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Abstract

This paper studies the interplay between major returns, preferences, and market design in
explaining policy-relevant gender gaps. Information on major preferences allows us to show
that majors causally impact both earnings and fertility, with sizable cross-field heterogeneity
and some gender differences. We relate causal impacts to major choices and find that
monetary returns are most predictive of choices among men, while family considerations are
most predictive of choices for women. A back-of-the-envelope calculation suggests that 27%
of the college gender earnings gap is attributable to differences in the importance assigned
to family considerations. To further emphasize the empirical interaction of gender, major
choice, earnings, and fertility, we document substantial heterogeneity in child penalty gaps
across fields of study and show that variation in the progressivity of gender norms across
fields of study is highly predictive of the various gender gaps. Finally, we fix preferences and
consider policy-relevant counterfactuals leveraging causal returns and the transparent rules
embedded in a centralized assignment system. Our results suggest slight gender-specific
quotas can modestly reduce the gender earning gap among college graduates. Although
there are winners and losers from the policies, there is a minimal impact on aggregate
efficiency.
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1 Introduction

The major choice is a consequential pre-labor market decision that influences numerous life
outcomes, including the labor market earnings of men and women (Altonji et al., 2012, Hastings
et al., 2013, Kirkeboen et al., 2016, Lemieux, 2006, Oreopoulos and Petronijevic, 2013). While a
growing body of evidence documents that gender differences in major choice play an important
role in explaining the gender earnings gap among college graduates (e.g., Sloane et al., 2021,
Zafar, 2009), still little is known about what factors contribute to these differences in choices
(Patnaik et al., 2021). A plausible factor affecting educational choices is the balance of career
and family, which has played a central role in women’s advancements in the labor market over
the last century (Goldin, 2021). Although family considerations are likely an important factor
that men and women weigh when choosing potential career paths (Wiswall and Zafar, 2021),
limited evidence exists on how fields of study impact family-related outcomes and whether these
impacts differ by gender. With a limited understanding of the pecuniary and non-pecuniary
returns to majors, many open questions remain about how these factors contribute to gender
differences in representation across fields of study and policy-relevant gender gaps.

Previous work has struggled empirically in linking preferences, graduation, earnings, and
non-pecuniary factors while methodologically accounting for the self-selection of individuals into
majors. The existing literature either documents gender differences in major choice (Bordon et
al., 2020, Brenoe and Zolitz, 2020, Zafar, 2009), but does not assess its impact on the gender
earnings gap, or studies the role of field of study on earnings (Dahl et al., 2020, Hastings et al.,
2013, Kirkeboen et al., 2016) but omits the role of gender differences in preferences. In addition,
evidence related to the non-pecuniary returns to the fields of study is scant (Oreopoulos and
Petronijevic, 2013, Patnaik et al., 2021) and even more so of gender differences. In this paper, we
overcome previous limitations by focusing on the Chilean higher education setting, which allows
the linkage of students’ preferences for majors to their educational attainment, labor market
earnings, and an important non-pecuniary outcome—fertility. The wealth of data allows us to
shed light on the various factors that generate rifts in the educational trajectories of men and
women at the tertiary level, as well as their consequences.

Descriptive facts motivate our empirical analysis. Similar to findings in Sloane et al. (2021)
for the United States, we find that men and women in Chile choose vastly different fields of study
and that this representation gap has slowly narrowed over time. A formal decomposition of the
earnings gap shows that 82 percent of the raw gender earnings gap among college graduates is
due to representation. We simultaneously document substantial heterogeneity in cross-sectional
fertility rates by completed major and that these rates negatively correlate with mean earnings
(p = —0.57). These descriptive findings motivate the two focal points of our analysis.

First, the strong negative association between average earnings and fertility points to one
explanation for the differences in representation across fields of study that we aim to quantify. To
establish such a connection, we must first establish that fields of study causally impact earnings
and fertility, with the latter serving as a summary measure for family-related considerations.
With estimates of earnings and fertility impacts, we can analyze how each affects major choices,
offering clues related to their contribution to the representation and earnings gap. Second,

motivated by the fact that representation explains most of the earnings gap, we consider feasible
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supply-side policies available in systems with centralized assignment. We focus on policies that
can increase enrollment in high-earning majors among students who demand them.

In our conceptual framework, we first distinguish between vertical returns, which represent
the general benefits of completing a particular major, and horizontal returns, which capture
the idiosyncratic benefits that vary according to individual characteristics and preferences.
This distinction helps clarify the assumptions required to causally identify each type of re-
turn. Specifically, in settings with centralized assignment systems, certain kinds of selection
on gains are plausibly less relevant, while others feature more prominently. In contrast, decen-
tralized systems may require stronger assumptions to identify returns due to greater potential
for sorting based on unobserved characteristics. With clarity on the different margins of sort-
ing, we impose some distributional assumptions on choice behavior along with assumptions
on potential outcomes that allow us to feasibly estimate vertical and horizontal returns. This
framework—borrowing from the school choice literature (Abdulkadiroglu et al., 2020)—leads
to an estimation strategy that decomposes the gender earnings gap while accounting for both
vertical and horizontal effects. Our approach assumes that the only source of bias in returns to
the field of study is due to the correlation between unobserved preference heterogeneity, major
choice, and returns, which allows us to construct control functions to flexibly account for self-
selection. This framework captures both average returns separately for men and women and
empirically assesses the importance of preference-specific match effects (Kirkeboen et al., 2016).

Leveraging our framework, we estimate major impacts on earnings and fertility. We docu-
ment sizable heterogeneity in returns to majors and economically meaningful sorting on gains
for both men and women. We find gender differences in average returns, with women expe-
riencing earning gains similar or less than those experienced by men across all fields except
Social Sciences, Teaching, and Humanities. With measures of preference intensity derived from
rank-ordered choice data, we further show that match effects are empirically important, indi-
cating that students tend to sort in ways that are consistent with Roy (1951)-like selection.
As in Kirkeboen et al. (2016), but through a different empirical lens, we find that individuals
with stronger preferences for a given field tend to earn more if they earn a degree in that field
of study. However, gender differences in match effects tend to be minimal, suggesting that
selection on gains plays a minimal role in explaining within-major earning gaps.

While a focus on the pecuniary returns to majors follows from the perspective that education
is an investment (Becker, 1964), different fields of study expose students to vastly different peer
groups and job opportunities (Barrios et al., 2021, Zimmerman, 2019). While those may be
perceived as intermediate outcomes affecting the returns to particular fields of study, these
factors are also key determinants affecting subsequent fertility decisions. Indeed, we show
that the choice of major causally impacts both extensive and intensive margins of fertility,
suggesting that this is a key non-pecuniary factor that students might consider while choosing
a major. In contrast to earnings results, we do not find evidence of match effects regarding
fertility. Moreover, we show that major choice, earnings, and fertility interact in economically
meaningful ways by documenting sizable variation in the child penalty gaps across fields of
study. This descriptive exercise reveals a short-run average penalty of 18% with a standard

deviation of 13%. These pieces of evidence are, to the best of our knowledge, the first to show



that major choice causally impacts fertility and also to document major-specific variation in the
child penalty gap.

Our empirical approach assumes that preference heterogeneity governs selection into majors,
which we account for using analytical control functions derived from rank-ordered choices.
An alternative approach would be to restrict the analysis to the local quasi-random variation
embedded in centralized assignment systems (Abdulkadiroglu et al., 2017, Abdulkadiroglu et al.,
2022), limiting the additional flexibility our model gives us to study rich selection patterns. We
opt for the former but use the local quasi-random variation to validate our approach. Evidence
from a validation exercise (Angrist et al., 2017, Deming, 2014) demonstrates that our preferred
model adequately characterizes selection into majors as it produces treatment effects that line
up with quasi-experimental approaches leveraging quasi-random assignment to majors (i.e., our
estimates are forecast unbiased). The forecast unbiasedness of our estimates holds for both
pecuniary and non-pecuniary returns, underscoring the strength of our empirical approach.

Equipped with validated pecuniary and non-pecuniary return estimates, we ask whether
gender differences exist in the implicit weights students assign to these outcomes and probe for
potential explanations. We provide suggestive evidence that women prioritize family considera-
tions (i.e. fertility impacts) over earning impacts compared to men, as captured by multivariate
relationships between estimated major- and cell-specific mean utilities and our estimated fertil-
ity and earnings returns. This evidence indicates that these anticipated impacts might generate
rifts in the educational and labor market trajectories of men and women before they enter the
labor market. To quantify the potential importance, we find that equalizing preferences for
family considerations across men and women leads to a 27 percent reduction in the gender
earnings gap. This suggests that gender differences in the balance of career and family (Goldin,
2021) influence major choices and have sizable consequences on the broader gender earnings
gap.

To shed light on the potential drivers of these gender differences in observed preferences, we
consider the role of gender norms as captured by breadwinner norms (Bertrand et al., 2015). We
find striking heterogeneity across majors in the degree to which the social norm “a man should
earn more than his wife” influences the distribution of relative labor earnings. Consistent with
gender norms distorting women’s labor supply decisions both before and after birth, we show
that gender norm progressivity is highly predictive of improvements in return and child-penalty
gaps. Although suggestive, this evidence contributes to the mounting evidence demonstrating
how the prescriptive nature of norms potentially plays a role in shaping important labor market
outcomes (Akerlof and Kranton, 2000, Bertrand, 2020, Bursztyn et al., 2017, Oh, 2023).

In the final part of our paper, we assess the impact of feasible policies that policymakers
could use to address the gender gap and that do not involve changing preferences. Settings with
centralized assignment systems can flexibly change assignment rules while taking preferences
as given. With a centralized assignment system in place and equipped with causal estimates of
major returns, we can assess the impacts of rule changes on the country-wide gender earnings
gap of college applicants. Our analysis is guided by the descriptive evidence underscoring the
significant role of differing representation in the high-earning field of Engineering in explaining

the gender earnings gap.



We consider two policies that can affect the allocation of Engineering seats. The first policy
focuses on a gender-neutral increase in capacity across all Engineering programs, while the sec-
ond policy holds the number of available Engineering seats constant and reserves a percentage
of seats for female applicants. Bursztyn et al. (2023) find that the latter affirmative-action-like
policy receives broad support in Chile. We find that any gender-neutral increase in Engineer-
ing seats only exacerbates the Engineering representation gap and the overall gender earnings
gap.! In contrast, policies that reserve even modest shares of Engineering seats to females
significantly reduce representation and earnings gaps. The reduction in the representation gap
is mechanical, while the reduction in the overall gap is primarily due to reallocating females
to a higher-earning field. We find surprisingly minimal impacts on efficiency as measured by
changes in the aggregate earnings across all students in a given quota counterfactual. While
men may be displaced from more preferred Engineering programs, their fallback options are
other Engineering programs or other high-earning options, thus producing minimal impacts on
aggregate earnings.

Our work contributes to three distinct but loosely connected literatures. The first relates to
an impressive body of work focusing on estimating the returns to college and college selectivity
(Card, 2001, Chetty et al., 2023, Dale and Krueger, 2002, Mountjoy, 2022, 2024, Mountjoy and
Hickman, 2021, Zimmerman, 2014), and to a growing body of work that pivots focus to the
returns to fields of study (Altonji et al., 2012, Andrews et al., 2022, Dahl et al., 2020, Hastings
et al., 2013, Kirkeboen et al., 2016, Lovenheim and Smith, 2023). One reason for the more
recent interest in returns to fields of study is the fact that dispersion in field returns is as large
as the dispersion in returns to college (Altonji et al., 2012). The large dispersion in returns
to majors alludes to the potentially important role of major choice in explaining the gender
earnings gap among college graduates (Sloane et al., 2021). While a central component of this
paper relates to estimating field-specific returns among college graduates, our analysis makes
three additional contributions. First, we make progress in providing a more complete picture
of how majors impact outcomes by estimating non-pecuniary returns, something there is scant
evidence on (Oreopoulos and Petronijevic, 2013). Second, we allow pecuniary returns to vary by
gender to quantify its contribution to the overall gender gap. Third, we leverage rich preference
data to understand how preference heterogeneity interacts with match effects and efficiency in
the context of reallocative policies of interest.

A related body of work in higher education has documented vast gender differences in major
choice (Ahimbisibwe et al., 2024, Blakemore and Low, 1984, Bordon et al., 2020, Neilson et al.,
2021, Turner and Bowen, 1999, Wiswall and Zafar, 2018, 2021, Zafar, 2009). Bordon et al. (2020)
and Ahimbisibwe et al. (2024) find that men apply to selective programs even when they are
marginal candidates, while equally qualified women tend to apply less often to these programs.
Women’s peer groups have also been documented as important determinants of major choice
(Brenoe and Zolitz, 2020). Wiswall and Zafar (2021) finds that college students’ expectations

about how their education will impact their future career and family significantly influence their

!This finding results from roughly 30 percent of males listing Engineering programs as their most preferred,
while only about 10 percent of women do. Therefore, any gender-neutral increase in capacity results in a dispro-
portionate increase in male representation, worsening the gender earnings gap through both return differentials
within Engineering and a disproportionate reallocation of males to high-earning fields.
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choice of major and degree completion, with notable differences observed between genders. We
contribute to this literature in a variety of ways. First, we show and quantify the importance
of representation to the overall gender earnings gap. Second, by estimating both pecuniary and
non-pecuniary returns, we can quantify the extent to which educational decisions diverge due
to these two important causal factors and quantify the extent to which gender differences in
family considerations contribute to the gender earnings gap.

Last, this paper contributes to a growing body of evidence studying the potential effects of
affirmative action in systems without centralized assignment systems (Bleemer, 2023) and with
(Otero et al., 2021). Sparked by Abdulkadiroglu and Sénmez (2003), centralized assignment
is an increasingly popular way of allocating seats in education markets, with Neilson (2021)
showing that at least 50 countries use centralized assignment. This increase has coincided with
an increase in affirmative action policies implemented through adjusting priorities within a given
system. Relative to recent work (Ellison and Pathak, 2021, Otero et al., 2021), we pivot the
focus to gender-based affirmative action and study the potential of such policies in reducing
gender earnings gaps among college graduates. In light of the findings in Bursztyn et al. (2023)
that there is broad support for gender-based affirmative action, this paper provides evidence of
utmost importance to policymakers in Chile and abroad.

