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Abstract

The gender gap in science, technology, engineering, and mathematics (STEM)

widens during high school, due both to differences in student choices and institutional

barriers to accessing STEM education. Using rich data on high school choice from

Mexico City, we show that most of the gap is due to gendered choices but exam-based

assignment also restricts access to selective STEM schools. General equilibrium simu-

lations reveal the potential for policies at the margin to have large effects. Policies such

as STEM affirmative action or inducing females to move their highest ranked STEM

school up by one rank can reduce the gap significantly.
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1 Introduction

Despite substantial interest in understanding and reducing the gender gap in science, tech-

nology, engineering, and mathematics (STEM), this gap remains large throughout the world

(Barone 2011; Kahn and Ginther 2017; Sax et al. 2016) and continues to have important

welfare consequences (Clark Blickenstaff 2005; Hong and Page 2004; Riegle-Crumb and King

2010). This gap manifests in various ways throughout the STEM pipeline from early ed-

ucation to the workforce. The causes and consequences of the post-secondary STEM gap

have received particular attention. One key finding is that gender differences in educational

choices at the high school level crucially impact the university-level gap (Card and Payne

2017; Lichtenberger and George-Jackson 2013). But the effect of differential investments

during high school is multifaceted: a STEM focus in high school may affect not only the

probability of pursuing a STEM major in college and working, eventually, in a STEM field,

but also on the probability that a high school graduate will work in a nonprofessional STEM

job (Rothwell 2013). This second channel is especially important in economies with lower

levels of post-secondary participation, where high school often provides an entry point into

the labor market.

The STEM high school gender gap arises both from gendered preferences and institu-

tional features that determine access to STEM education, two factors explored by prior

research and discussed in more detail below. Females select into STEM studies less often

than males, suggesting that the gap is due in part to preferences. But males and females with

identical preferences may have differential access to STEM education, particularly when the

education system uses measures like test scores to ration the supply of STEM education.1

Much remains to be known about the relative importance of preferences and access within

the context of school choice and competitive admissions systems, which sort students into

schools and educational tracks based on students’ ranked choices and schools’ priority lists.

1While “access” can be understood to encompass a wide range of both institutionalized and de facto
contributors, we use the term “access” in this paper to more narrowly refer to admissions criteria that are
formally considered in granting entry into a field or school.
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Moreover, there are various proposed policies that aim to reduce the STEM gender gap by

reshaping individual preferences or the formal institutions that determine access, but little

is known about their potential effectiveness and the importance of heterogeneities along the

achievement distribution for understanding their impact.

We address these outstanding issues using a unique dataset on high school choice and

admissions in Mexico City. Mexico City has a centralized high school choice policy in which

students submit a ranked list of educational options and are given assignment priorities

based on their performance on a placement exam. The differences between schools are

meaningful: students have both STEM-focused and non-STEM options, and each of these

two groups contains both competitive elite schools and nonelite schools. This context allows

us to richly describe students’ preferences at an early stage of the STEM pipeline and to

characterize how preferences vary along the dimension of achievement. Understanding the

range of STEM high schools is particularly important as access issues are more likely to

be a concern for selective STEM high schools, while choice differentials are more likely to

matter for less competitive STEM high schools. The centralized and well-defined admissions

mechanism allows us to fully simulate the first-order general equilibrium effects of various

counterfactual policies.

Using detailed student-level data from 2004 through 2009 on students’ choices, placement

exam scores, and demographics, we answer two main research questions. First, how much

of the STEM gender gap is explained by choice differences and how much is explained by

access differences? Second, how effective are different policies, aimed at changing choices or

changing access, in reducing the gap?

With respect to the first question, we find that males are 11 percentage points more likely

to be assigned to a STEM school than females (41% for males compared to 30% for females).

This gap is composed of a 5 percentage point difference in elite STEM schools (12% vs. 7%)

and a 6 percentage point difference for nonelite STEM schools (29% vs 23%).2 Females score

2Students are actually assigned to tracks within schools and some schools include both STEM and non-
STEM tracks. We use “school” to describe a school-track combination for ease of exposition.
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0.22 standard deviations lower than males on the placement test, with much of this difference

due to lower scores on STEM sections of the exam. Comparing choice portfolios, males are

more likely to list STEM schools and list more STEM schools than females. However,

the majority of both males and females list both STEM and non-STEM schools in their

choice portfolios, and the proportion of students listing STEM schools has been increasing

over time. Decomposing the assignment gap, the male advantage in placement test scores

explains 25% of the elite STEM school gap, while the majority of the gap in both elite and

nonelite STEM schools is due to gendered choices. An additional decomposition of the factors

underlying the STEM choice gap suggests that a small portion is explained by differences in

STEM comparative advantage but not by differences in demographics, academic self-image,

studying behaviors, and grades. The descriptive analyses generate two key insights: the

exam-based placement mechanism constrains access to STEM for a subset of schools and

females, and choices are fundamentally important but mutable, given that many STEM-

amenable females are already including STEM options in their rankings.

