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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.

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
Internationally 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 communi-
cation, geography, journalism, psychology, sociology, and social work. The field of “ Busi-
ness” includes the degrees: commercial engineering, accounting, commerce engineering,
business administration, marketing engineering, logistics engineering, foreign trade en-
gineering, management control engineering, human resources engineering, finance engi-
neering, 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 esti-

mated parameters of these models and random drawings € from a truncated distribution.



Following Gartner et al. (2005):

o o
ei:@l(ux 1_¢(c;w) +®(m))
o g

where u ~ U[0,1], ¢ is the social security contribution limit, X’ 3 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.

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.

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 ma-
jors 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.3 reports

fallback major prevalence. Overall, we find sensible patterns. For example, Social Science

is the most common fallback option among students who rank Law programs as their
2



most-preferred field, while Science is the most common fallback major for individuals

who rank Engineering as their most-preferred field.

Fertility: Figure A.4 uses data from the World Bank World Development Indicators
database and replicates the Figure presented in Doepke et al. (2023), including Chile. The
figure shows total fertility rates since the seventies and highlights that Chile’s fertility

rates today are remarkably similar to those of high-income countries.

Figure A.2: Similarity and Potential Wage Indexes by Field of Study Across Cohorts

Inverse Duncan-Duncan similarity index

Potential income similarity index

65

55
T
1960

T T T T
1975 1980 1985 1990

Five-year birth cohort

T T T T T T T
1975 1980 1985 1990 1960 1965 1970

Five-year birth cohort

T T
1965 1970

(a) Gender Similarity Index (b) Potential Wage Index
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: 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.4: Total Fertility Rates Over Time
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Notes: This figure shows the total fertility rates for the high-income countries considered in Doepke et
al. (2023) and Chile (in blue). The data comes from the World Bank World Development Indicators
database.

B Supplementary Results

This section provides additional results mentioned in the paper. First, we provide evi-
dence that our approach is consistent with that of Kirkeboen et al. (2016). Second, we
show results on the dynamics of the gender earnings gap through the lens of a decompo-
sition between differences in returns and differences in match effects. Finally, we discuss
a set of additional results that all point to qualitatively similar conclusions as the main

results in the paper.

B.1 Relative Payoffs and Comparative Advantage:

Our findings complement and extend the evidence provided by Kirkeboen et al. (2016)
on the importance of next-best alternatives and comparative advantage in the choice of
college major.

Our approach resembles the fallback conditioning presented in Kirkeboen et al. (2016),
as treatment effects vary according to the composition of a student’s rank-ordered list,
i.e., the payoff to a given field includes a match effect governed by the submitted rank-
ordered list, including the fallback option and any subsequent 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 produces additional differences in treatment effects. Table B.1
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shows the fallback-specific returns estimated by our model. Results are consistent with
those of Kirkeboen et al. (2016) in that payoffs are highly heterogeneous depending on
each student’s fallback. For instance, the payoff to Science go from positive for those
with next best alternatives in Social Science, Teaching or Humanities to negative for

those with next best alternatives in Business or Medicine.

B.2 Additional Results

Private Sector Earnings Data: Appendix Table B.3 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 records as our

primary data.

Total Earnings: Appendix Table B.2 reports estimates using the pension data but
considering 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 this outcome variable encompassing the intensive
and extensive margins of the labor market. We find differences in returns across fields of
study and gender. In line with our main results, men exhibit larger earnings in Science
and Engineering, and women exhibit higher earnings in Teaching and Humanities, fields

with relatively lower returns.

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

results when accounting for the intensive margin of fertility.

Fertility Correlations: We conjecture that majors impact fertility by allowing stu-
dents to access jobs with different attributes and career opportunities. Our interpretation
is consistent with the “new theories” underscoring that factors affecting the compatibil-
ity of women'’s careers and families are key drivers of fertility (Doepke et al., 2023). We
present evidence supporting our hypothesis in Figure B.1, which reports the point esti-
mates and confidence intervals obtained from separate regressions of fertility returns by

field of study on job and field-specific attributes. For additional details, see Appendix C.



Counterfactual Preferences: Figure B.2 offers additional evidence on the impact of
equalizing family considerations between genders. Based upon the decomposition pre-
sented in Equation (1), the Figure B.2 shows that equalizing preferences for family con-
siderations significantly reduces the contribution of Engineering programs to the overall
gender earnings gap while also diminishing the offsetting impact of Teaching and Health

programs.

Figure B.1: Fertility Correlations

Ln Wages r—<>—1—i|
I
I
I
Unemployment Rate — —_—
Child Penalty —o—

Progressiveness of Gender Norm — ——
% with Public Sector Job —0—
% Married or Cohabiting - H—0—

Notes: This figure reports the point estimates and confidence intervals obtained from separate regressions
of fertility returns by field of study on job and field-specific attributes. All independent variables are
standardized to have a mean of zero and a standard deviation of one. Confidence intervals are constructed
using robust standard errors. For details on the construction of Child Penalties and Progressiveness of

Gender Norm, see Appendix C.