The rest of this paper is organized as follows. Section 2 outlines the institutional setting
and describes the data we use; Section 3 presents the conceptual framework; Section 4 reports
causal estimates of the impacts of major choice on earnings and fertility and gender differences
in preferences for these causal impacts; Section 5 argues that variation in gender norms play a
role influencing the variation in the various gender gaps we document; in Section 6 we turn to
assess various counterfactual assignment policies and their impact on the gender earnings gap;

and last, in Section 7 we conclude.

2 Institutional Background, Data, and Descriptive Statistics

This section presents background information on Chile and its centralized college admission
system. We discuss the data generated by the college admission system and its linkages with
other administrative records that help to facilitate our analysis. We also discuss descriptive

evidence regarding gender gaps and college major sorting.

College Admissions in Chile: Higher education admissions are based on high-school GPA
and students’ test scores at nationwide entrance exams. High school graduates can register for
this national admission test (Prueba Seleccién Universitaria, PSU), an SAT-type exam with
four sub-tests: Mathematics, Language, and the choice of taking Science or History. After
receiving their scores, students can apply to a major and institution simultaneously (e.g., civil
engineering at the University of Chile). Students must submit a rank-ordered list reflecting their
preferences (they can rank up to ten college-major combinations). Each major-institution (a
program) also ranks applicants by defining weights on the subject test scores and the high school
GPA. Given students’ rankings, program-specific weights, and capacities, the system offers stu-

dents a seat at one program at most so that no student-program pair prefers each other and is



not assigned together. This is done using an assignment mechanism built on Gale and Shapley
(1962)’s student-proposing deferred acceptance algorithm. This process creates a cutoff for ad-

mission at each program, which corresponds to the score of the least qualified admitted student.

Data: Our analysis combines rich administrative data on students’ college applications, grad-
uation, fertility, and labor market earnings. Data on college applications and admissions comes
from the agency responsible for administering the national college entrance exam (Departa-
mento de Evaluacién, Medicién y Registro Educacional, DEMRE). For all students who take
the college admission exam, we observe their gender, high school identifier and high school lo-
cation, GPA, and test scores. We also observe the rank-ordered lists of preferences for major
institution pairs. Since our focus is on the returns of college graduates, we merge this data
with records of students’ graduation coming from the Higher Education Information Service
(Servicio de Informacién de la Educacién Superior, SIES).

We classify students into fields of study based on the major from which they graduate. De-
gree programs are classified by field of study mostly based on the OECD Handbook for Inter-
nationally Comparative Education Statistics (OECD, 2004). There are eight broad categories:
“ Agriculture”, “Science”, “Social Sciences, Business and Law”, “Teaching”, “ Humanities and
Arts”, “ Engineering, Manufacturing and Construction”, “ Health and Welfare”, and “Services”.
To ease the exposition, we reclassify “Social Sciences, Business and Law” into three separate
fields: “Social Sciences”, “Business”, and “Law”. We also separate “Medicine” from “Health
and Welfare” and drop “Agriculture” and “Services” as they represent small (<5% of graduates)
and non-homogeneous college programs in Chile.? All in all, we end up with nine fields of study.
See Appendix A.1 for details.

Fertility data comes from the Civil Registration System (Registro Civil). As of 2023, we
observe the date of birth of all the children of students who applied to college. Labor market
earnings come from the Chilean pension system (Superintendencia de Pensiones, SP), which
administers the social contributions from all formal public and private labor relationships. This
is a universal, high-quality administrative dataset, but it has two limitations. First, it does not
include the hours in the workers’ contract. However, part-time employment is not that common
among college graduate workers in Chile.? Second, wages are censored at the social security
contribution limit. We address this issue by imputing wages above the limit as in Dustmann
et al. (2009) and Card et al. (2013) (see Appendix A.2 for details). We complement the SP
data with administrative records from the Unemployment Insurance Administrator Agency
(Administradora de Fondos de Cesantia, AFC). This data only covers formal labor relationships
in the private sector but we use it for a dual purpose. First, it allows us to reproduce our main
results among a subset of individuals in the private sector with a higher wage censoring limit.
Second, AFC data contain firm identifiers which allows us to estimate a two-way fixed effects
model to proxy for firm premia (Abowd et al., 1999, Card et al., 2013) and quantify the extent

to which gender differences in firm sorting contribute to the gender earnings gap.

2 Appendix Figure A.5 presents the distribution of college admission test scores in each field of study.
3 According to the household survey CASEN 2017, only 8.6% of prime-age college graduates report to have
worked part-time.



For our analysis, we focus on students who applied to college through the centralized admis-
sion system between 2004 and 2007, and who were accepted at least into a program. Table 1
presents descriptive statistics for individuals in our sample for whom we observed labor market
earnings in 2019. There is much variation in the number of students, their average admission
test scores, and demographics across genders and fields of study. Engineering has the high-
est number of male graduates, whereas Teaching has the highest number of female graduates.
Medicine is the most selective field, while Teaching is the least selective. Compared to Medicine,
Teaching graduates come from a more disadvantaged background (e.g., less than 20% of their
fathers have a college degree versus 50% of the fathers of graduates from Medicine). Across
fields and genders, students from public schools and with public health insurance are signifi-

cantly underrepresented.

Gender Earnings Gaps in Chile: We now present cross-sectional and time series evidence
regarding gender gaps in Chile to provide perspective and benchmark our focal analysis.

We begin with a historical lens documenting trends in gender representation across majors
and its potential contribution to the overall gender gap. To do so, we use the largest household
survey in Chile (CASEN by its Spanish acronym). Respondents of the 2017 survey wave report
their majors and wages, which allows us to decompose changes in the gap in the spirit of Sloane
et al. (2021)’s analysis focusing on United States college graduates. Specifically, we construct
a major “similarity index” (as a re-normalization of the inverse Duncan-Duncan index) and
a “potential wage index” (that assigns to everyone within a major the average hourly wages
of prime-age male workers in that major). Appendix Figure A.2 presents the across-cohorts
evolution of both indexes. As in the US, majors in Chile have become less segregated over time.
As shown by panel (a), the similarity index increased from 0.55 for the 1960 birth cohort to 0.68
for the 1990 birth cohort, indicating that both genders are more evenly spread across majors
for more recent cohorts.* Coupled with the improvement in gender integration, the earning
potential of women has also increased over cohorts. Nonetheless, as shown by panel (b), women
still have a lower earnings potential than males due to their sorting into lower-paying majors.

Turning to more recent cross-sectional differences, panels (a) and (b) of Figure 1 show the
graduation and log earnings of the graduated individuals in our main estimation sample by
gender and field of study. A salient fact from this figure is the “STEM gap” as men graduate
disproportionally more from Engineering and Science, while females graduate disproportionally
more from Health and Teaching, which are lower-paying fields than Engineering and Science.
This suggests that the gender earnings gap might result from differences in preferences for fields
of study. One potential culprit partly governing choice differences is a non-pecuniary outcome,
fertility, which we show in panel (c). Fields of study with higher earning levels tend to have
lower fertility outcomes, with a correlation between earning and fertility returns equal to —0.57.

To quantify the importance of sorting and representation, we decompose the gender earn-
ings gap among college graduates. For this purpose, let M? stand for the average earnings of

individuals of gender g who graduate from major j, and let s? stand for the share of individuals

4For the US, using the 2014-2017 American Community Survey, Sloane et al. (2021) reports that the same
index increased from 0.55 for the 1950 birth cohort to 0.64 for the 1990 birth cohort.



that graduated from field 7 among those of gender g. Using this notation, we can decompose the
overall earnings gender gap among college graduates E[Earnings | Female] — E[Earnings | Male]

into differences in sorting across fields of study and differences in returns within fields of study:

YDETTES DEUVIED 3L pE UMD )
J J J J

ARepresentation AReturns

The first term of Equation (1) captures differences in sorting patterns holding earnings constant;
thus, it represents the share of the gap explained by the fact that men and women graduate from
different fields of study. The second term holds the sorting patterns constant to capture within-
major earnings differences, which may be driven by labor market factors disproportionately
affecting women, such as discrimination, child penalties, or differential firm sorting. Figure
2 presents the results from this exercise that decomposes the gender earnings gaps—which
corresponds to 19.2% ($4,758 USD per year in favor of men)—into these two components. We
see that Engineering and Science are the main contributors to men’s higher earnings and that
this is mostly due to the low representation of females in these fields.

Three important takeaways from this descriptive evidence inform our main analysis. First,
gender differences in earnings and fertility outcomes potentially contribute to the representa-
tion gap in economically meaningful ways. Second, the decomposition demonstrates that the
representation component is sizable, accounting for 82% of the gender earning gap. Third, the
underrepresentation of women in high-earning fields such as Engineering and Science is an im-
portant channel explaining the overall earnings gap. The latter takeaway points to policies that
can affect the allocation of students to fields of study, which in many settings, including Chile,
are much more feasible given centralized assignments (i.e., policymakers have more control over
5? in the sense that varying priority structures allows policymakers to address the portion of
the gap driven by across majors representation gaps). The scope of such policies in reducing
the gender earnings gap hinges on return estimates, rich treatment effect heterogeneity, and the
extent to which there is excess demand among women. We formalize these factors next in our

conceptual framework.

3 Conceptual Framework

One of the primary goals of our analysis is to study factors contributing to the gender earnings
gap among college graduates, which requires us to estimate monetary returns to different fields
of study and their impact on fertility. Recent advances in the literature have proposed new ways
of estimating treatment effects in systems with centralized assignment (Abdulkadiroglu et al.,
2017, 2020, Kirkeboen et al., 2016). Our emphasis on major choice and potential reallocative
policies necessitates a framework that models both vertical and horizontal dimensions of major
effects. Therefore, we begin with a relatively non-parametric discussion of major effects in the
spirit of Mountjoy and Hickman (2021), transparently discussing how students sort into majors
and what kind of sorting is reasonable in our particular setting. We then link this discussion

to our empirical approach, which borrows from the school choice literature (Abdulkadiroglu et



al., 2020), linking a major choice model to potential outcomes for identification.

Vertical and Horizontal Major Effects: We index the population of accepted college ap-
plicants by ¢ € Z and majors by j € J. The potential outcome of student ¢ completing major
7 is:

Yij = Yio + pij (2)

where Yj is their potential outcome if they do not graduate from college, or a summary measure
of their ability, and p;; is the idiosyncratic return of major j. For expositional purposes, we
denote ability as a; = Yjo. Denote F; € J as student i’s completed field or major.

Applicants submit a rank-ordered list, R; € R, containing a partial ordering of majors, and
also report an entrance exam score, S; € S. A student type is defined as 6; = (R;,S;) € O.
In previous work, it has been argued that information in college application and admissions
portfolios reveals information about student ability (Dale and Krueger, 2002, Mountjoy and
Hickman, 2021). In settings with centralized assignments, where access to majors is strongly
governed by entrance exam scores, the intuition behind the self-revelation principle also applies.
Therefore, we assume that the composition of the rank-ordered list in addition to entrance exam

scores adequately summarizes the student ability.

Assumption 1. Student types proxy for student ability,

a; = Z gf)gﬂ[@z = 0] —f—ui,

0ce

Assumption 1 states that any residual variation in ability, not captured by student type 6,
is not systematically related to their choice of major. With access to rank-ordered choice data
and entrance exams, we can now ask what observational comparisons recover under Assumption
1. With observed outcomes, Y;, we can further fix §; = 6 and compare the mean outcomes of

major j graduates to those of non-graduates (j = 0):

EY;|F; = 4,0 — E)Y;|F; = 0,0] = Eluj|F; = j, 0] + Ela;|F; = j,0] — Ela;|F; =0,60].  (3)

ATT;(0) Selection bias = 0, by Assumption 1

Equation (3) shows that observational comparisons within types 6 recover #-specific average
treatment on the treated effects. Averaging across the support of the distribution recovers the
average treatment on the treated. While empirically interesting and important to some extent,
this quantity masks different sources of essential heterogeneity (Heckman et al., 2006) that may

be important to policymakers. To see this concretely, we can write the ATTj(6) as:
ATT;(0) = Elpij | 0] +(Elpi; | = 5,0 — Elpi; | ).
—_—
ATE; ()

The first term is the average treatment effect among students type 6. The latter term captures

selection on gains in terms of major choice among those with preferences R and exam score
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S. For example, selection on gains would be positive among students of type 6 if the returns
to those who complete major j are larger than those obtained by the average student type 6.
In decentralized settings, this kind of sorting is more of a concern as there is a lot of scope
for residual sorting even after you reveal your preferences and exam scores. In a setting with
centralized assignments and single offers, however, this kind of sorting is less of a concern as
a multitude of lotteries govern final access to majors. We summarize this in the following

assumption.

Assumption 2. In settings with single-offer centralized assignment of students to programs
and majors, let Z; € J correspond to a student’s offered major and let D; be an indicator for

compliance with the assignment. Let F; correspond to their enrolled or completed magjor,
F,=D;Z; + (1 — Di)FiI,

where F] is a major student i completes in case they do not comply. Compliance, D;, and

residual ability, u;, are as good as random, conditional on type 0:
DZ’JL,U,Z‘J' ’9 and DZJLUZ‘H

Assumption 2 states that, conditional on type, any non-compliance is unrelated to major returns
and student ability. The assumption is analogous to the conditional independence assumption
in Angrist et al. (2024), requiring students to comply with their randomized offer for estimation
of risk-controlled value-added models. This assumption rules out selection on gains into majors

conditional on type, formalized in the following lemma.