With respect to the second question, we use these insights to motivate several simulations

that demonstrate the impact of counterfactual policies affecting choice and access. Because

we know the exact assignment mechanism that maps students’ entrance exam scores and

choice portfolios to school assignments, we are able to compare the observed STEM gender

gap to counterfactual gaps produced by well-specified modifications to the mechanism, as

well as hypothetical choice nudges that induce females to choose STEM programs more

frequently. These simulations suggest that the gap can be reduced significantly through

policies such as affirmative action in assignment to STEM schools or a nudge that induces

females to move their highest ranked STEM school up by one rank. The results highlight

the potential for marginal policy changes to have large effects on assignment outcomes. On

the other hand, other policies that explicitly favor females actually increase the magnitude

of the STEM gap. For example, affirmative action that is not restricted to STEM schools

widens the STEM gap. This is because females, on average, prefer non-STEM schools more

4



than males and affirmative action allows them to access otherwise-unattainable non-STEM

schools. This highlights the role that preferences play in generating the STEM gap and the

need to account for them in any potential policy reform. In addition, the policy simulations

reveal highly heterogeneous effects across the achievement distribution, emphasizing the need

to consider the types of STEM options that are relevant for different students.

Our work contributes to a large body of existing literature studying the determinants

of the STEM gender gap. With respect to issues of access, the test score differential in

Mexico City is consistent with studies throughout the developed and developing world that

find that males outperform females in STEM-related achievement tests, with small gender

differences in math scores at early ages but larger differences solidifying in middle and high

school (Hyde et al. 2008; Stoet and Geary 2013). When considering the effect of these

achievement differentials, several studies find that students with higher scores and grades

are more likely to choose STEM later, but this association explains little of the overall gap

(Friedman-Sokuler and Justman 2016; Riegle-Crumb et al. 2012; Xie and Shauman 2003).

These studies focus on contexts where prior achievement is not a formal binding constraint

to entry.

In Mexico City and many other places, however, entry is systematically constrained

in important ways. Students specialize early in many countries’ educational systems and

tracking is common. Often, placement test scores are used to regulate entry into schools

or programs.3 Studying one such context, Corcoran and Baker-Smith (2018) find that fe-

males, Latinos, blacks, and lower income students are significantly less likely to qualify for

admission into New York City’s highly demanded, specialized high schools. Similar to the

New York City study, our results show that test score differentials are an important factor

constraining access to STEM for some females. This access differential may be particularly

concerning for policy-makers, as research suggests that these achievement measures are of-

ten imperfect measures of ability and are highly dependent on environmental factors such

3Examples of explicit merit-based tracking into schools include Ghana (Ajayi 2013), Romania (Pop-
Eleches and Urquiola 2013), and Trinidad and Tobago (Kirabo Jackson 2010).
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as gendered stereotypes (Cvencek, Meltzoff, and Greenwald 2011), the competitive nature

of test-taking (Niederle and Vesterlund 2010), and fixed versus growth mindsets of learning

(Good, Aronson, and Inzlicht 2003).

With respect to gendered choices, previous literature shows that females choose STEM

fields less often than males. Females enjoy different types of coursework than males (Zafar

2013), often choosing fields associated with more cooperative work and fields with more

pro-social goals (Shi 2018). Again, though, many studies highlight the role of environmen-

tal factors in forming these preferences, indicating that other considerations may constrain

choices. These factors include culture, role models, family expectations, and “chilly climates”

(Kahn and Ginther 2017). In documenting gendered choice differences, most studies exam-

ine enrollment in or graduation from STEM programs, as these are the primary outcomes

observed in many datasets. While recent work has examined STEM aspirations (Sax et al.

2015) and highlighted transitions of major choice (Astorne-Figari and Speer 2019; Wiswall

and Zafar 2014), there is very little known about students’ preferences over a range of STEM

and non-STEM educational options. Here, our analysis of the full choice portfolio reveals

that there are already many females who are open to studying STEM who can benefit from

policy changes. In addition, while previous literature has shown that the gender gap emerges

at younger ages and that high school course taking is important for later STEM choices (Card

and Payne 2017; Lichtenberger and George-Jackson 2013), less work has focused on early

determinants since it is more rare to observe younger students making STEM-related choices

(Kahn and Ginther 2017). This study reiterates the need for early interventions for reducing

the gender gap.

