇤, which induces entry into H. The
decline in hours does not change male fertility choices, as these choices are determined independently of
hours worked. The implications of the reform for women are graphically depicted in Figure D.1 Panel B.
The decrease in hH causes in a decline in ⇡⇤

H , the cutoff for having children in H. Thus, there is an expansion
in the HC region, as individuals with lower child valuations now want to have children in the high hours
specialty. I denote the individuals who change their fertility within H “fertility compliers.” The reduction
in hH additionally causes an increase in the � cutoffs but leaves the ⇡⇤

L cutoff unchanged.
A few key insights emerge from this simple framework. First, the decrease in hH induces net entry into

H due to the shift upward of the � cutoffs, which serve primarily to expand the population of individuals
willing to enter H specialties, from both LC and LN . I denote these individuals who change specialties,
but do not change their fertility choice, “specialty compliers with children” (LC ! HC) and “specialty
compliers without children” (LN ! HN). Second, there is an expansion of the HC region, due to the
fertility compliers and specialty compliers with children. Third, some individuals with intermediate values
of � and ⇡, who would have chosen L and had children, now choose H and do not have children. I denote
this group the “fertility-marginal specialty compliers” (LC ! HN). The intuition behind this switch is the
wage advantage in H now outweighs the disutility of hours difference between H and L (which has fallen)
and the utility of having a child. Since for women, the disutility of hours is convex when they have children,
the �⇤

C cutoff rises by more than the �⇤
N cutoff in response to the reduction in hours, potentially inducing

more women than men to enter H.
The final insight concerns the direction of the change in the female fertility rate in H and L. Given

the above discussion, the direction of the change depends on the magnitude and composition of the new
entrants to H, the magnitude and composition of those individuals who exit L, and the magnitude of the
fertility compliers. In H, there are two potentially offsetting effects: the fertility compliers, who increase the
fertility rate, and new entrants, who could increase or decrease the fertility rate. Under the assumption of
independently and uniformly distributed � and ⇡, the fertility rate rises in H. Under other distributional
assumptions, the fertility rate in H can increase or decrease. For example, consider the case in which the
valuation of children and disutility of hours are highly positively correlated. In this scenario, the HC and LN

regions of Figure D.1 Panel A are sparsely populated. The introduction of the duty hour reform would induce
individuals to enter H who are disproportionately drawn from the fertility-marginal specialty compliers. If
this is the case, then the fertility rate in H could stay the same or even fall in response to the reform.
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Figure D.1: Graphical Depiction of Conceptual Framework

A. Example of Initial Allocation
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B. Allocation After Duty Hour Reform
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Note: This figure presents a graphical depiction of an allocation of individuals into specialty and fertility choices, based on
their parameter values. An individual’s disutility of hours � is plotted on the x-axis, and an individual’s valuation of children
⇡ is plotted on the y-axis. LC represents the choice of low hours specialty and to have children, LN represents the choice of
low hours specialty and no children, HC represents the choice of high hours specialty and to have children, HN represents the
choice of high hours specialty and no children.
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