Lemma 1. In settings with a single-offer centralized assignment and compliance that is as good

as random conditional on type, selection on gains into majors conditional on type is zero:
Eluij | Fi = 3,0 — Elpi; | 0] =0

These results utilize institutional features of centralized assignment systems to rule out the
kind of sorting that has raised concerns in estimating the returns to college selectivity (Dale
and Krueger, 2002).° Nonetheless, the conditional average treatment effect nests additional
horizontal effects of interest that cannot be assumed away. Similar to the decomposition above,
we can write

ATE;(0) = Eliy | Z)+ (Ely | 0] — Elpsy | ), (4)

ATE;(T) M

where the #-specific average treatment effect depends on the average treatment effect among

the population of college applicants, Z, and additional sorting terms. In contrast to the initial

®As Hoxby (2009) points out, “the [Dale and Krueger] strategy generates estimates that rely entirely on the
small share of students who make what is a very odd choice. These are students who know that they could
choose a much more-selective college and who have already expressed interest in a much more-selective college
(they applied), yet, they choose differently than 9 out of 10 students. Almost certainly, these odd students are
characterized by omitted variables that affect both their college decision and their later life outcomes.” That
observation underscores the empirical relevance of this kind of sorting in decentralized markets. In settings with
centralized assignment, however, this kind of concern is much attenuated.
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sorting terms above, these terms capture how idiosyncratic treatment effects among type 6
deviate from the average treatment effect for the typical college applicant. This sorting on gains
is analogous to the type considered by Kirkeboen et al. (2016), where preference heterogeneity
is associated with potential outcomes directly. This sorting is more closely associated with the
formation of the rank-ordered list, an element of 6, governed by inherent preferences, and less
so with the actual decisions taken at a later stage.

In the next section, we introduce a choice model that provides a framework to summarize
student types, #, and proxy for student ability in a more tractable, lower-dimensional form.
By incorporating elements of this choice model into the potential outcomes, we can effectively
capture the sorting on gains, M;;. Through a combination of distributional assumptions on
unobserved preference heterogeneity and parametric assumptions on potential outcomes, this
approach enables us to recover both the average treatment effect, AT F;, and the sorting term,

M;;. We begin by detailing the structure of the choice model.

Major Choice: We model demand for majors, abstracting away from demand for particular
programs or institutions, relative to an outside non-college option.® The empirical demand
model we estimate nests a few assumptions that we now discuss. Student ¢’s indirect utility in

outcome j is given by:

Ujj = Z Pﬁ(i)ATEJk(Xi) + Ade(i)dig T Ape(i)Pe(i); T i (5)
ke
where d;; is the distance between student ¢’s high school and their most-preferred program
corresponding to field j, pe(;); is the mean net price of field j among students in cell ¢, and 7;;
captures any remaining unobserved preference heterogeneity.

Equation (5) nests a few empirically convenient assumptions. First, the model assumes
students can forecast their mean potential outcomes, and as a consequence, their covariate-
specific average treatment effects denoted by AT E]]“(Xz)7 Second, we parameterize preference
heterogeneity to be covariate-specific and aggregated into distinct cells ¢(7).® Third, and related
to financial aid and net price, students in Chile face different financial aid schedules governed
by rigid discontinuities in the PSU distribution. We account for this in our choice of cell strata,
which include different non-overlapping PSU score groups. Therefore, we assume that students’
net price is constant within a cell. The three assumptions allow us to summarize the mean

utility for major j among those in cell ¢ as:

ko k
Oc(i); = Z Pe(iyHj (X5) + Ape(i)Pe(i)j -
kek

5Collapsing demand estimation is common in the literature. Abdulkadiroglu et al. (2020) estimate demand
for schools as opposed to programs, similar to us estimating demand for majors instead of programs. Laverde
(2022) uses similar aggregations in the context of pre-K in Boston.

"We view rational expectations assumption on mean outcomes as more reasonable than rational expectations
on potential outcomes Yj;.

8The cells include 2 school types, 3 macro-regions, 3 financial aid-relevant PSU ranges, and gender.
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The empirical indirect utility specification is therefore:
Uij = Oc(i)j + Ade(i) di + Mij-

Following standard assumptions in the discrete choice literature, we assume that 7;; has an

Extreme Value Type 1 distribution conditional on d.(;); and d;;.

Identification of Returns: Our empirical approach links potential outcomes to the choice

model by allowing the unobserved preference heterogeneity to affect potential outcomes. For

j=1,---,J, the potential outcome of student i is:’
Yij =X+ Y Gilnir =) + o+ B;Gi + 5 (nij — 1) +eij (6)
a; ATE;(G;) M;;

Hij

Equation (6) imposes a few parametric assumptions relative to Equation (2). First, student
ability is fully summarized by elements of X; and unobserved preference heterogeneity. Ele-
ments of X; include student entrance exam scores, and adjusting for an entrance exam score
is common in the literature (Altonji et al., 2012, Andrews et al., 2022). In addition to that,
we allow the potential outcomes of two individuals with identical exam scores to vary if their
underlying preferences are different. The coefficient v; captures this kind of selection on lev-
els, where 9; > 0 suggests that individuals with stronger unobserved tastes for major [ have
larger potential outcomes, regardless of the major they complete. Second, the average treat-
ment effect is summarized by a; and 3; allows for a gender differential. Third, M;; captures the
preference-specific sorting on gains discussed above and is linear in the unobserved preference
heterogeneity. The 1 captures the so called match effects, commonly referred to as selection
on gains in these types of models (Abdulkadiroglu et al., 2020, Bruhn et al., 2023, Einav et al.,
2022, Otero et al., 2021). In the case that Y7 > 0, students that both have a higher preference
for major j and complete major j experience an additional earnings gain, evidence of positive
Roy (1951)-like selection.

The conditional expectation of an observed outcome Y; is given by:

E[Y;|Ri, Xi, Gi, j(i) = j] = a;+B;Gi+7yXi+ Y iNi(0(Ri, Xs), Gy, Di)+¢5 M (0(Ri, X5), Gi, Dy),
1
(7)

where \;(6(R;, X;), G, D;) are control functions derived from rank-ordered choice data con-
tained in R; and an extreme value type 1 (EVT1) assumption on the unobserved preference
heterogeneity. Therefore, we can estimate heterogeneous major returns with estimates of \; for
each major j.

Define the return to major j relative to the outside option as 7;(0(R;, X;), Gi, D;). Through

the lens of the model above, the conditional average treatment effect of major j is:

Ti(0(R;, Xi), Gi, Di) = o + BiGi + i A\ (0(Ri, Xy), Gi, Dy). (8)

9We ignore the index k in the subsequent discussion for expositional ease.
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The parameter ¢} governs the degree to which preference heterogeneity, governed by X;, R;, and
D;, maps to variation in treatment effects. The parameter w;»‘ is identified by comparing students
completing the same major but with differing measures of A\;. The §; are identified similarly
but comparing students completing the same major but of different genders. In contrast, the
a; are identified by comparing students that are identical, including their A;, but vary in
their completed major. The embedded random assignment of students to majors in centralized
assignment systems induces the variation in completed majors conditional on their preferences.

What kind of sorting on gains does ¢} identify? To begin, note that A;(0(R;, X;), Gi, D;)
does not depend on students’ actual completed major. This means that the parametric as-
sumptions imposed above rule out sorting on gains into majors among individuals of the same
type, analogous to Assumption 2 discussed above. In contrast, the \;(0(R;, X;), G;, D;) do cap-
ture selection into application portfolios analogous to the sorting reflected in Dale and Krueger
(2002) and Kirkeboen et al. (2016).

It is worth mentioning that this approach bears additional resemblance to fallback condition-
ing presented in Kirkeboen et al. (2016), as treatment effects vary according to the composition
of a student’s rank-ordered list, R;. For example, the return to a given field includes a match
effect governed by the submitted rank-ordered list, including the fallback option and any subse-
quent fields a student ranks. This means that treatment effects for major j differ for individuals
with different fallbacks, and even among individuals with similar fallbacks, additional differences
in the composition of the rank-ordered list produce additional differences in treatment effects.
Therefore, our assumptions governing selection into majors play a dual role. They allow us to
estimate causal effects by accounting for preference heterogeneity flexibly while simultaneously
allowing us to overcome power limitations from other data-demanding approaches emphasizing
the importance of fallback conditioning (Dahl et al., 2020, Kirkeboen et al., 2016). Accounting

for this heterogeneity in returns is crucial for any reallocative policy.

Estimating the Choice Model: We leverage rich information contained in applicants’ rank-
ordered lists to estimate the parameters of the choice model that then allow us to construct
the control function \;j(0(R;, X;),Gi, D;). We rely on the fact that truthful reporting in the
Chilean centralized assignment system is a weakly dominant strategy.'® A student reveals field
7 as their most preferred if they list it at the top of their list, the next-stated field is their second
preferred, and so on. Preferences are summarized by a vector R; = (Ry;, Rai, - - - ,Rj(i)l-) where
Ry; is the top-listed field and the length of the list j(i) is allowed to vary across students.'!
Thus, under truthful reporting, students’ top-ranked field satisfies:

Ry; = argmax U,
seJ
while the remaining options satisfy:

Ryi = argmaXee 7\(Ry,, ,Ry_1)Uis: k> 1.

10Chile uses a variant of a student-proposing deferred acceptance algorithm for seat allocation in which truthful
reporting is a weakly dominant strategy.
"For example, some students rank a single field across their list, while others rank multiple fields.
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The EVT1 assumption allows us to express the likelihood of observing the major-specific

rank-ordered list as follows:

C(Ri|X:) = jl(—Z[) exp(Oke + Adedir)
o k=1 Z?‘GRZ'\Ru,--- JRE_1 exp((sTc + Adcdir)

We estimate preference models separately for the 36 covariate cells defined above (i.e., 2 school
types, 3 macro-regions, 3 financial aid-relevant PSU ranges, and gender) via maximum likelihood
to obtain a list of major-specific mean utilities.

One potential concern with our estimation approach is potential deviations away from truth-
ful reporting. As Fack et al. (2019) points out, some students may skip the impossible, or
constrained list lengths may introduce other empirical challenges (Haeringer and Klijn, 2009).
To the latter point, few students rank all fields of study, so that concern does not apply in
our setting. However, we may observe some students never ranking Medicine because their
PSU score is far from the cutoff, even though they may prefer Medicine programs. Estimat-
ing preferences under an ez-post stability assumption is an increasingly popular approach that
circumvents these issues. We choose not to use this approach in our main analysis for several
reasons. To begin, estimating demand is not our end goal, and our focus is to estimate returns
to the field of study and field-specific match effects. This requires identifying the A;, which is
complicated by the implicit extrapolations embedded in the stability assumption. Simply put,
the A\; are not well-identified for low-scoring students applying to fields of study with high ad-
missions thresholds, i.e., identification would require the strong assumption that the preferences
of “high-ability” students are identical to those of “low-ability” students.

To avoid these kinds of assumptions, we adopt an approach that utilizes all of the information
contained in each individual’s rank-ordered list to construct individual-specific control functions,
emphasizing that approaches that exclude sizable amounts of data do so at the potential cost

of misspecifying control functions, which are essential for identification.

4 Returns to Fields of Study, Preferences, and Gender Gaps

This section reports the pecuniary and non-pecuniary impacts of various fields of study, with
estimates of mean returns and match effects that vary by gender. We also show the robustness
of our empirical approach by testing for bias in the spirit of Deming (2014) and Angrist et al.
(2017). Having documented significant differences in returns across fields of study and gender,
we examine whether men and women weigh pecuniary and non-pecuniary outcomes differently
and analyze how these differences may contribute to the earnings gap. We conclude this section
by providing descriptive evidence of significant heterogeneity in estimated child penalties across
fields of study, demonstrating the choice of major, earnings, and fertility interact in the labor

market in economically meaningful ways.
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4.1 Gender Differences in Returns and Match Effects

Tables 2 and 3 report gender-specific pecuniary and non-pecuniary returns and match effects
estimates among the pool of accepted college applicants. Estimates come from an empirical

analog of the model (7),

Y; = Z ajdij + Z Oé]GdZ]Gz + Z¢jj‘z] + ijGj‘l]Gl
j j J 7

+> ¢;5\ijdij +> w;Gj\ijdijGi + 08X + pt + ¢y + €y (9)
J J

where we consider two outcomes: log earnings and an indicator for having at least one child
twelve years after applying to college. The variable d;; = 1(d; = j) is an indicator that equals
1 if individual ¢ completed field j, and 0 otherwise; and G; is another indicator variable that
equals one if an individual 7 is female. 5\ij is the control function proxying for individual’s i
preferences for field of study j and X; are quadratic polynomials of the college admission PSU
score in mathematics and language. We include cohort (i.e., year of application) p; and cell Pei)
fixed effects, where a cell is defined by two school types (public and private), 3 macro-regions
(north, center, and south), and 3 financial aid-relevant PSU ranges (<450, € (450,550), >550).
To ease interpretation, we standardize 5\2-]- within a cell.

We use a parametric bootstrapping procedure to account for estimation errors in the con-
structed control functions 5\13 Concretely, for each cell ¢, we have an estimate of the asymptotic
distribution of (d.j, Agc), which we can draw from in each bootstrap iteration b to construct dif-
ferent control functions. Thus, we estimate the model (9) using ordinary least squares and the
bootstrapped control function S\i’k We report the mean estimate across 100 bootstrap iterations

and the mean of the standard errors for each of the model’s parameters.

Pecuniary impacts: Table 2 reports major effects on log earnings relative to not graduating
among the pool of accepted college applicants. Pursuing and completing a college education
is a good investment in Chile; the average return is 43 log points for women and 51 for men,
with sizable differences across fields of study. All fields of study, except for Humanities, exhibit
positive returns ranging from 17 to 80 log points. Medicine, Business, and Engineering are the
three fields of study with the largest returns, ranging from 55 to 80 log points. The noise-
adjusted standard deviation in mean returns for women is 22.5 log points and 29 for men. This
estimated dispersion in returns mirrors similar patterns found in Altonji et al. (2012) in that
the heterogeneity in returns rivals the college premium.'?

We estimate gender differences in returns across all fields of study, which vary but are mostly

modest. Among these, men exhibit larger returns in Law, Science, Engineering, and Medicine,

12 Appendix Table B.3 reports major effects on total earnings, accounting for potential extensive margin impacts
across majors. The results are qualitatively similar. To assess the potential influence of the top-coding on our
results, we report estimates using the AFC (private sector) data in Table B.2; this data has a higher censoring
limit but it is restricted to only the private sector. The results are also qualitatively similar. Medicine is the
most-impacted field of study. One explanation for the differences is the large role the public sector plays as an
employer for doctors. Many doctors practice at both public and private institutions, so estimates using AFC
data will only capture a portion of their yearly earnings.
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although only the differences in Science and Engineering are statistically significant. Male
returns to Science degrees are roughly 20 log points larger than Female returns to Science, and
men have a roughly 7 log points larger return to Engineering. In contrast, estimated returns
are nominally higher for women than men in Social Science, Teaching, Humanities, Health,
and Business, fields with relatively lower returns. Except for Business, female representation
is larger in fields where they have nominally higher estimated returns, and only in Teaching is
their larger return statistically different from that of men. Overall, gender differences in mean
returns are modest.