The simulation analysis suggests that a more comprehensive understanding of these access

and choice differences is fundamental for designing effective policy for reducing the STEM

gender gap. This is particularly relevant as legislators and educators propose and implement

various policies aimed at promoting equity throughout the educational pipeline. Such poli-

cies include expanding the range of options available to students by expanding school choice
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policies (Wong 2018) or by creating more STEM-focused schools for the broader population

(ACHIEVE 2019; Council et al. 2007; Science and Technology 2010). Other strategies in-

clude changing admissions or course entry policies to use different or more holistic metrics,

including relative measures based on levels of disadvantage (Jaschik 2019), test scores aligned

with problem-solving curriculum (Treschan et al. 2013), prior course-taking and grades (Col-

leges 2018), and various combinations of the above. Furthermore, there are ongoing debates

around affirmative action (Bertrand, Hanna, and Mullainathan 2010; Francis and Tannuri-

Pianto 2012; Frisancho and Krishna 2016; Fryer Jr and Loury 2005) and related policies,

such as reserving seats for top performers from each lower level school (Cullen, Long, and

Reback 2013; Treschan et al. 2013). Considering such policies in the context of gendered

access and choice in STEM is necessary for moving toward an evidence-based strategy on

reducing the STEM gap.

In addition to mechanism changes, the simulation results reveal that demand-side inter-

ventions aimed at changing choices are potentially effective. While our data do not allow

us to speak to the underlying efficacy of interventions directed at changing choices, these

simulations draw from a growing body of literature suggesting that such interventions exist

and can be effective. Specifically, literature shows that preferences are mutable and affected

by factors like culture and expectations (Kahn and Ginther 2017). Broadly, interventions

providing information about school quality (Hastings and Weinstein 2008), student-specific

achievement (Bobba and Frisancho 2016), and major-specific wage returns (Wiswall and

Zafar 2014) have been shown to be able to change students’ choices, and more interactive

curricula have been shown to increase students’ content knowledge and interest in STEM

(Polikoff et al. 2018). Considering females in STEM more specifically, research suggests

that increased exposure to applied science courses (Gottfried and Bozick 2016), increased

exposure to female role models (Breda et al. 2018; Carrell, Page, and West 2010; Lim and

Meer 2019; Porter and Serra 2019), increased exposure to female peers (Schneeweis and

Zweimüller 2012), and positive feedback with respect to course grades (Owen 2010) can
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increase the probability that females choose and persist in STEM fields.

The rest of the paper proceeds as follows. In Section 2, we provide more background on

the definition of STEM and the returns to STEM high schools. In Sections 3 and 4, we de-

scribe the Mexico City high school assignment mechanism and data, respectively. In Section

5, we document the STEM gender gap in the data, describe the underlying determinants,

and identify the relative importance of different factors using a decomposition analysis. In

Section 6, we simulate several example policy interventions to provide guidance on what

kinds of changes are likely to close the gap. Section 7 concludes.

2 STEM and STEM high schools

2.1 What is STEM?

Before proceeding, we present our definition of STEM for this analysis. Despite the broad

interest in STEM, there is no unified definition of STEM jobs and fields of study. Instead,

various STEM classifications exist, differing in their approaches to categorizing certain groups

of occupations such as educators, managers, technicians, healthcare professionals, and social

scientists (Beede et al. 2011). The definition of STEM has implications for the size of the

gender gap, as female underrepresentation is mostly found in the math-intensive or “high-

status” fields, while more women are found in fields such as life science, psychology, and

social sciences (Ceci et al. 2014; George-Jackson 2011).

In this analysis, we apply the classification developed by the Brookings Institute (Roth-

well 2013). This classification uses data from the U.S. Department of Labor to categorize

occupations based on the level of STEM knowledge they require, identifying high-STEM

occupations as those which require substantial knowledge (at least 1.5 standard deviations

above the mean knowledge score) in any one STEM field (science, technology, engineering,

or math). Overall, this generates a broad classification of STEM. It includes non-math

intensive areas such as nursing in its STEM classification and therefore represents a more
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inclusive definition of STEM. In addition, it includes a set of occupations, like equipment

maintenance and building technicians, that do not require higher education. Including these

as STEM fields allows us to compare nonprofessional STEM areas to professional STEM

areas. These nonprofessional STEM occupations have received less attention despite the

fact that they account for a large fraction of STEM jobs and pay a wage premium relative

to nonprofessional non-STEM jobs (Rothwell 2013). Moreover, these fields are particularly

relevant in Mexico and other developing countries, where higher education participation is

growing but far from universal and large parts of the economy are driven by manufacturing.