Figure B.2: 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 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. Panel (a) plots the results from the decomposition when we assign male preferences for family
considerations to all students. Panel (b) plots the results from the decomposition when we assign female
preferences for family considerations to all students. The predictions use estimates reported in Table 5,
discussed in the main text.
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C Child Penalties and Gender Norms

This section details how we leverage the administrative data to estimate the child penal-

ties and gender norms measures discussed in Section 4 of the main body of the paper.

C.1 Child Penalties

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

Y/z't = Z ﬁijt + ta + Ve + Vig, (16)
k2

where D = 1[t = c+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 v; are time-fixed effects that control for temporal
trends at the 6-month frequency. We omit the time binary variable corresponding to
t = —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., Y = Yie/Yi-.

We estimate the impacts of children on women and men separately and define the child
penalty at event time ¢ as BA;” — Bt“’, 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 ¢ = 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.

Table C.1 complements previous evidence and reports the estimated child penalty
before child conception, at time ¢ = —4, and after it, at time ¢ = 4; and Appendix
Figure C.2 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 C.2

is not causal.?”

27An 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
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Another explanation is that some majors lead to careers in industries or occupations
with more flexible work arrangements, which could help mitigate or amplify the child
penalty. Additionally, as suggested by the evidence in Table 5, individuals who prioritize
work-life balance and anticipate having children may choose majors perceived as more
family-friendly. However, certain industries—often aligned with specific majors—may
enforce stronger gender norms or biases. In traditionally male-dominated fields like En-
gineering or Science, the child penalty might be more or less pronounced depending on

implicit or explicit biases against women taking maternity leave or reducing work hours.

C.2 Gender Norms

We follow the pioneering 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 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

Woman Earnings;

Woman Earnings;+Man Earnings;’ Where t mdexes

years old. We define Relative Farnings; as
the couple, and Woman Earnings; and Male Earnings; are the total labor income of the
will-be mothers and fathers, respectively.

Our proxy for the progressivity of gender norms is measured by the size of the cliff
of Relative Farnings; at 0.5. To gauge the magnitude of the drop at the point where
the female 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. 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).?

Figure C.3 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) estimate 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, Science, Engineering,

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.

28Overall, we find similar variation in gender norms across fields of study, independently of whether we
focus on male or female graduates (and their partners). 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.

13



Medicine, and Business and the smallest in Social Science, Teaching, Humanities, and
Health.

What drives the variation in the estimated cliffs at 0.57 Besides gender norms, 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 access to jobs. 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 Figure C.4, we find broadly similar norm estimates among the subset of couples with
full-time jobs whose hours worked per week are 40 or more.? 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 in Chile. 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, especially when using survey data (Binder and Lam, 2022;
Hederos and Stenberg, 2022; Zinovyeva and Tverdostup, 2021). In our administrative
records, however, few couples (7%) have equal earnings. Figure C.5 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, therefore, argue that the variation in the estimated cliffs can be interpreted as

variation in breadwinner norms across fields of study.

29The patterns in the estimated cliffs using survey data remain broadly the same. The 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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Figure C.1: Child Penalty by Field of Study
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are not conditional on employment status, and the effects include extensive and intensive margins.
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Figure C.2: 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 C.3: 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 C.4: Gender Norms by Field of Study: Full-time workers (CASEN survey)

(a) Law (b) Science (c) Social Science
(d) Teaching (e) Humanities (f) Engineering
(g) Health and Medicine (h) Business

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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Figure C.5: 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.

20



‘owIooul 9A13Is0d IR
SIOQUIOTI )0 dIoYM SO[dNOD U0 SNO0J pue YIIGP[IYD 9I0J0( SIojIenb [Imoj pue pIIy) o) WOIJ SUOIIRAISSCO 9} oSN 9A\ "SO[dNOD I0T)
pue £pnjs Jo ploY & WOIJ Pojenpelsd oym sI9(Je] SIOPISUod (() [pued pue ‘se[dnod Ieyj pue APnjs Jo p[ey © Wolj pojenpers oym sIoyjoul
SIOPISUOD () [oued "APNIS JO P[OY OB I0J SUOISSOIZAI 9)eIedas UIOT PAUTRICO SIOJRITPUI AYNUTIUOISTD ST} JO SOIRMIIISO §T() 99 Syuasald
9[qe) SIYT, "POIND G'() 9} JO 9PIS Yors e Jerwouijod orpeipenb e 10 SUI[OIJUOD S[IYM JIOJRIIPUL AJNUIIUOISIP © UO 91 309[oxd pue suiq
QUIOOUI DAT)R[II G()'() AJUOM] ST} JO [OBd UI $9[dN0D JO UOIIORIJ O} 9JR[NO[RD 9A\ 'SO[dNO0D Jo UOoIORIJ oY) SI o[qeLIes Juopuadop oy [, Apnis
JO Sp[OY JUSIOHPIP WIOIJ S[ENPIAIPUL JO SSUIUIRO OAIJR[OI JO UOINLIISIP 97} Ul AJMNUIIUOISIP POJRWIISo o s1I0dol o[qe) SI ], S0\