Gender differences in average returns inform about one dimension of the gap, but match
effects can dilute or amplify the gender gaps. We find strong evidence of selection on gains in
that students with larger estimated preferences for a given major—as captured by the control
functions—also experience larger returns from that major compared to others with lower esti-
mated preference intensity. We can strongly reject the null hypothesis that men and women do
not sort on gains. This evidence is consistent with the growing body of work finding selection
on potential earnings gains in higher education settings (Kirkeboen et al., 2016, Otero et al.,
2021). We find limited evidence of gender differences in match effects; only one of eight pairs
of match effects is statistically different between men and women, corresponding to Teaching.

The match effect estimates tell us about the direction of the diluting or amplifying effect,
but they do not precisely quantify the relative importance of the match versus return channel.
This is because men and women exhibit differences in the intensity of their preferences for
fields of study. Appendix Figure B.1 sheds light on the relative importance of the return and
match effect channels over time. Except for Science and Engineering, within-major differences
in earnings tend to be modest, and match effects play a relatively minor role in explaining the
within-major gap.

What contributes to the vast heterogeneity in returns to fields of study? We study the role of
differences in firm sorting in Appendix Table B.1 and document two facts. First, the impact of
majors on firm premia varies substantially, with a mean return of 11 and 15 log points for women
and men, respectively. The mean effects on firm premia are roughly one-third of the overall
impact on earnings reported in Appendix Table B.2. This shows that firms play a sizable role in
explaining the observed differences in returns to majors. Second, although there is meaningful
heterogeneity in firm premia impacts, gender differences are much less pronounced, suggesting
that differences in firm sorting play a less important role in contributing to the overall gender

earnings gap among college graduates.

Non-pecuniary impacts: Table 3 reports the effects of college majors on fertility, measured
as the likelihood of having at least one child twelve years after applying to college. The overall
mean impacts of majors on fertility differ substantially between men and women. For women,
completing college tends to delay fertility, with a mean impact of -0.03, while men experience a
larger negative impact on fertility, with a mean effect of -0.11. This indicates that major choice

has a more pronounced effect on reducing fertility for men compared to women.'?

13 As shown by Appendix Table B.4, we find similar results if we look at fertility also on the intensive margin,
using the number of children as the dependent variable.
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The dispersion in fertility impacts across fields of study is also notable. For women, the
noise-adjusted standard deviation of fertility impacts is 0.06, suggesting that the variation
across majors is twice as large as the mean impact. This highlights the significant influence
that major choice has on fertility decisions later in life. For men, the dispersion is smaller, with
a noise-adjusted standard deviation of 0.03, yet it still reflects meaningful variability across
different fields of study.

We find no compelling evidence that selection on gains or match effects meaningfully influ-
ence fertility outcomes. This suggests that differences in preference intensity for fields of study
do not systematically correlate with the fertility treatment effects observed across different ma-
jors. This lack of significant match effects is consistent across both genders, indicating that the
observed fertility impacts are not driven by selection on gains. It is worth noting, however, that
we assess match effects based on college application preferences, a stage at which there can be
more bias regarding fertility than earning impacts, i.e., motherhood might be an information
shock to beliefs Kuziemko et al. (2018).

Finally, the gender differences in mean fertility impacts are large, with men experiencing
more substantial negative impacts than women across most fields of study, a common finding
insofar as males have children at relatively older ages (Wang et al., 2023). The fact that
Teaching and Health are the fields most associated with fertility while Law and Humanities
are more associated with childlessness is consistent with the patterns found in Europe and the
United States (e.g., Hoem et al., 2006, Michelmore and Musick, 2014). Since a large share of jobs
in Teaching and Health are provided by the public sector, this is also consistent with Goldin
and Katz (2008) observations that: “women in careers with the greatest predictability and
the smallest financial penalty for time out have the most children”. These findings underscore
the substantial role that major choice plays in shaping fertility outcomes, with clear gender

differences and significant variation across fields of study.

4.2 Testing for bias in pecuniary and non-pecuniary returns

The preceding evidence demonstrates striking heterogeneity in pecuniary and non-pecuniary
returns to different fields of study. Our empirical approach assumes that accounting for pref-
erence heterogeneity captured by partial orderings contained on rank-ordered lists sufficiently
accounts for selection bias. Other approaches would further leverage capacity constraints, iso-
lating a multitude of quasi-experiments embedded in centralized assignment (Abdulkadiroglu
et al., 2017, Abdulkadiroglu et al., 2022). Our interest in documenting selection patterns in
fields of study precludes us from adopting this approach. Nonetheless, we can leverage our rich
data and setting to validate our empirical approach. Intuitively, the validation exercise asks
whether the return predictions implied by our empirical approach are commensurate to returns
implied by a quasi-experimental approach that uses both preference information and capacity
constraints.

The core elements that create these stratified experiments are applicant types, 0;, defined
in Section 3, a vector of degree cutoffs 7, and a bandwidth ¢. Abdulkadiroglu et al. (2022)
shows that the multitude of quasi-experiments embedded in centralized assignment produces

major-specific propensity scores that account for both preferences and capacity constraints,
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which we denote by p;;(6;,7,6). The propensity scores are defined locally in settings such
as ours with non-random tiebreakers, so they depend on flexible polynomials of the program-
specific running variables, g(60;, T, 7;), where r; is notation for program-specific running variables
which are a function of entrance exam scores, R;, that are an element of #;. Last, because not
everyone applies to every program, let a;, denote the application to a program m indicator.
For expositional purposes, let fs(pij, @im, gr(0i, 7,7i,6)) = o0 Ymak@im + 2_; VipkPi (0i, T, 73) +
gr(0;,7,73,0) for s = 1,2 summarize the function that nests the local propensity scores, running
variables, and application indicators. Conditional on fi, or equivalently, conditional on a;p,,
pij, and g1, offers to different majors—denoted by Z;;—are locally random and this is the
benchmark variation we use to validate our empirical approach.

For the validation exercises, let Y; correspond to an observed outcome of individual ¢ and
let Y; be the predicted outcome implied by our preferred empirical approach reported in Table
2 and Table 3. The validation exercise amounts to estimating the following model via two-stage

least squares:

Y =31 Zi + f1(pijs @ims 91 (Riy 7, X1, 70, 0)) + €1
J

Vi = Yi + fo(pijs Gims g2(Riy T, Xi,70,0)) + €2;. (10)

If the return predictions implied by our preferred empirical approach are commensurate to the
returns implied by the quasi-random variation, then ¢ = 1, and our empirical approach is
forecast unbiased. The overidentified nature of the validation exercise further allows for a test
of the predictive validity of our approach for each field of study.

We conduct the validation exercise for both fertility and earnings models separately. Table
4 reports test results for three different models of interest. Column 1 reports test results for an
uncontrolled model; Column 2 augments the model with quadratic polynomials in PSU scores,
cell fixed effects, and cohort fixed effects; Column 3 adds the control functions. Column 1 is
a useful starting point to demonstrate the prevalence of bias in models that do not adjust for
observable differences that correlate with major choice. The second model contains observables
available in a host of papers and serves as a useful data point to gauge the potential bias present
in those papers (Altonji et al., 2012, 2016, Andrews et al., 2022). Column 3 is our preferred
model corresponding to the specification used to obtain the estimates in Table 2 and Table 3.

Panel (a) shows that uncontrolled earnings models exhibit substantial bias, with a forecast
coefficient of 0.72. Models that include cell and cohort fixed effects and polynomials of PSU
scores, analogous to SAT scores in other papers, show an improvement with a forecast coef-
ficient of 0.86. The forecast coefficient in Column 2 is marginally significantly different from
1. Our preferred model produces a forecast coeflicient of 0.98, underscoring the importance of
accounting for preference heterogeneity to improve the average predictive validity of earning
impacts. This evidence bodes well for other approaches and settings that use preference data
to account for selection bias (Dale and Krueger, 2002, Mountjoy and Hickman, 2021).

Panel (b) reports broadly similar findings for fertility impacts. Uncontrolled models have a
substantial forecast bias, and adding rich controls attenuates the forecast bias, but to a lesser

extent than in earnings models. Adding control functions that characterize selection into majors
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produces a forecast coefficient of 0.95 that we cannot reject equals one. The overarching conclu-
sion from the validation exercise is that our preferred model adequately characterizes selection
into majors and produces treatment effects that line up with quasi-experimental approaches

leveraging locally random assignment to majors.

4.3 Gender Differences in Preferences for Family Considerations and their
Contribution to the Earnings Gap

While the connection between majors and earnings follows from canonical human capital mod-
els that view education as an investment with pecuniary returns (Becker, 1964), the connection
between major choice and fertility is more subtle. Among a sample of “high-ability” undergrad-
uates in the US, Wiswall and Zafar (2021) show that males and females have varying beliefs
about future fertility and provide compelling evidence that fertility and earnings are important
determinants of choices. We provide an alternative perspective by empirically assessing the
relationship between preferences and ex-post earnings and fertility returns across a nationally
representative sample in Chile. Through the lens of the choice model, we relate cell-specific

mean-utilities with cell-specific returns:
Sie = PPV + 9 VL + e (1)

where the parameters p¥ and p!” yield insights about the importance of earnings and fertility in
shaping major choice decisions. To proxy for Yff and }7]15 we consider both the mean earnings
and fertility of major j graduates in each cell ¢ (residualized with respect to test score poly-
nomials) and the causal estimates of earnings and fertility of major j graduate, from our main
model (9), estimated at the cell level.'*

Table 5 reports estimates of Equation (11). Columns 1-3 report the results obtained when
considering the average earnings and fertility by cell and major. Columns 4-6 show the results
obtained using the causal impacts on earnings and fertility, estimated by cell. Panel (a) shows
that cell-and-major-level mean earnings and fertility independently predict major choice when
we pool across genders. Specifically, Column (1) indicates that a one standard deviation in-
crease in earnings corresponds to a 0.28¢ rise in mean utility. Likewise, Column (2) reveals that
a one standard deviation increase in fertility leads to a 0.21¢ increase in mean utility. Column
(3) demonstrates that both earnings and fertility remain predictive of choices even when con-
trolling for each other, suggesting that applicants’ demand is similarly elastic with respect to
both factors. Columns (4) to (6) report quantitatively and qualitatively similar results when
considering the cell-and-major-specific causal impacts on earnings and fertility.

Panel (b) explores gender differences in preferences, revealing significant heterogeneity. De-
mand of both men and women is predicted by earnings and family considerations, but for
women, earnings are less predictive, and family considerations are more predictive. This pat-
tern is consistent across both univariate and multivariate preference models. For example,
Column (6) indicates that, for women, a one standard deviation increase in causal impacts on

fertility, holding earnings constant, is associated with a 0.260 increase in mean utility. Con-

14%We also control for the average cost of each field of study in this specification.
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versely, when fertility is held constant, a one standard deviation increase in earning impacts
are associated with only a 0.160 increase in mean utility. In contrast, similar earning impacts
(holding fertility impacts constant) are associated with a 0.350 increase in mean utility for men,
and their demand is not predicted by family considerations once earnings are held constant.
These results suggest that the differing weight placed on family considerations by men and
women may significantly contribute to gender disparities, something we explore further through
a counterfactual analysis.

We perform a simple counterfactual exercise to assess how family considerations relative
to earnings lead to gender gaps. For this, we first equalize the importance assigned to family
considerations across men and women, i.e., we assign the same importance of fertility impacts
P to men and women. Then, we leverage our choice model to predict the shares of individuals
of gender g that would apply to each field j (s? ) under this counterfactual assignment,'® and
estimate the implied gender gap using Equation (1).

Appendix Figures B.3 and B.4 report the estimates from this exercise. Appendix Figure B.3
shows that equalizing family considerations between genders—while holding other preferences
constant—can reduce the earnings gap by 17-24 percent. Notably, assigning male preferences
to everyone has a slightly greater effect, largely because it minimizes the influence of family
considerations on choice behavior. Appendix Figure B.4 breaks down the changes observed in
Appendix Figure B.3. Compared to Figure 2, equalizing preferences for family considerations
significantly reduces the contribution of Engineering programs to the overall gender earnings
gap while diminishing the offsetting impact of Teaching and Health programs. Nonetheless,
differences in representation across fields of study remain the primary driver of the gap in each
counterfactual scenario.

Naturally, since fertility impacts might be correlated with other factors, we consider this
evidence to be suggestive. Nonetheless, it underscores how a potential gender-conforming chan-
nel can contribute to the gender earnings gap by affecting pre-labor market human capital

investments.

4.4 The Child Penalty Gap Across Majors

Having established that majors causally impact earnings and fertility, how do they further
interact in the labor market? The relationship between these factors is complicated in that
changes in earnings have income and substitution effects on fertility. A higher income makes it
more feasible to have children but also raises the opportunity cost of having children (Galor and
Weil, 1996, Lovenheim and Mumford, 2013). Differing incomes also affect household bargaining
decisions (e.g., Chiappori and Mazzocco, 2017). All of this is further compounded by how
gender norms affect general labor market behavior and within-household decisions (Akerlof and
Kranton, 2000, Bertrand et al., 2015, Jayachandran et al., 2023). Simply put, the relationship
is complicated.

We shed light on this issue with descriptive evidence focusing on the child penalty gap
(Kleven et al., 2023, 2019a, 2021, 2019b), a summary statistic that encapsulates the aforemen-

5We compute the counterfactual shares s7 as exp(djc)/ > Z]. exp(;c), where §;. is the mean utility predicted

by model (11) under the counterfactual assignment of fertility weights p*.
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tioned forces without taking a strong stance on how they interact. We estimate child penalties
for college graduates majoring in the nine fields considered throughout the paper. Specifically,
we focus on men and women who had their first child after their graduation year, and following
Kleven et al. (2019b), we estimate the impacts of children on women and men separately to
construct the child penalty as the percentage by which women fall behind men due to children
at a given point in time. We have a more limited window of coverage compared to existing
studies (Kleven et al., 2019a) and can estimate child penalties only up to 4 years after the birth
of a child, so our estimates are relatively short-run. See Appendix C for the estimation equation
and additional details.