2.2 STEM high schools

We also identify STEM high schools using a broad definition of STEM. We define STEM

high schools as schools that provide specific science and math programs to their students,

including schools that offer more academic curricula and schools that offer more technical

curricula. Both types of STEM high schools exist in a variety of contexts and have different

features. The more academically focused STEM schools, like The Bronx High School of

Science, are often highly selective and pathways to elite education (Corcoran and Baker-

Smith 2018). The more technical/vocational STEM schools are more widely accessible and

have garnered increasing interest in recent years as options for job preparation and alternative

pathways to higher education (Dougherty and Harbaugh Macdonald 2019; Gewertz 2018).

Given the range of different features and options, prior research shows mixed results on

the effectiveness of STEM high schools. Some studies find positive impacts of STEM school

attendance on STEM course-taking and interest (Means et al. 2016) and on STEM test

scores and rates of STEM test-taking (Wiswall et al. 2014), while others find no positive

impacts (Bottia et al. 2018; Eisenhart et al. 2015) or heterogeneous results across different

STEM schools (Gnagey and Lavertu 2016).

As the returns to STEM high schools appear to be context-dependent, we discuss the

likelihood of positive returns in Mexico City. Dustan, de Janvry, and Sadoulet (2017) show
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that selective STEM high school attendance in Mexico City increases end-of-high-school

test scores. There is little evidence available regarding the effectiveness of technical STEM

schools.4 However, using labor force data from Mexico, we compute and present some moti-

vating statistics that suggest positive returns from technical STEM high schools. Specifically,

there is an 11 percent wage premium for STEM occupations among females with no higher

education (22 percent among females with STEM occupations requiring higher education).

In addition, females who study STEM in high school are 17% more likely to study STEM in

college, and females who study STEM in college are 7.5 times more likely to work in STEM

occupations. Females who study STEM in high school but do not continue to college are

also twice as likely to work in STEM compared to females who do not continue to college

and do not study STEM in high school. The details of this analysis are included in the

Appendix, with the results in Appendix Tables A.2 and A.3. Together, these results suggest

that the gender gap in STEM in Mexico City is likely associated with some negative welfare

consequences for females.

3 School choice in Mexico City

Here, we describe more specifically the types of STEM schools in Mexico City and the choice

mechanism. Students select from over 600 academic programs available throughout Mexico

City. Again, some programs are offered at the same site, but we refer to these programs

more generally as schools for ease of exposition. We delineate four different types of schools:

elite STEM, elite non-STEM, nonelite STEM, and nonelite non-STEM.

There are two subsystems of schools that are considered elite. Both are highly demanded

and draw students from all areas of Mexico City despite being clustered near the city center

(Dustan and Ngo 2018). The elite STEM schools focus on science and engineering and are

affiliated with the Instituto Politécnico Nacional (IPN), a prestigious national polytechnic

4See Ortega Hesles and Dougherty (2017) for a working paper related to the returns to technical schools
in Mexico City.
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university. The elite non-STEM schools offer broader, liberal arts-style curricula and are

affiliated with the Universidad Nacional Autónoma de México (UNAM) and the Universidad

Autónoma del Estado de México (UAEM). There are 16 and 15 elite STEM and elite non-

STEM schools, respectively.5

The remaining nonelite schools tend to be less competitive, drawing most of their students

from nearby neighborhoods. The nonelite STEM programs exist within a set of technical

and vocational schools, primarily in the Colegio Nacional de Educación Profesional Técnica

(CONALEP) and Dirección General de Educación Tecnológica Industrial (DGETI). These

technical schools offer training intended to prepare students for specific occupations. Stu-

dents taking part in the COMIPEMS process choose specializations within these schools,

with many schools offering both STEM-focused and non-STEM specializations. We cat-

egorize students as assigned to nonelite STEM schools if their specializations are STEM

specializations (e.g., mechanical engineering) and as assigned to nonelite non-STEM schools

if their specializations are non-STEM specializations (e.g., business administration).6 Thus

students assigned to technical schools can still be considered non-STEM because of their

specialization. Finally, the nonelite non-STEM schools consist of a set of traditional schools

offering general courses.

Students from any type of high school may go on to higher education, regardless of

whether or not their secondary schooling was geared towards general education or voca-

tional training. UNAM-affiliated high schools (elite non-STEM) differ in one important

way; students attending the UNAM-affiliated elite non-STEM schools are guaranteed en-

trance into the UNAM university conditional on meeting certain academic requirements. No

such guarantee exists for other schools.

During the final year of middle school, students interested in attending these public high

schools participate in a competitive choice-based assignment process. The choice process

5See Dustan, de Janvry, and Sadoulet (2017) for a more detailed description of the elite schools as well
as their associated returns.