(6100)  (9g0°0)  (010°0)  (110°0) (croo)  (1100) (170°0) (€10'0)  (610°0)
I11°0- evro- - 800°0- 8L0°0- ¢10°0- 610°0- €€0°0- 9v0°0-  601°0- 3eelg
(s1ouyred Iey) pue) seyenpels oely :(q) [PURJ

(1z000)  (620°0)  (500°0) (820°0) (¥10°0) (900°0) (L00°0) (610°0) (¥€0°0)
080°0- 080°0-  920°0- 660°0- 720°0- €z0°0- {700~ G60°0- FOT'0- Yearg

(s1ouyred Ioy) pue) sejenpels ofeway] :(e) [Pueq

(6) (8) (2) (9) (c) (¥) (€) (2) (1)

SSOUISTE] OUIPA[N [Iedl Sulreaurdus] sorjiuewing] SuIyord], 00USING [RIDOG 90USIDS  ME]

SULION] IOPUOL) 7)) ORI,

21



D Counterfactual Details

This section reports additional details related to the counterfactual policies we analyze
in Section 5. We discuss our implementation of the deferred acceptance algorithm, offer
details on the machine learning model used to predict graduation probabilities, describe
the bootstrap procedure used in our counterfactual analysis, and the conclusion provides

additional details underpinning the main counterfactual results in the main paper.

D.1 Deferred Acceptance Algorithm

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

Acceptance 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 program considers the students it has tentatively assigned together
with its new proposers and tentatively assigns its seats to these students one at
a time following the program’s priority order based on the weighted score. 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 by first processing 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 thirteen years after application. In particular, we train a Gradient
Boosting Model (GBM) to generate predictions. Predictors include the income quin-
tile 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 educa-
tional attainment, indicators for applying to different universities and majors, indicators
for acceptance at different universities, preferences, and the control functions from the

choice model.
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We train a separate GBM for each field to generate an out-of-sample predicted grad-
uation probability for each field for each student. We make out-of-sample predictions for
all students in the admissions process in 2007. We use applicants from the years 2008
and 2010 for fitting and out-of-sample tuning. Chilean students can apply to college for
multiple years, and as a consequence, applicants in the year 2007 (our validation year)
might appear in our training sample for the years 2008-2010. To avoid this, we restrict
our sample so that students appear only in the last year they applied to college. To
improve model performance, we fine-tune the parameters of each GBM (i.e., number of
boosting rounds, maximum tree depth, and learning rate) for each field separately using
5-fold cross-validation and a grid search on the training sample. Specifically, we iden-
tify the combination of parameters that minimizes the Brier score averaged across the 5
cross-validation iterations.

Appendix Figure D.2 reports forecast bias assessments. The forecast coefficients are
statistically equal to one for fields of study that are heavily impacted in the counter-
factual analysis. The model tends to underpredict graduation probabilities in Teaching,
Humanities, and Health. These three fields account for less than seven percent of the
roughly four percent of women affected in the counterfactuals and around eight percent
of the five percent of affected men. Importantly, the graduation probabilities are fore-
cast unbiased for Engineering, Business and Science, the three most important fields for

comparison across counterfactual scenarios.

D.3 Causal Graduation Probabilities

We use machine learning methods to predict graduation probabilities in the main body
of the paper, but an alternative approach is to estimate a causal model of graduation.
In this section, we assess the sensitivity of our main counterfactual results to the use
of graduation probabilities estimated from a causal model. Specifically, we estimate
graduation probabilities using Equation (9) in the main body of the paper (i.e., using
graduation as an outcome and assignment as the treatment).

Appendix Figure D.1 reports estimates analogous to Figure 5. Reassuringly, the
results are qualitatively and quantitatively similar when using graduation probabilities

estimated in the causal model.
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Figure D.1: Counterfactual Policies
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Notes: These figures report the changes (relative to baseline) implied by different counterfactual scenarios
using the predicted graduation obtained from our causal model. We consider 10, 30, and 50% seat
expansions in Engineering programs (gray bars) and a 10, 30, and 50% quota for women in Engineering
(red bars). Panel (a) shows the impacts on the Engineering representation gap. Panel (b) reports the
impacts on the total gender earnings gap. Panels (c¢) and (d) show the total impacts on earnings and
fertility. The sample includes the 87,599 students who applied through the centralized admission system

in 2007.
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Figure D.2: Predictive Accuracy
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Notes: These figures report binscatter plots of graduation on out-of-sample predicted graduation rates
separately for each field of study among accepted applicants in 2007.
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Figure D.3: Change in Graduation Probabilities
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Notes: This figure shows the change in graduation probabilities—as predicted by our Gradient Boosting
Model—for all male and female applicants who are assigned in each counterfactual scenario.

Figure D.4: Share Affected by Each Policy
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Notes: This figure shows the percentage of male and female applicants directly or indirectly affected in
each counterfactual scenario.
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Figure D.5: Displaced Students
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Notes: These figures present log earnings as a function of test scores for graduates from different fields
of study. Gray bars show the test score distribution of students reshuffled across fields under the coun-
terfactual quota policy of 50% in Engineering. We focus on students who were either “displaced to” or
“pulled from” the three main fallback options for Engineering: Business, Science, and Unassigned.
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