Figure 3 reports child penalty estimates for each field of study. There is a vast amount of
heterogeneity, with Science and Social Science exhibiting the largest penalties (36% and 32%
percent, respectively) and Business and Medicine exhibiting the lowest child penalties. The
average penalty across majors is a 16% reduction in earnings for women relative to men after
the birth of their first child, with a noise-adjusted standard deviation of 10%. Although the
heterogeneity we document alludes to an empirical interaction between major choice, gender,
earnings, and fertility, the evidence reported in Figure 3 is by no means causal.'®

A host of factors can potentially explain the differences in the estimated child penalties across
fields of study. Variations in the flexibility of work arrangements or gender norms can influence
these penalties partly due to unobservable selection effects, which may act as a countervailing
force. For instance, if majors associated with less flexible positions or less progressive norms
attract students who prioritize career over family or hold less progressive views, this could
mitigate the child penalty. Conversely, conditional on a workforce already selected for such
characteristics, more flexibility and norm progressivity might further reduce the child penalty
gap. To further explore these possibilities we assess the potential influence of gender norms in

the following section.

5 The Role of Gender Norms

What contributes to the various causal and descriptive gender gaps we documented in the
previous section? A growing body of work emphasizes the prescriptive role of norms influencing
economically meaningful decisions (Akerlof and Kranton, 2000, Bertrand, 2011, 2020, Bursztyn
et al., 2017, Oh, 2023). To assess the potential role of gender norms affecting the various gender
gaps we document, we first construct measures of major-specific gender norms associated with
the notion that “a man should earn more than his wife” (Bertrand et al., 2015). We then assess
whether major-specific norms predict major-specific return and child penalty gaps in line with

canonical models.

16 An econometric concern is that we observe child penalties for a selected sample of parents who choose to
have children earlier. Melentyeva and Riedel (2023) finds that age heterogeneity matters but that child penalties
are largest for younger mothers as they are more likely to disconnect from the labor market in years with steep
career growth. This evidence suggests that our estimates may be larger than for the typical parents.
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5.1 Variation in Gender Norms

To study the extent to which gender norms can account for the gaps already documented, we
follow the seminal work by Bertrand et al. (2015) and construct a measure of major-specific
gender norms associated with the distribution of relative labor earnings within households.
We hypothesize that there is variation across fields of study, but we do not take a stance on
whether different degree programs causally influence the norms or whether different majors
simply attract students with different underlying gender attitudes.

Figure 4 depicts, for each of the nine fields of study, the frequency distribution of relative
earnings grouped in 20 bins, along with a lowess (locally weighted scatterplot smoothing) es-
timate of the distribution on each side of 0.5, the point where the woman starts to earn more
than the man.!” In most fields of study, the distribution of relative earnings exhibits a sharp
drop at 0.5, with the largest drops in Law, Engineering, Science, and Medicine and the smallest
in Teaching, Health, Social Science, and Humanities. Appendix Table C.2 presents the OLS
estimates associated with the discontinuity indicators obtained from separate regressions for
each of our nine fields of study.

What else can be driving variation in the estimated cliffs at 0.57 A few other features could
contribute to the variation in the estimated cliffs. First, majors offering students a menu of jobs
with more flexible and less non-linear pay schedules allow for choices that generate a smoother
within-household earnings distribution (Goldin, 2024). From that perspective, the estimated
cliffs are not a product of norms but a consequence of differences in major-specific job access. To
partly gauge the extent of that, we corroborate our norm estimates in publicly available survey
data, where we can further probe the sensitivity of the estimates to differences in labor hours.
As shown by Appendix Figure C.3, we find broadly similar norm estimates among the subset of
couples whose hours worked per week are 40 or more. The patterns in the estimated cliffs using
survey data remain broadly the same, with Social Science and Teaching having smaller cliffs
than other majors but overall mirroring the estimates in Figure 4.'® Second, some majors have
closer ties to the public sector and variation in public sector access could contribute to variation
in the cliffs. We do not find evidence of this as Health, Medicine, and Teaching all provide
strong access to the public sector, and we find sizable differences in cliffs across these fields of
study. Third, some scholars have noted that cliff estimates may be sensitive to bunching at
0.5, casting doubt on its interpretation as variation in gender norms (Binder and Lam, 2022,
Hederos and Stenberg, 2022, Zinovyeva and Tverdostup, 2021). In Appendix C we show that
few couples (7%) have equal earnings in our administrative records and that the estimated
cliffs remain similar after excluding couples with equal earnings. We, therefore, argue that the
variation in the estimated cliffs can be interpreted as variation in breadwinner norms across
fields of study.

" This figure considers couple-level observations of female graduates. Appendix Figure C.2 depicts the plots
when considering couple-level observations of male graduates. The results are qualitatively similar.

18The CASEN survey groups Health and Medicine into a single field of study, so we cannot estimate the cliffs
separately for Health and Medicine.
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5.2 Variation in Gender Norms Predicts Gender Gaps

To what extent should variation in gender norms predict variation in the causal and descriptive
gender gaps we document? A model where major-specific gender norms induce distortions in
women’s disutility of work relative to men results in correlations that predict variation in the
earnings gap across fields of study. Similarly, a norm-based additional labor supply distortion
induced by the birth of a child can lead to relative differences in changes in earnings following the
birth of a child (Andresen and Nix, 2022). Therefore, one may expect earnings and child penalty
gaps to be smaller in fields of study with more progressive norms, majors where the potential
labor supply distortions are the smallest. This intuition motivates our following analysis.

In Figure 5, we show that gender gaps in pecuniary and non-pecuniary returns are larger
in fields of study that exhibit more support for the norm that “a man should earn more than
his wife.” A one-standard deviation increase in the progressivity of the gendered breadwinner
norm is associated with a 0.87 standard deviation improvement in the earnings gender gap and
a 1.09 standard deviation improvement in the fertility gender gap. We also find a correlation
between child penalties and gender norms. A one-standard deviation increase in the gendered
breadwinner norm is associated with a 0.54 standard deviation improvement in the child penalty.
The latter correlation is weaker than the previous ones and not statistically significant. Still, it
is consistent with the work of Kleven (2022) showing that estimated child penalties are smaller
in locations with more progressive gender norms, measured from survey responses. Overall,
we found suggestive evidence that variation in gender norms and their potentially prescriptive
nature plays an important role in explaining variation in economically important gender gaps

that vary across majors.

Taking stock of our results: Our descriptive and causal analysis thus far reveals four facts
that inform our final counterfactual analysis. First, roughly four-fifths of the overall gender pay
gap among college graduates is due to representation. Second, of the remaining fifth, differences
in average returns explain most of the gap, and although we find strong evidence of students’
sorting based on earnings gains (i.e., match effects) for both men and women, gender differences
along this margin are not economically large. Third, we find that fertility impacts vary across
majors and that men and women differentially prioritize these impacts when choosing their
fields of study, explaining a sizable share of the gender earnings gap. Fourth, gender norms
vary across fields of study and mediate policy-relevant gaps gender gaps.

These findings suggest two avenues to potentially narrow the earnings gap among college
graduates. The first, related to the latter two points, relates to the daunting task of changing
preferences. While ongoing work explores this possibility indirectly (Del Carpio and Guadalupe,
2022, Coffman, 2014, Coffman et al., 2023, Exley and Kessler, 2022), that is outside the scope
of our paper. Instead, motivated by the fact that the representation gap explains 82% of
the overall gap, reallocative policies that shuffle students across different fields—while keeping
their preferences constant—are an appealing and feasible approach in settings with centralized
assignments. This approach allows us to take preferences as given and asks how much progress
can be made if we make slight and feasible alterations to the rules of the assignment process.

We define the counterfactual objects of interest next.
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6 Counterfactual Analysis

In this section, we use the estimated returns to different fields of study by gender and the nature
of the admission system to evaluate the impact of different policies on the expected gender
earnings gap. In light of our motivating evidence in Figure 2 showing that representation in
Engineering is key for the overall gender pay gap, we consider the impact of different capacity
expansion and quota policies in Engineering. We consider the gender-neutral policy of expanding
all Engineering programs by 10%, 30%, or 50%. Similarly, we consider keeping capacities
constant but reserving 10%, 30%, or 50% of seats for female students. Related to gender
quotas, Bursztyn et al. (2023) finds that 74 percent of Chilean citizens support affirmative
action policies. Capacity expansions are a gender-neutral policy whose potential disparate
impacts depend on the nature of preferences among the applicant pool. Quotas, conversely,
target certain groups by design and cause displacement of untargeted groups. Both policies
have potential efficiency implications but through different channels that we assess. Next, we

define the counterfactual objects of interest.

6.1 Conceptual Framework

We begin with the population of college applicants Z and simulate student assignments under
alternative capacity and quota policies. The inputs of the simulation analysis are student type
0 € ©, college programs’ capacities (q), priorities (w), and a matching algorithm, i.e., a function
that takes as inputs the previous elements and outputs a vector of student assignments (). As
presented in the conceptual framework, students’ type 6 are summarized by rank order lists (R)
and program-specific scores (s). Changes in the policies we consider correspond to a change in
q for gender-neutral seat expansions or a change in w for gender quotas, both of which produce
a change in the allocation of students .2°

Students’ assigned field is indexed by j = 0,1,2,---,9, where j = 0 corresponds to no
assignment. Potential outcomes defined in Equation (2) are Y;;, where j = 0 corresponds to the
non-graduation outcome. At the time they are assigned, a student’s graduation outcome is not

yet observed. We, therefore, define students’ expected earnings conditional on assignment j as:

- i Y+ (1 —pii)Y; if5>0
sz‘j _ DijXij ( p’L]) i0 J (12)
Yioo iftj=0

where p;; corresponds to the graduation probability in field j if assigned to field j, Y;; is the
potential outcome in the state where individual ¢ graduates from j, Yjo is the potential outcome
in the state where the assigned individual does not obtain a degree, and Yjog is the potential

outcome of the unassigned who also do not graduate from college so that p;y = 0.2!

19Tndeed, in the most recent admission process, exclusive places were given for women in careers related to
science and engineering. This measure aims at reducing the gender gap in Chile, a country that ranks as the
fourth with the least women graduates in STEM among OECD countries (MINEDUC, 2023, La Tercera, 2023).

29When introducing quotas, we modify the matching algorithm to consider priority seats, processing open seats
first and then reserved seats. See Dur et al. (2018) for the importance of precedence in the processing of reserved
seats.

2INote that there is a compliance assumption that follows from Assumption 2. In particular, in a setting
without centralized assignment, it is likely that a given individual that is accepted to field j can obtain a degree
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Policy changes generate changes in assignments to majors that generate counterfactual ex-
pected earnings. For a given allocation v, student i’s assignment is j(¢;). The change in

expected earnings a student experiences induced by a change from 1) to ¢/ is:

Ai(,9") = Yijpr) — Yijew)- (13)

We can decompose the change in earnings as:

Ai(e, ) = (pijwp —Pijwn) % Vg = Yo) + Py Yijwyn = Yiwn) - (14)
| S —
Change in graduation prob. Return to j Change in relative return

Equation (14) highlights two key forces that may work in opposite directions. The first term
reflects the change in a student’s probability of graduating when transitioning between assign-
ments. The second term captures the change in the relative economic return associated with the
new field of study. If a student is reassigned to a field with higher earning potential, this second
term will be positive, reflecting an increase in expected earnings. However, if the reassignment
results in a lower probability of graduation—due, for example, to mismatch effects—the first
term will be negative, offsetting some or all of the gains from the higher potential earnings. Un-
derstanding the empirical magnitude of these two forces is essential for evaluating the impact
of reallocative policies on student outcomes.

Let Yj(¢) = > Dijf/l-j represent the expected earnings of student ¢ under allocation 1,
where Dj; = 1{j(;) = j} indicates whether student i is assigned to major j, and 3, D;; = 1
due to the single-offer system. The ex-ante gender earnings gap under allocation 1 is defined

as:

A(y) = ElYi(¥) | F] - E[Yi(4) | M],

where the expectation is taken over the female (F') and male (M) populations.
When the allocation changes from v to v’, the corresponding change in the gender earnings
gap is given by:
AAW, YY) = AW) = A(y)
= B[A(¥,¢") | F] = B[A(y,¢") | M].

Equation (15) expresses the change in the earnings gap in terms of the decomposition intro-

(15)

duced in Equation (14). This allows us to attribute the overall change in the gender earnings
gap to the two components mentioned above, specifically the relative changes in graduation
probabilities and shifts in major-specific earnings potential, as the allocation changes from 1
to ¢/. Equation (15) is a key counterfactual object of interest, with elements of Equation (14)
further decomposing the sources of changes in the gender earnings gap.

Last, to summarize the efficiency implications of changes in allocations, we consider the
aggregate change in expected earnings relative to the aggregate expected earnings in the baseline

counterfactual. We define the change in efficiency relative to the baseline aggregate expected

in field k. This would mean that for a given assignment, there may be several non-degenerate p;;i where p;jx
corresponds to the probability of graduating from field k& if assigned to field j. Assumption 2 rules out this kind
of behavior, so p;;i = 0 for j # k.
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earnings as:

(') = Eotted) (16

Equation (16) summarizes the relative distortion induced by the change in the allocation. A
positive value of (¢, 1) indicates that ¢’ leads to higher aggregate expected earnings than ),
while a negative value implies the opposite. The normalization by baseline aggregate earnings

quantifies the changes in terms of the baseline allocation.

6.2 Empirical Methods

To summarize and decompose changes in the gender earnings gap under different allocations,
we need estimates of Yj;, Yoo, and p;; for all ¢ and j. The potential outcome model discussed
in Section 3 serves as the starting point to define Y;; among graduates, and we use an auxiliary
model to predict Yjoo. The p;;, which are instrumental in understanding the potential mismatch
effects, are estimated using a random forest model. We discuss each now in turn.

We use estimates of Equation (9) to construct potential earnings Y;;(1) for each individual
that is assigned to a field j in allocation . The causal model is centered on the potential
earnings for those accepted (assigned) to a field of study. However, for unassigned students—
those who do not receive a college offer—we need to construct their potential earnings, YiOO-
For this purpose, we estimate our causal model using the same rich vector of attributes that are
part of our estimating Equation 9 but in a sample of unassigned students. To summarize, the
estimates of the causal model provide us with potential earnings for individuals assigned under
allocation v, and the auxiliary prediction model for Yjoo provides us with remaining potential
earnings for individuals that are unassigned under allocation .