6See Avitabile, Bobba, and Pariguana (2017) and Ortega Hesles and Dougherty (2017) for additional
discussion on the constraints and returns to these educational tracks.
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occurs during and after students’ final year of middle school (grade nine). First, students

rank their preferred schools, listing up to a maximum of twenty options. Students then

take a comprehensive placement test, covering content on verbal reasoning, Spanish, history,

geography, philosophy/civilization/ethics, quantitative reasoning, math, physics, chemistry,

and biology.7 Finally, students are assigned to schools using a serial dictatorship algorithm

that is a special case of the deferred acceptance algorithm characterized by Gale and Shapley

(1962). Specifically, a computer orders all students according to their placement test scores,

and moving from highest scoring to lowest scoring, assigns each student to her highest-ranked

school with a remaining seat when her turn arrives.

There is full compliance with the assignment mechanism, in the sense that students

cannot enroll at a public school to which they were not assigned, though students can opt

out of the system entirely. Most students (84 percent) are assigned through this algorithm,

while the remaining students are not assigned because they chose only schools with cutoff

scores higher than their own score. These students can later choose from schools that have

seats remaining after the computerized assignment. We do not observe this outcome for most

years, but show that accounting for assignments in this later round does not substantively

affect the size of the STEM gender gap using data from 2005, the one cohort for which we

have full assignment data.

4 Data

The data used to analyze students’ school choices and assignments are drawn from the

COMIPEMS administrative databases. We include data from the years 2004 through 2009.

While data from other years is available, we exclude years prior to 2004 because we do not

have program codes within technical schools and are therefore unable to determine whether

or not the technical programs are STEM or non-STEM. We exclude years after 2009 because

7Due to historical and political reasons, there is an alternate version of the test for students who rank an
UNAM-affiliated school as their first choice. The two versions of the test are written in collaboration and
are perceived to be substantively equivalent.
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the DGETI subsystem changed from having students apply to programs within each school

to allowing students to choose programs after enrolling in DGETI schools, again making it

difficult to classify these programs as STEM or non-STEM.

The databases include each participating student’s reported school choice list, with all

programs (including specialties within technical schools) and their ranks. The data also

include the placement exam scores, with subcomponents for each subject, middle school

GPAs, students’ home postal codes, students’ final assigned programs, and an explanation

code if students were not assigned by the mechanism. We include the full sample of students

eligible for assignment in our analyses.8 This includes students who are finishing middle

school at the time of the exam, middle school graduates who are re-taking the exam, students

outside of the COMIPEMS metropolitan area who expect to move there for high school,

and adults who are returning to school. This is done to provide the most comprehensive

description of the STEM gender gap in the full population. Analyses of the gap in assigned

programs only include students who were successfully assigned to a program (in actuality or

according to the policy simulations).

Using these STEM occupational classifications, we classify the Mexican high school ed-

ucation tracks as STEM or non-STEM by creating a cross-walk between the choice dataset

and the Brookings classification. Specifically, for each education track, we identify all possi-

ble occupational matches and take the average STEM classification for them. We categorize

the education track as STEM if the average STEM classification is 0.5 or more. Each clas-

sification was done independently by two people, with discrepancies reconciled by a third

individual. The education track STEM classifications are presented in Appendix Table A.1.

Examples of STEM tracks include electricity and electronics, agro-industrial technician, and

nursing, while examples of non-STEM tracks include social work, tourism, business, and

administration.

We supplement school choice data with geographic information system (GIS) data, which

8Students are not eligible for assignment if they failed middle school or scored below a minimum score
on the placement exam. They are dropped from our analysis.
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provides the location of each postal code and school.9 We use the straight-line distance be-

tween each student’s home postal code centroid and listed schools as a measure of willingness-

to-travel.

In addition, we use data from a survey completed by each student and turned in with the

school preferences. This survey includes questions about demographics such as household

income and parental education levels and a set of items on students’ academic behaviors and

beliefs.

5 Describing and decomposing the STEM gap

Using this dataset, we first describe the STEM gender gap and present several possible

explanations for this gap. We then decompose the gap using the available data and then

turn to potential policy solutions.