To estimate the graduation probabilities p;;, we train random forest models tailored to
each major. The models incorporate various features, including demographic characteristics,
entrance exam scores, preferences revealed through rank-ordered lists and all other relevant
attributes that are also part of Equation (9). This approach allows us to capture complex,
non-linear relationships between student characteristics and their likelihood of graduating from
a given major. To improve model performance, we fine-tune the parameters for each major
separately, optimizing them to minimize the out-of-bag (OOB) Brier score. The Brier score,
which measures the accuracy of probabilistic predictions, is particularly useful in this context as
it reflects both the calibration and sharpness of our predictions. By minimizing the OOB-Brier
score, we ensure that our random forest model provides reliable and well-calibrated predictions
of graduation probabilities across different majors. Importantly, we find that our estimates p;;
are forecast unbiased. Appendix D reports additional details and summary statistics for this
prediction exercise.

Equipped with estimates of Y;;, Yio0, and p;;, we can construct expected earnings at baseline
and in counterfactual scenarios. We account for estimation error and population variation using
a bootstrapping procedure. To account for estimation error in the parameters governing f/ij,
we use the parametric bootstrap, sampling from the asymptotic distribution across bootstrap
iterations. To account for population uncertainty, we sample applicants with replacement to

create different bootstrapped samples. We estimate counterfactual objects of interest across
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applicant samples and parameter estimate samples and report median estimates along with a

95 percent coverage region.

6.3 Results

Table 6 summarizes our results for various counterfactual policies focused on the field of En-
gineering. The Table shows the impact of each counterfactual on the representation gap and
decomposes the impact of each policy on the factors contributing to the overall gender pay gap,
while also assessing the implications for efficiency (as captured by total earnings). The first row
presents the baseline assignment. The overall assignment gap between men and women appli-
cants in Engineering is 14.3 percentage points in column (1). Columns (2) through (4) present
the components of the decomposition given by Equation (15), which are relative to the baseline
allocation and, therefore, not populated in the first row. Column (2) shows the gender gap in
the first term in Equation (14), column (3) presents the gender gap in the second term of the
same equation, and column (4) shows the overall gender gap. Column (5) presents the earnings
gap between men and women relative to the average earnings of men which at baseline corre-
sponds to 12.5%. Finally, column (6) presents the efficiency implication of the counterfactual as
defined in Equation (16). The remaining rows in the table present the different alternative poli-
cies. Each number in the table presents the estimated median across bootstrapped samples of
returns and students. We present percentiles 2.5 and 97.5 of each estimate across bootstrapped
samples in squared brackets. Appendix D.3 presents details on the bootstrap.

The second through fourth rows demonstrate that the representation gap only worsens as we
consider gender-neutral capacity expansions of 10%, 30%, and 50%, increasing to 18 percentage
points for a policy that increases Engineering seats for each program by fifty percent. This is due
to the fact that men exhibit stronger demand for Engineering programs and absorb a majority
of the new seats. Appendix Figure A.4 contains additional details. Given the disproportionate
excess demand among men, it is unsurprising that the overall gender pay gap weakly increases
relative to the baseline assignment, although within the baseline confidence interval. Most of
this change is driven by increases in the gender gap in returns, a feature due to men moving
up from lower-paying majors to Engineering programs they failed to qualify for in the baseline
allocation.

Although an across-the-board increase in Engineering seats does not do much to reduce
the gender pay gap, the fifth through seventh rows of Table 6 demonstrate that gender-specific
quotas can reduce the gap. We see that quota policies lead to mechanical reductions in the
representation gap, reducing it between 17 and 68 percent, depending on the quota size. Despite
the sizable gender gap in the causal returns to Engineering, a quota closes the gender earnings
gap substantially. A policy that aims to equalize access to Engineering programs with a 50%
quota reduces the gender earnings gap by 9 percent.

What are the implications on efficiency? We measure this by aggregating the earnings
implied by our counterfactual for all students. Column 6 reports overall small aggregated
efficiency implications as measured by Equation (16). We find minimal impacts on efficiency
as captured by aggregate earnings. Rows 2 through 4 show that an increase in Engineering

seats increase aggregated earnings by up to 0.59%. In turn, quota policies reduce aggregated
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earnings reflecting the lower return to Engineering for women. A 50% quota in Engineering

reduces aggregated earnings by 0.15%.

7 Conclusion

This paper studies the major choice decisions of young adults and the various ways they affect
numerous policy-relevant gender gaps. We emphasize the relationship between majors, earnings,
and family considerations. This allows us to elucidate important factors that generate rifts in
the educational trajectories of men and women and serve as a precursor for different outcomes.

We document sizable gender differences in how field of study impacts earnings and fertility,
with evidence of Roy (1951)-like selection only for monetary returns. Having established that
majors affect earnings and fertility outcomes, we then show that men and women differentially
prioritize these outcomes, contributing to gender differences in representation across fields of
study. Equalizing preferences for family considerations associated with fields of study across
men and women reduces the gender earnings gap by 27 percent. To better understand factors
contributing to the observed gender differences, we consider the role of gender norms summarized
by breadwinner norms. We find that differences in gender norm progressivity across fields of
study predict return and child-penalty gaps, suggesting that norms play an important and
prescriptive role in governing behavior.

We conclude by assessing whether feasible supply-side policies in systems with centralized
assignment can affect the broader gender earnings gap. We find that gender-specific quotas
reduce the gender earnings gap among college graduates, while gender-neutral expansions of
capacities exacerbate the gap. We also find minimal impacts on the implied efficiency of the
centralized match as measured by changes in aggregate earnings.

Although we can quantify the extent to which the balance of career and family affects major
choice and subsequently impacts several policy-relevant gaps, we cannot speak to factors that
generate these persistent gender differences in preferences. On the policy side, our work does
not consider behavioral responses to changes in assignment policies and is partial equilibrium in
nature. Understanding the factors that generate gender differences in preferences and potential
behavioral responses to affirmative action policies continues to be an important avenue for future

research.
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Figure 1: Graduation, Earnings,and Fertility
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Notes: Panel (a) shows the share of male and female graduates in each field of study. Panel (b) shows the annual
earnings (as of 2019) of male and female graduates in each field of study. Both panels consider students who were
employed in 2019. Panel (¢) shows the share of students with at least one child twelve years after their college
application. All panels consider students who applied through the centralized admission system between 2004

and 2007 and graduated between 2007 and 2019.
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Figure 2: Earnings Gap: Sorting versus Returns
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Notes: This figure shows the result from the exercise described by Equation (1) that decomposes the gender
earnings gap into differences in sorting between fields of study and differences in returns within fields of study.

We consider the annual earnings in 2019 of students who applied through the centralized admission system
between 2004 and 2007, graduated between 2007 and 2019, and were employed in 2019.
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Figure 3: Child Penalty Gaps Across Fields of Study
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Notes: This figure shows the estimated child penalty gap four years after birth (and the corresponding confidence
interval). We consider college graduates who had their first child between 2016 and 2017 and after graduation.
Earnings are not conditional on employment status, and the effects include extensive and intensive margins.
Estimation follows Kleven et al. (2019b) and for additional details, see Appendix C.
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Figure 4: Gender Norms by Field of Study
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Notes: These figures report the relative income distribution for females who graduated from different fields of
study. The sample includes couples of parents who both earn positive income. We use the observation from the

third and fourth quarters before childbirth. Each dot is the fraction of couples in a 0.05 relative income bin.
The vertical line indicates the relative income share=0.5. The dashed line is the lowess smoother applied to the

distribution, allowing for a break at 0.5.
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Figure 5: Gender Norms Correlations
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Notes: These figures plot empirical Bayes-adjusted breadwinner norm estimates (i.e., “a man should earn more
than his wife”) by field of study against average earnings gaps in Panel (a), average fertility gaps in Panel (b),
and child penalties in Panel (c). All variables are standardized to have a mean of zero and a standard deviation
of one. Observations are weighted by the inverse of the variance of the breadwinner norm estimates. Estimates
of a slope coefficient from a linear regression of estimated norms on each outcome are displayed in the top left of
each panel, with robust standard errors in parenthesis.
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Table 4: Testing for Bias

Panel (a): Earnings
Model 1 Model 2 Model 3
(1) (2) (3)

Forecast Coeflicient ¢ 0.717 0.856 0.984
(0.066)  (0.078)  (0.091)

Covariates in the model:

Controls No Yes Yes
Control function No No Yes
Tests:
First-stage F- Statistic: 251 213 171
p-values
Forecast bias (¢ = 1) 0.000 0.065 0.861
Overidentification 0.068 0.212 0.087
Observations 44,684 44,684 44,684

Panel (b): Fertility
Model 1 Model 2 Model 3
(1) (2) (3)

Forecast Coefficient ¢ 0.555 0.768 0.946
(0.109)  (0.144)  (0.176)

Covariates in the model:

Controls No Yes Yes
Control function No No Yes
Tests:
First-stage F-statistic 471 321 239
p-values
Forecast Bias (¢ = 1) 0.000 0.107 0.758
Overidentification 0.047 0.110 0.116
Observations 59,859 59,859 59,859

Notes: This table reports the results of tests for bias following Equa-
tion (10). Column 1 reports test results for an uncontrolled model; Col-
umn 2 augments the model with quadratic polynomials in PSU scores,
cell fixed effects, and cohort fixed effects; Column 3 adds the control
functions. The forecast bias test checks whether the forecast coefficient
equals 1, and the overidentification test checks the IV model’s overi-
dentifying restrictions. Panel (a) considers logged earnings in 2019 as
the outcome, and Panel (b) considers fertility (any child 12 years after
college application) as the outcome.
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Table 5: Preference Estimates

Mean Utility

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

Earnings

Fertility

Earnings
x Female
Fertility

x Female

Observations

Panel (a): Pooled Estimates

0.282 0.278  0.252 0.254
(0.052) (0.049)  (0.051) (0.051)
0.207  0.202 0.142  0.146
(0.053)  (0.051) (0.055)  (0.054)

Panel (b): Estimates by Gender

0.437 0432  0.354 0.353
(0.062) (0.062) (0.073) (0.073)
-0.336 0.326  -0.213 -0.190
(0.111) (0.101)  (0.108) (0.104)
0.091  0.042 0.038  0.023
(0.075)  (0.064) (0.075)  (0.074)
0.265  0.315 0.206  0.234
(0.107)  (0.099) (0.108)  (0.106)

324 324 324 324 324 324

Notes: This table reports estimates from bivariate and multivariate regressions of mean
utilities on pecuniary and non-pecuniary returns among graduates at the cell-major
level, following Equation (11). In columns (1)-(3), we proxy mean returns with mean
earnings and fertility of major j graduates for each cell ¢. In columns (4)-(6), we proxy
mean returns with the causal estimates of earnings and fertility of major j graduates
for each cell c. Cells are defined by macro-region, test score ranges, high school type,
and gender. All specifications include cell fixed effects and control for the average cost
of each field of study, which is standardized to be mean zero with a standard deviation
equal to one. Standard errors are robust and reported in parentheses.
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A Data Appendix

This section discusses additional details regarding the data used in our analysis. We begin by
providing details about our categorization of majors that are crucial in our analysis. Then, since
earnings records are top-coded, we discuss our imputation procedure. We also report additional
descriptive evidence related to trends in gender representation, preferences, and standardized
test scores mentioned in the paper. Last, we report details of our AKM (Abowd et al., 1999)

estimation procedure used to study the role of firm sorting.

A.1 Major Classification

We classify students into fields of study based on the major from which they graduate. Degree
programs are classified by field of study mostly based on the OECD Handbook for Interna-
tionally Comparative Education Statistics (OECD, 2004). There are eight broad categories:
“Agriculture”, “Science”, “Social Sciences, Business and Law”, “Teaching”, “ Humanities and
Arts”, “ Engineering, Manufacturing and Construction”, “ Health and Welfare”, and “Services”.

We reclassify the category “Social Sciences, Business and Law” into three separate fields
of study “Social Sciences”, “Business”, and “Law”. The field of “Social Sciences” includes the
degrees of anthropology, library science, political sciences, social communication, geography,
journalism, psychology, sociology, and social work. The field of “ Business” includes the degrees:
commercial engineering, accounting, commerce engineering, business administration, marketing
engineering, logistics engineering, foreign trade engineering, management control engineering,
human resources engineering, finance engineering, public management, advertising, and public
relations; while the field of “Law” includes law degrees.

We also separate “ Medicine” from “ Health and Welfare”. In particular, we include all degrees
covered by the “Medical Law” in Chile (Ley N 19,664) into “Medicine”. These degrees are in
medicine, dentistry, pharmaceutical chemistry, and biochemistry. Finally, we drop “Agriculture”
and “Services” as they represent very few graduates (less than 5%) from non-homogeneous

college programs in Chile.

A.2 Data Imputations

To impute wages above the social security contribution limit, we proceed as in Dustmann et al.
(2009) and Card et al. (2013). First, we fit a series of Tobit models to log wages separately by
gender, including the type of high school, test-score range, and region controls.

Then, we impute an uncensored value for each censored observation using the estimated
parameters of these models and random drawings € from a truncated distribution. Following
Gartner et al. (2005):

a0 (ux 10 (= 0)] o (=22))
o o

where u ~ U[0,1], ¢ is the social security contribution limit), X' A is the tobit prediction, and &
is the standard deviation of the tobit error. Figure A.1 below presents both the distribution of
the original log earnings and the imputation-adjusted log earnings used in our analysis.
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A.3 Descriptive Evidence

We present descriptive evidence that motivates and complements our work.

Historical Trends: Figure A.2 documents trends in gender representation across majors and
its potential contribution to the overall gender gap. In the spirit of Sloane et al. (2021), and
leveraging the largest household survey in Chile, the figure shows the major “similarity index”
(as a re- normalization of the inverse Duncan-Duncan index) and a “potential wage index” (that
assigns to everyone within a major the average hourly wages of prime-age male workers in that
major). This figure shows that majors in Chile have become less segregated over time. See

section 2 for details.

Fields of Study: To characterize preferences for fields of study, Figure A.4 reports fallback
major prevalence and Figure A.3 reports a series of bivariate correlations of our estimated control
functions. Overall we find sensible patterns, i.e., that applicants with larger estimated tastes
for Medicine also have larger tastes for Health programs, but those preferences are negatively
correlated with those for Social Science or Humanities. Similarly, males and females with
larger tastes for Social Science have larger tastes for Humanities and Law but have less intense
preferences for Science and Engineering. Finally, Figure A.5 presents the distribution of college

admission test scores in each of the nine field of study we consider.

A.4 AKM Estimation

Following the seminal study of the French labor market by Abowd et al. (1999), and more recent
studies (Card et al., 2016, 2018, 2013), we estimate a so-called AKM model for log wages that
includes additive effects for workers and firms. Specifically, our model for the log wage of person

i in year t takes the form:

Inwit = a; + Y30 + X'itB + €it, (17)

where «; is a “person effect” capturing the (time-invariant) portable component of earnings
ability, ¢ (; 1) is a function indicating the employer of worker ¢ in year ¢, and &;; is an unobserved
time-varying error capturing shocks to human capital, person-specific job match effects, and
other factors. The vector X;; includes year fixed effects and a third-order polynomial of age
interacted with five education categories (some primary education, some secondary education,
complete secondary or incomplete higher education, complete higher education, and a “no
education data” category). Following Card et al. (2013), we recenter age around 40.

Importantly, the fixed effects in Equation (17) are identified by movers and can only be
compared within connected sets. Thus, we estimate our model within the largest connected set
of workers and firms, including 59,969,972 observations of 8,588,072 workers and 757,698 firms
over an eleven-year period (2009-2019). Our estimates show that 18% of the variance of wages is
explained by firms. This is consistent with previous studies of wage determination with worker
and firm fixed effects, which typically find that firm-specific premiums explain 20% of overall
wage variation (Card et al., 2018).



For our analysis, we want to estimate firm-specific premiums ¢ ;(; ;) and a key assumption
for identification of these parameters is “exogenous mobility”, i.e., worker mobility must be
uncorrelated with the time-varying residual components of wages. Following Card et al. (2013),
we present a simple event-study analysis of the wage changes experienced by workers moving
between different groups of firms. For this, we define firm quartiles based on the average pay
of each firm. As explained in Card et al. (2018), if the AKM model is correct and firms offer
proportional wage premiums for all their employees, workers who move to higher-paying firms
will, on average, experience pay raises. At the same time, those who move in the opposite direc-
tion will experience pay cuts. Moreover, the gains and losses for movers in opposite directions
between any two groups of firms will be symmetric.??

Figure A.6 present our event study. Reassuringly, we find that the wage profiles exhibit
steplike patterns. When workers move to higher-paying establishments, their wages rise; when
they move to lower-paying establishments, their wages fall. The wage changes for people who

stay in the same firm type are close to 0.

22This is in contrast to models of mobility linked to the worker-and-firm-specific match component of wages
that imply that movers will tend to experience positive wage gains regardless of the direction of their move,
violating the symmetry prediction.



Figure A.1: Log Earnings Distribution
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Notes: This figure presents the histogram of the original log earnings and the imputation-adjusted log earnings.
We adjust earnings at the contribution limit following Dustmann et al. (2009) and Card et al. (2013). For details,

see section A.2.



Figure A.2: Similarity and Potential Wage Indexes by Field of Study across Cohorts cohorts
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Notes: This figure presents trends in the similarity index and wage potential by field of study across cohorts, as
in Sloane et al. (2021). Data comes from the largest household survey in Chile and is restricted to those with at
least a bachelor’s degree. Panel (a) plots the renormalized, inverse Duncan-Duncan index for different cohorts
of Chilean college graduates. Panel (b) plots the potential wage index for different cohorts of Chilean college
graduates.



Figure A.3: Pairwise Correlations of “Unobserved” Preferences
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Notes: This figure shows the pairwise correlations between students’ estimated field-specific control functions,
proxies for preference intensity. Panel (a) shows the correlation matrix for unobserved female preferences. Panel
(b) shows the correlation matrix for unobserved male preferences. We consider all students who applied and were
accepted through the centralized admission system between 2004 and 2007 and were employed in 2019.



Figure A.4: Applicants’ Fallbacks
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Notes: This figure shows students’ fallback fields of study based on their ranked order lists. Among students
ranking a given field as their first choice (y-axis), we compute the share of students ranking each of the remaining
fields of study as a second option (i.e., fallback). Panels (a) and (b) show the relevance of each fallback for
males and females, respectively. We consider all students who applied and were accepted through the centralized
admission system between 2004 and 2007 and were employed in 2019.



Figure A.5: Kernel Density of College Admission Scores
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Notes: This figure shows the kernel densities of the college admission score (average score in the two mandatory
exams of mathematics and language) of students graduating from different fields of study. We consider all
students who applied and were accepted through the centralized admission system between 2004 and 2007 and

were employed in 2019.



Figure A.6: Mean Wages of Job Changers
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Notes: This figure shows the mean log wages of job changers classified by the quartile of the wages paid at origin
and destination firms, in the spirit of Card et al. (2018). We consider workers and firms in the Unemployment
Insurance dataset between 2009 and 2019 who are within the largest connected set.
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B Additional Results

This section provides additional results mentioned in the paper. We provide evidence on the
dynamics of the gender earnings gap through the lens of a decomposition between differences in
returns and differences in match effects. We also focus on the role of gender differences in sorting
to firms with different pay premiums, viewed through the lens of the canonical AKM model
Abowd et al. (1999). We then discuss a set of additional results that all point to qualitatively

similar conclusions as the results in the main paper.

B.1 Returns’ Dynamics

Appendix Figure B.1 reports dynamics in the gender earning gap over time for separate fields
of study. Each subfigure reports the within-major gender earnings gap in black, the portion of
that gap due to differences in average returns (), in gray, and the portion due to differences
in realized match effects (¢;‘ X S\j), is reported in maroon. We report these contributions for
a total of eight years, starting with seven years after applying to college and ending with 14
years post-application. Besides a few cases, match effects play a minimal role in explaining the

within-major gap.

B.2 Role of Firm Premia

Following Abowd et al. (1999), and leveraging records from the Unemployment Insurance Ad-
ministrator Agency (which only include private sector workers but has firm identifiers), we
estimate firm premia from a two-way fixed-effects model.?? Our estimates of gender-specific re-
turns in terms of firm premiums are presented in Appendix Table B.1. We fail to find evidence
of significant gender gaps in firm premia across fields of study, except for the field of Teaching,
where women sort into firms paying larger premia than men. Mostly, we find null evidence of
heterogeneity in match effects.?* In terms of dynamics, Appendix Figure B.2 shows the relative
importance of the return and firm premia channels to account for the gender earnings gap over
time. Firm premia seem to play a modest role in explaining the earnings gap dynamic in most
fields, except for the cases of Teaching and Engineering. In both cases, the differences in firm

premia favor women initially but diminish over time.

B.3 Other Outcomes

Private Sector Earnings Data: Appendix Table B.2 reports estimates using the private
sector data discussed in Section 2. The overarching results are qualitatively similar to our main
estimates. In this case, however, the return to Medicine is relatively smaller. This stems from
the fact that many medical doctors are employed in the public sector in Chile, so estimates
using private sector data will invariably miss a significant portion of their labor market. For

this reason, we use the pension system data for our primary evidence.

23Details on the estimation of firm fixed-effects are provided in Appendix A.4.
2 For reference, we also estimate our main model using log earnings with data from the Unemployment Insur-
ance. These results are presented in Appendix Table B.2.
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Total Earnings: Appendix Table B.3 reports estimates using the pension data but consid-
ering total yearly earnings instead of log earnings as the dependent variable. This allows us to
include individuals not employed in the Chilean formal labor market in 2019. We find similar
results when considering the intensive and extensive margins of the labor market. We estimate
differences in returns across fields of study and gender. In line with our main results, men
exhibit larger returns in Science, Engineering, and Medicine. In contrast, estimated earnings
are higher for women compared to men in Social Science, Teaching, Humanities, and Health,

fields with relatively lower returns to begin with.

Alternative Non-Pecuniary Returns: The fertility results in the paper are on the exten-
sive margin of having a child by a certain time. Appendix Table B.4 reports estimates when the
outcome is the total number of children by the same time. This captures both extensive and
intensive margin effects. Reassuringly, we find similar results when accounting for the intensive

margine of fertility.

B.4 Counterfactual Preferences

To assess the extent to which family considerations relative to earnings lead to gender gaps,
we perform a simple counterfactual exercise in which we equalize the importance assigned to
family considerations across men and women. For details, see section 4.

The first bar of Figure B.4 reports the baseline and observed gender earnings gap among
our sample of students. The second bar, referred to as Male Preferences, assigns all students
the preferences for family considerations of men. Similarly, the third bar, referred to as Fe-
male Preferences, assigns all students the preferences for family considerations of women. For
each counterfactual bar, we use estimates reported in Table 5 in the main text to construct
counterfactual enrollment shares. Figure B.3 complements the previous exercise and shows
that equalizing preferences for family considerations significantly reduces the contribution of
Engineering programs to the overall gender earnings gap while also diminishing the offsetting
impact of Teaching and Health programs, with the net effect corresponding to a 17-24 percent
reduction in the earnings gap.

As discussed in section 4.3, differences in representation across fields of study seem to be
the primary driver of the gap in each counterfactual scenario, reflecting the relatively modest

gender differences in the causal impacts of majors.
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Notes: This figure shows the results obtained from estimating Equation (9) using labor market earnings at
different time horizons (after high school graduation) as the dependent variable. For each field of study, the
figure presents the overall gender earnings gap and its components: the gender gap in returns and the gender
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Figure B.1: Gender Earnings Gap Over Time
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Figure B.2: Gender Earnings Gap Over Time: The Role of Firms
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Notes: This figure shows the results obtained from estimating Equation (9) using labor market earnings and firm
premia at different time horizons (after high school graduation) as the dependent variable. We only consider
workers in the private sector since firm identifiers are only available for them. For each field of study, the figure
presents the overall gender earnings gap alongside the gender gap in firm premia (i.e., firm fixed effects estimated
following Card et al. (2013); see Section A.4 for details). We consider all students who applied and were accepted
through the centralized admission system between 2004 and 2007 and were employed at a given time horizon
after they graduated from high school.
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Figure B.3: Baseline and Counterfactual Earnings Gap
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Notes: This figure reports the gender earnings gap in US dollars in three scenarios. We use the annual earnings
2019 of students who applied and were accepted through the centralized admission system between 2004 and
2007 and were employed in 2019. The first bar reports the baseline and observed gender earnings gap among
this sample of students. The second bar, referred to as Male Preferences, assigns all students the preferences for
family considerations of men. Similarly, the third bar, referred to as Female Preferences, assigns all students the
preferences for family considerations of women. For each counterfactual bar, we use estimates reported in Table

5 in the main text to construct counterfactual enrollment shares.
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Figure B.4: Baseline and Counterfactual Earnings Gap: Sorting versus Returns
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Notes: These figures show the result from the exercise described by Equation (1) that decomposes the gender
earnings gap into differences in sorting between fields of study and differences in returns within fields of study. We
consider the annual earnings 2019 of students who applied and were accepted through the centralized admission
system between 2004 and 2007 and were employed in 2019. Panel (a) plots the decomposition when we assign
male preferences for family considerations to every observation. Panel (b) plots the decomposition when we
assign everyone female preferences for family considerations. The predictions use estimates reported in Table 5

in the main text.
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C Child Penalties and Gender Norms

This section provides additional details on how we estimate the child penalty gaps and gender

norms by field of study presented in the main body of the paper.

C.1 Child Penalty Gap

Following Kleven et al. (2019b), we estimate child penalties with the model:

Vi = Z /Bijt+Ma+7t+Vitv (18)
kA—2

where D = 1[t = ¢ + k] is a binary variable that indicates the time relative to the period in
which the first child was born c¢. u, are age-fixed effects that account for the life cycle effects
on the outcome variable, and 7; are time-fixed effects that control for temporal trends at the
6-month frequency. We omit the time binary variable corresponding to ¢ = —2 since, in our
case, it represents the period of child conception. Our primary outcome variable is labor market
earnings in period t relative to the period of child conception t*, i.e., Yii = Yy /Yie.

We estimate the impacts of children on women and men separately and define the child
penalty at event time t as B{” - BAtw , which measures the percentage by which women fall behind
men due to children. Figure C.1 shows the effects of parenthood on earnings across fields of
study. To use a symmetric window, and since we have earnings starting only in 2015, we focus
on college graduates whose first child was born in 2016 or 2017. This figure also reports the
estimated child penalty at time t = 4. We have a more limited window of coverage compared
to existing studies (Kleven et al., 2019a) and can estimate child penalties only up to 4 years
after the birth of a child, so our estimates are relatively short-run. Nonetheless, most evidence
shows a somewhat immediate drop in mothers’ earnings, which changes minimally over time.

Appendix table C.1 complements previous evidence and reports the estimated child penalty

before child conception, at time t = —4, and after it, at time t = 4.

C.2 Gender Norms

In this subsection, we discuss how we estimate our proxies for major-specific gender norms
and report additional robustness checks that aid in interpreting the variation as due to norms

instead of other labor market factors.

Estimation Details: In our analysis, we focus on graduates who had their first child after
they obtained their college degree and on their partners (i.e., a couple). For each couple of
parents, we use their labor market earnings from the third and fourth quarter before childbirth

and focus on couples where both members earn positive income and are between 20 and 40 years

as Woman Earnings;
Woman Earningsi+Man Earnings;’

and Woman Farnings; and Male Farnings; are the total labor income of the will-be mothers

where 7 indexes the couple,

old. We define Relative Farnings;

and fathers, respectively.
Our proxy for the progressivity of gender norms is measured by the size of the cliff of

Relative Earnings; at 0.5. To gauge the magnitude of the drop at the point where the female
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starts to earn more than the male, we calculate the fraction of couples in each of twenty 0.05
relative income bins and project it on a discontinuity indicator while controlling for quadratic
polynomials at each side of the 0.5 cutoff. Appendix Table C.2 presents the OLS estimates
associated with the discontinuity indicators obtained from separate regressions for each of our
nine fields of study. Panel (a) presents the results when we focus on female graduates (and their
partners), and Panel (b) repeats the exercise but focuses on male graduates (and their partners).
The estimates in Panel (a) are analogous to the estimates in Figure 4 in the main body of the
paper, and the estimates in Panel (b) are analogous to the estimates in Figure C.2 which
reports the distribution of relative income when we consider male graduates (who eventually
become fathers) instead of female graduates. Overall, we find similar variation in gender norms
across fields of study, independently of whether we focus on male or female graduates (and their

partners).?®

Addressing Differences in Labor Market Attachment: Appendix Figure C.3 shows
complementary evidence on the distribution of relative income using publicly available survey
data from Chile. We observe hours worked in the survey data so we can restrict the sample
to couples where both partners work at least 40 hours per week. This allows us to remove
potential differences in labor market attachment associated with differences in the field of study.