5.1 Gender gaps in assignment

Table 1 presents the summary statistics for school assignment by gender. Conditional on

assignment during the computerized process, females are 5 percentage points less likely to

be assigned to an elite school and 3 percentage points less likely to be assigned to a technical

school (which may be either STEM or non-STEM depending on the specialization). Forty-

one percent of males are assigned to STEM schools compared to 30 percent of females,

generating a STEM gender gap of 11 percentage points. Since there are ongoing debates

about whether or not certain fields are included within STEM, we reclassify nursing and

dentistry as non-STEM and recalculate the gender gap. The gap grows to 13.8 percentage

points. For the remainder of the analysis, we use the classification described above, where

9The sources include Mexico’s National Institute of Statistics and Geography (INEGI), the unofficial
Metro website http://mexicometro.org, a standard shapefile format by José Gonzalez at http://www.jose-
gonzalez.org/mexico-citys-metro-shapefile, and the official COMIPEMS website for the location of each
school, http://opciones.comipems.org.mx.
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nursing and dentistry are considered STEM fields.10

Figure 1 presents the gender-specific distribution of assignments broken down by the four

school sub-types. The STEM gender gap is driven by differences in both elite and nonelite

STEM schools, with 29% and 12% percent of males assigned to nonelite STEM and elite

STEM schools, respectively, compared to 23% and 7% of females. While females are slightly

more likely to be assigned to elite non-STEM schools (17% of females versus 16% of males),

females are much more likely to be assigned to nonelite non-STEM schools (53% of females

versus 43% of males). This suggests that, on average, the STEM gender gap is not due to

a higher fraction of females in “high-return” elite non-STEM schools but rather is due to a

higher fraction of females in traditional public schools.

Figure 2 examines heterogeneity in assignment by achievement, displaying the assignment

gap by placement exam score quartile. The total gap is relatively constant across quartiles,

with a slightly higher gap in the highest quartile (14 percentage points) compared with the

lowest three quartiles (11 to 12 percentage points). The gap in nonelite STEM assignment

decreases at higher quartiles, with fewer males and females assigned to these schools at higher

quartiles. In contrast, the gap in elite STEM assignment increases at higher quartiles; there

is almost no gap in elite STEM assignment in the bottom two quartiles, as these students

do not score high enough to be admitted into elite schools.

Figure 3 presents the quartile-specific distribution of school assignments. Looking within

quartiles, females in the highest quartile are assigned to elite non-STEM schools at a sub-

stantially higher rate than males (54 versus 42 percent). For these high-achieving females,

the potentially large benefits of the elite non-STEM schools, including guaranteed college

entrance, may outweigh the benefits of STEM schools. However, females in the third quartile

are only moderately more likely to be assigned to elite non-STEM schools than males (12

versus 9 percent) and much more likely to be assigned to nonelite non-STEM schools (65

10The reported gaps are those that exist at the end of the COMIPEMS computerized assignment. We
have data on the final assignments for 2005, which include students who chose a remaining seat after the
computerized assignment. These two gaps—post-computerized assignment and finalized—are compared in
Appendix Table A.5. The gaps are quite similar: 11.7 and 11.5 percentage points, respectively.
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versus 56 percent). This pattern is similar to the aggregate results, as there are fewer females

in the higher test score quartiles. Together, these results suggest important heterogeneity

by achievement that underlie the aggregate STEM gender gap.

There are also differences in assignment rates by gender. Females are consistently less

likely to be assigned than males, and rates of assignment increase monotonically with in-

creasing quartiles (Appendix Figure A.1.) This is in large part because females list fewer

low-cutoff choices than males.

There were few changes in the STEM gender gap (Appendix Figure A.2) over the six

year period from 2004 through 2009. Due to increasing competitiveness among elite schools,

the gap has become slightly more concentrated in the top and bottom quartiles, though the

differences between quartiles remain relatively small (Appendix Figure A.3).

5.2 Assignment determinants: test scores and choice lists

To understand the determinants of the gap, we explore gender differentials that may con-

tribute to assignment differences. Table 2 presents summary statistics by gender for academic

outcomes, choice portfolio characteristics, demographics, and student beliefs and behaviors.

We discuss the test score differentials and choice portfolios here and the other differentials

below in the section on decomposing the choice gap.

From the assignment mechanisms, two main explanations arise. First, males significantly

outperform females on the placement exam on average, scoring 0.22 standard deviations

higher than females. This is despite the fact that females obtain higher grades, with middle

school GPAs that are 0.54 standard deviations higher than males. Figure 4 displays the

densities of middle school GPA and placement exam score and indicates that these average

differences are not driven by outliers but rather by large differences throughout the dis-

tribution. Females’ lower test scores results in lower assignment priorities, suggesting one

potential driver of the STEM assignment gender gap.

Second, males choose STEM schools more than females. Specifically, 36% of male choice
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portfolios are STEM programs, while only 26% of female choice portfolios are STEM pro-

grams. Figure 5 shows the percentage of males and females listing each type of school on the

left and the average number of each type of school listed for males and females on the right.

Males are more likely to list STEM programs, with 59% and 46% of males listing nonelite

STEM and elite STEM programs, respectively, compared with 50% and 41% of females. In

addition, males list more STEM programs on average, listing 2.0 and 1.3 nonelite STEM and

elite STEM programs, respectively, compared to 1.4 and 1.0 for females. In total, females list

slightly more schools than males (9.2 versus 9.0), being more likely to list elite and nonelite

non-STEM schools and listing more non-STEM schools on average. Appendix Figures A.4

and A.5 show the corresponding figures by quartile and find similar patterns. Within each

quartile, males are more likely to list STEM schools and list more STEM schools; at higher

quartiles both males and females choose more elite schools than at lower quartiles.

Conditional on listing one or more STEM schools, males rank them higher than females

do. Appendix Figure A.6 displays this: among the 75% of students who list a mix of both

STEM and non-STEM schools, the highest ranked STEM schools are on average ranked 3.5

and 4.1, for males and females, respectively. For the 15% of students who list all types,

males rank the elite and nonelite STEM schools more highly than females.

While males choose STEM more than females, we note that the majority of both males

and females have fluid STEM preferences, listing both STEM and non-STEM programs in

their ranked schools. Seventy-one percent of females list at least one STEM school, and this

has steadily increased from 66% in 2004 to 75% in 2009. The levels for males are higher,

with 80% of males listing at least one STEM school, increasing from 76% in 2004 to 83% in

2009.11

11Appendix Figure A.7 presents the cumulative distribution functions for the fraction of choice portfolios
consisting of elite and nonelite STEM schools in 2004 and 2009.
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5.3 Decomposing the assignment gap

To systematically examine the extent to which the test score and choice differentials con-

tribute to the assignment gap, we apply the decomposition technique from Gelbach (2016).

This technique is a generalization of the Blinder-Oaxaca decomposition technique that ren-

ders the contribution of each factor invariant to the order in which they are added to the

base regression. Specifically, the contribution of each factor is the difference between the co-

efficient on a dummy variable for “male” between the base regression (i.e., the regression of

the outcome of interest on male) and the full regression (i.e., the base regression augmented

with the factors of interest). The contribution of each factor is the product of two terms

– the male-female difference in the factor, and the relationship between the factor and the

outcome of interest.

Formally, the decomposition proceeds by estimating two linear specifications. The base

specification describes the aggregate gender differential:

Yi = αbase + βbaseMalei + εbasei (1)

where Yi is a dichotomous indicator for whether or not student i is assigned to a STEM school.

The full specification augments the base specification with the factors that are hypothesized

to be determinants of the gap:

Yi = αfull + βfullMalei + γfull1 Aij + γfull2 Cij + εfullij (2)

A is a vector of achievement variables; specifically, we include dummies for placement test

scores deciles to allow for nonlinearities. C is a vector of choice variables, including the

fractions of choices that are elite, STEM, and technical, separately. We also include the total

number of choices listed and the average distance to all choices, as a measure of willingness

to travel.12

12See Dustan and Ngo (2018) for a discussion on the importance of willingness to travel in Mexico City.
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The proportion of the gender gap explained by this new set of explanatory variables (A

and C), is given by δ̂Male = β̂base − β̂full. Together, the portion of the gender gap explained

is unbounded. That is, all factors may explain very little of the overall gap, over 100 percent

of the gap, or a negative overall fraction.

The contribution of each component to the gap can be separated into k covariates or

covariate groups:

δ̂Male =
∑
k

δ̂k,Male =
∑
k

Γ̂k,Maleγ̂
full
k (3)

The first term, Γ̂k,Male, is the gender differential of factor k. The second term, γ̂fullk , reflects

the relationship between the outcome and the correlate in the full model. Together, the

contribution to the gap is the product of the two terms, and each factor may explain a

positive or negative portion of the gap.

For example, if males have higher scores than females (positive Γ̂k,Male) and students

with higher scores are more likely to be assigned to STEM schools (positive γ̂fullk ), then

eliminating the score differential would decrease the size of the gap. This implies that the

score differential currently contributes a positive fraction to the gap, with the magnitude

depending on the size of the score differential and the magnitude of the relationship between

scores and STEM assignment. Conversely, if males have higher scores than females (positive

Γ̂k,Male) and students with higher scores are less likely to be assigned to STEM schools

(negative γ̂fullk ), then eliminating the score differential would increase the size of the gap,

implying that the score differential contributes a negative fraction to the gap.

Table 3 presents the results of the decomposition for any STEM assignment, elite STEM

assignment, and nonelite STEM assignment. For any STEM assignment, the vast majority

of the gap (95%) is attributable to the fact that males list more STEM schools than females.