Reassuringly, the results reported in this figure are qualitatively similar to our preferred results.

Addressing Bunching Concerns: Since the seminal work by Bertrand et al. (2015), other
scholars have reexamined this phenomenon in various contexts (Binder and Lam, 2022, Hederos
and Stenberg, 2022, Zinovyeva and Tverdostup, 2021). Some have noted that cliff estimates may
be sensitive to bunching at 0.5, potentially eliminating their presence in certain cases. Based on
this evidence, they argue that cliff estimates are not reliable proxies for social or gender norms.

It is important to emphasize that, unlike some of these studies, we use high-quality ad-
ministrative data that avoids common issues associated with survey data in this context: i)
self-reporting bias, ii) imputation for non-responses, and iii) rounding to reduce disclosure risk.

Nonetheless, we examine the prevalence of bunching at 0.5 to assess whether our cliff esti-
mates are driven by this effect. Focusing on couples where the female’s relative earnings fall
between 0.45 and 0.55, as in Binder and Lam (2022), we find that around 7% of couples have
equal earnings. However, as shown by Table C.3, the estimated cliffs remain similar to those
reported in Table C.2 after excluding couples of parents with equal earnings.

Appendix Figure C.4 further investigates the potential impact of bunching on interpreting
differences in cliffs as variations in gender norms. Panel (a) presents the cliffs when pooling
data across fields of study, while Panel (b) shows the cliffs after removing cases where parents
have equal earnings. Reassuringly, the cliffs are similar across panels. We further support our
findings with Figure C.5 which replicates Figure 4 after excluding parents with equal earnings.
Overall, we observe consistent variation in gender norms across fields of study. The robustness
of our results strengthens our interpretation of the variation in cliffs as indicative of differences

in gender norms.

2’Two exceptions are Humanities and Medicine, which show smaller and larger drops (at the point where the
female starts to earn more than the male), respectively, when the graduate is male.
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Figure C.1: Child Penalty by Field of Study
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Notes: These figures show the percentage effects of parenthood on earnings across event time for men and
women. Each panel corresponds to one of the nine fields of study considered in our analysis. We consider college
graduates who had their first child between 2016 and 2017 and after their graduation. The figure also displays
the average child penalty at the end of our time window (4 years after childbirth). Earnings are not conditional
on employment status, and the effects include extensive and intensive margins.
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Figure C.2: Gender Norms by Field of Study
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Notes: These figures report the distribution of relative income for males who graduated from different fields of
study. The sample includes couples of parents who both earn positive income. We use the observation from the
third and fourth quarters before childbirth. Each dot is the fraction of couples in a 0.05 relative income bin.
The vertical line indicates the relative income share=0.5. The dashed line is the lowess smoother applied to the
distribution, allowing for a break at 0.5.
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Figure C.3: Gender Norms by Field of Study: Full-time workers (CASEN survey)
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Notes: These figures report the distribution of relative income separately for females who graduated from different
fields of study. The sample includes couples in the household survey CASEN, where both earn positive income
and have full-time jobs (work more than 40 hours a week). Each dot is the fraction of couples in a 0.05 relative
income bin. The vertical line indicates the relative income share=0.5. The dashed line is the lowess smoother
applied to the distribution, allowing for a break at 0.5. Since the survey records do not separate Medicine from

Health, both fields are embedded into the Health figure.
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Fraction of couples

Figure C.4: Gender Norms: Removing bunching at 0.5 (pooled)
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Notes: These figures report the distribution of relative income. The sample includes couples of parents who both
earn positive income. Panels (a) consider all parents, while Panel (b) removes cases in which parents report
the same income. We use the observation from the third and fourth quarters before childbirth. Each dot is the
fraction of couples in a 0.05 relative income bin. The vertical line indicates the relative income share=0.5. The
dashed line is the lowess smoother applied to the distribution, allowing for a break at 0.5.
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Figure C.5: Gender Norms: Removing bunching at 0.5
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Notes: These figures report the distribution of relative income for females who graduated from different fields of
study. The sample includes couples of parents who both earn positive income but excludes cases in which parents
report the same income. We use the observation from the third and fourth quarters before childbirth. Each dot
is the fraction of couples in a 0.05 relative income bin. The vertical line indicates the relative income share=0.5.
The dashed line is the lowess smoother applied to the distribution, allowing for a break at 0.5.
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D Counterfactual Details

This section reports additional details related to the counterfactual policies we analyze in Section
6 in the main body of the paper. We discuss details related to the prediction models we
use to account for differences in graduation probabilities. We also discuss additional details

characterizing the affected students in the counterfactual analysis.

D.1 Deferred Acceptance Algorithm

We use the following algorithm to produce an outcome of the student-proposing Deferred Ac-

ceptance algorithm.

Step 1) Each student proposes to her first choice. Each program tentatively assigns seats to
its proposers one at a time, following their priority order based on the weighted score.

Students are rejected if no seats are available at the time of consideration.

In general, in

Step k) Each student who was rejected in the previous step proposes to her next best choice.
Each school considers the students it has tentatively assigned together with its new pro-
posers and tentatively assigns its seats to these students one at a time following the
program’s priority order. The student is rejected if no seats are available when she is

considered.

The algorithm terminates either when there are no new proposals or when all rejected
students have exhausted their rank order list of preferences.

When introducing quotas, we apply a precedence order of processing first the open seats and
then the gender specific seats. Following Dur et al. (2018), this order of precedence maximizes

the impact of quotas.

D.2 Prediction Accuracy and Summary Statistics

We use statistical learning methods to predict graduation between the time of being accepted
and up to twelve years after application. In particular, we use a Random Forest algorithm to
generate predictions. See Hastie et al. (2009) for an introduction to the algorithm and Breiman
(2001) for the original description. Predictors include the income quintile of the student at the
time when they applied to college, type of high school and health insurance, PSU scores (Math,
Language, History, and Science), parent’s educational attainment, and the control functions
from the choice model.

We predict graduation separately for each field, generating a binary predicted graduation
using out-of-bag evaluations and taking the majority vote. For each field, the prediction sample
consists of students in the admissions process in 2007 who were accepted in a field of study.
In this sample, we use a Random Forest algorithm that fits 500 trees separately, each of which
draws three random variables from the included covariates. We use the out-of-bag majority
vote to generate binary predicted graduation for a given student. For each tree, the algorithm

selects a bootstrap subsample of the observations so that about one-third are “out-of-bag” for
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a given tree. Each tree is constructed with three randomly sampled covariates. The out-of-bag
vote share is constructed by running each observation through all of the trees for which it is
out-of-bag, collecting the predictions that correspond to 0 or 1 depending on which instance
is the majority, and taking the average prediction for each observation, which is the share of
“votes”. This is turned into a binary prediction by using the majority vote.

Out-of-bag predicted graduation has significant explanatory power in this setting. Table
D.1, Panel (a), shows the coefficients of bivariate regressions between actual graduation from
each field of study and the out-of-bag predicted probability of graduation of the respective field.
These regression coefficients range from 0.83 (Humanities) to 1.03 (Engineering). Panel (b)
of Table D.1 presents the out-of-bag error rate for each field of study, which ranges from 0.32
(Medicine) to 0.42 (Teaching).

D.3 Counterfactual Bootstrap Details

The standard errors for Table6 were estimated by a bootstrap. To construct each of the b
bootstrap samples we sample with replacement n students where n is the number of students
in the data for counterfactuals. For each student sampled, we take their preferences (R;) and
their scores (s;). We sample the same number return estimates. For each bootstrap sample
be{l,...,B}, we computed:

o Match *: We run the deferred acceptance algorithm for the counterfactual using the
bootstrapped sample of students, their preferences, and scores (R, s’), fixed capacities

(q) and quota policy (w) for the corresponding counterfactual.

e Draw returns estimates: We use draws from a parametric bootstrap described in section
4. The bootstrap takes the asymptotic distribution of the estimates of preferences to draw

control function and estimate the main returns model given by Equation (9).

o Compute returns and statistics: We use the bootstrapped parameters of the returns equa-

tion and new match to compute expected returns for each student.

Table 6 presents the median across 100 bootstrapped samples and the confidence interval

corresponds to percentiles 2.5 and 97.5.

D.4 Characterizing Affected Students

Each counterfactual allocation contains winners and losers, but the aggregate estimates mask
these details, which we now unpack. This section has two goals. The first is to characterize af-
fected students in terms of their observable characteristics. The second is to further characterize
and understand potential features and application behavior that govern baseline representation
gaps.

Appendix Table D.2 reports descriptive statistics comparing applicants affected by the coun-
terfactuals. Women admitted to Engineering after a 30% quota have 0.24 standard deviation
lower admission scores than those admitted in the baseline and 0.37 standard deviation lower

admission scores than men. As expected, men who are displaced due to the quota also have
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lower scores but higher than those of the newly admitted women. Displaced male students are
similar in demographic composition to the newly admitted women except for being more likely
to come from a public high school. Focusing on applicant PSU scores alone misses important
pieces of the pie, however, as there could be gender differences in the types of Engineering
programs that men and women apply to.

Appendix Figure D.1 demonstrates substantial heterogeneity in the types of Engineering
programs that men and women apply to. To further explore this issue, Figure D.2 conditions
on Engineering applicant college admission score and reports the mean cutoff score at their top-
ranked program. Panel (a) shows clear gender differences, with women consistently applying to
engineering programs with higher admission cutoffs than men across the entire test score distri-
bution. Panel (b) suggests that this phenomenon is slightly more pronounced among applicants
whose fallback option is not an Engineering program. These female applicants are then likely to
be allocated to lower-earning majors, suggesting that gender differences in reporting behavior
and fallback options among Engineering applicants are having a non-negligible impact on the
representation and earnings gap.26

There are several potential interpretations of this phenomenon. One may be that women are
more risk-loving than men, but that would be inconsistent with an extensive body of evidence
suggesting women are more risk-averse than men (Bertrand, 2011). Another reason could be
that women have stronger tastes for relatively high-ranked Engineering programs. While we are
limited in what we can say in our data, survey findings in Fabre et al. (2021) show that women
do much worse forecasting their admission probabilities than men. This evidence underscores
the importance of recent policies that better inform students about the admissions process and
address information frictions that undermine their success in centralized assignment systems
(Arteaga et al., 2022). More generally, these findings provide suggestive evidence that gender
differences in reporting behavior and information frictions in centralized assignment systems
have important implications for other policy-relevant outcomes not previously considered, such

as the gender earnings gap.

D.5 Additional Figures

Finally, Figure D.3, discussed in the main body of the paper, shows the relationship between
prediction error from the Random Forest prediction of graduation and the distance to admission
cutoff among students admitted to Engineering programs. Figure D.4, also discussed in the main
body of the paper, shows the gender earnings gap under different counterfactual assignment

policies.

26Tt is worth to emphasize that these comparisons are among Engineering applicants and are not inconsis-
tent with the robust evidence showing that men and women differentially list STEM and non-STEM programs
conditional on the same college admission score (Ahimbisibwe et al., 2024).
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Figure D.1: Top-Ranked Program Cutoffs
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Notes: This figure reports density and cumulative distribution plots of program cutoffs among applicants who
rank Engineering at the top of their rank-ordered list. Panel (a) reports the density, and Panel (b) reports the
CDF. Figures restricted to applicants with PSU scores above the minimum required to apply to the CRUCH
system during 2004-2007.
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Figure D.2: Gender Differences in Application Behavior
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Notes: Panel (a) plots the cutoff scores against applicant PSU scores for their top-ranked program. The sample is
restricted to applicants who rank Engineering programs at the top of their rank-ordered list. Panel (b) is similar
but restricted to the applicants who rank something other than Engineering as their fallback option.
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Figure D.3: Prediction error around the admission cutoff by gender
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Notes: This figure shows the relationship between prediction error from the Random Forest prediction of gradu-
ation and the distance to admission cutoff among students admitted to Engineering programs. The figure shows
that the error rate is mostly flat, just above the cutoff, which suggests that there is no systematic improvement
in our models’ ability to predict graduation at different test scores.
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Figure D.4: Counterfactual Assignment Policies
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Notes: These figures show the gender earnings gap under different counterfactual assignment policies. In panel
(a), each bar shows the overall gender earnings gap under a policy that increases seats by 50% in a given field of
study. In panel (b), each bar shows the overall gender earnings gap under a policy that creates a 50% quota for
women, given seats, in each field of study. The black vertical line shows the baseline gender earnings gap among
college graduates in Chile.
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Table D.2: Descriptive statistics for students affected by 30% Engineering quota.

Applicants to Engineering Admitted to Engineering Changed Admission Status
at Baseline in Engineering with 30% quota

(1) (2) (3)

Panel (a): Female

Average Test Score 1.35 1.50 1.26
Father is College Grad 0.32 0.36 0.35
Mother is College Grad 0.27 0.30 0.27
Public Health Insurance 0.52 0.50 0.47
Public School 0.18 0.16 0.17
Panel (b): Male
Average Test Score 1.51 1.63 1.51
Father is College Grad 0.34 0.36 0.36
Mother is College Grad 0.27 0.29 0.26
Public Health Insurance 0.49 0.48 0.47
Public School 0.21 0.19 0.21

Notes: This table presents the average test scores and demographic characteristics of students affected by the
30% admission quota counterfactual. Column (1) shows the characteristics of students who listed Engineering
as one of their preferences, column (2) corresponds to students admitted to Engineering in the actual data, and
column (3) corresponds to students who saw a change in their admission to Engineering (admitted for women
and rejected for men) in the counterfactual. The sample for this table uses students in the admission process in
2007 who eventually graduated from college.
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