Very little is explained by differences in any of the other factors, including placement test

scores. However, the disaggregated analyses suggest that differences in placement test scores
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are also important in understanding differences in elite STEM school assignment, with the

male advantage in placement test scores explaining 25% of the elite STEM school gap.

Conversely, the male advantage in placement test scores explains a negative fraction of the

nonelite STEM school gap; here, higher test scores are associated with a lower likelihood of

being assigned to a nonelite STEM school. The total number of choices listed, fraction of

choices that are elite, and willingness to travel contribute very little to the gaps. The fraction

of choices that are technical contribute -29% and 25% to the elite STEM and nonelite STEM

gaps, respectively. Here, males list more technical schools, and there is a negative association

between listing technical schools and elite STEM assignment but a positive association with

nonelite STEM assignment. Together, the results suggest that the majority of the assignment

differences are due to differences in listed choice portfolios but test score differences remain

important constraints for elite STEM assignment for some females.

5.3.1 Decomposing the choice gap

Since assignment differences are determined primarily by gendered choices, we proceed to de-

compose the gap in listed STEM choices. Here, we examine the importance of demographics,

middle school grade point average, STEM comparative advantage, college aspirations, and

student behaviors and beliefs. We include family income, parental education, and whether

or not students are currently working as demographic factors and define STEM comparative

advantage as the total STEM subscore divided by the total placement test score. The sub-

ject modules included in the total STEM subscore are quantatitive reasoning, math, physics,

chemistry, and biology.

We measure student behaviors and beliefs using the survey responses, generating three in-

dices that capture parental support behaviors, student study behaviors, and student beliefs.

The parental behavior index includes items on whether or not parents review schoolwork,

express congratulations for good school performance, discuss scholarly progress, have high

demands regarding schoolwork, and provide support in response to school problems. The
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study behavior index includes items on whether or not students work in groups to study

for exams or do homework, develop study plans, self-check for knowledge retention, identify

challenging concepts, and seek additional information when necessary. The student beliefs

index includes questions on whether or not students have confidence in understanding what

they learn, have confidence that they can complete excellent work, have confidence in mas-

tering skills, are able to learn quickly, believe in their overall competence, and perform well

on exams. We follow the method outlined in Anderson (2008) to create summary indices.

Specifically, all items are coded such that higher numbers are correlated with higher achieve-

ment (middle school GPA), and the summary indices are weighted means of the standardized

input variables, where the weights are chosen to maximize the amount of information retained

in the index.

Table 2 presents summary statistics by gender for these additional factors. Males have

very slightly higher family income and parental education and are more than twice as likely

to be working at the time that they apply (10 percent vs 4 percent). Looking at the survey

responses, females have higher values for all three indices, indicating that they feel more

supported by their parents, report better study behaviors, and have more positive beliefs

about their academic abilities. The vast majority of students (84 and 89 percent of males

and females, respectively) report college-going intentions. Finally, the test score difference

is even more pronounced in the science and mathematics modules of the exam, with males

scoring 0.28 standard deviations higher on the STEM modules than females, suggesting that

males have a higher comparative advantage in STEM in addition to having an absolute

advantage on the placement test score.

Table 4 presents the decomposition of the choice portfolio separately for the STEM frac-

tion of the portfolio, the elite STEM fraction of the portfolio, and the nonelite STEM fraction

of the portfolio using the same decomposition procedure described above. In total, the ob-

served factors explain a small fraction of the aggregate STEM choice gap. Demographics,

parental support, study habits, and beliefs account for less than 5 percent of the gap in
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STEM choices, elite STEM choices, and nonelite STEM choices. Comparative advantage in

STEM explains 5 to 6 percent of each of the three choice gaps.

When disaggregating by elite and nonelite STEM schools, we find two separate narratives

on the importance of college aspirations and grades. For elite STEM schools, college-going

aspirations and grades do not explain the choice gap. Specifically, college aspirations and

grades contribute negatively to the choice gap, accounting for -6% and -36%, respectively.

Higher GPAs and rates of college aspirations are associated with an increased likelihood

of listing elite STEM choices, but females have higher GPAs and college-going aspirations

than males. Conversely, nonelite STEM schools are associated with the characteristics linked

with lower performing students. Here, college aspirations and grades account for positive

and moderate portions of the nonelite STEM choice gap, 11% and 20%, respectively. Higher

GPAs and college aspirations are associated with a decreased likelihood of listing nonelite

STEM choices, and again, females have higher GPAs and college-going aspirations.

Appendix Table A.4 presents the choice decomposition within each placement test quar-

tile. STEM comparative advantage accounts for 1%, 6%, 11%, and 9% of the elite STEM

choice gap in the first, second, third, and fourth quartiles, respectively, suggesting that STEM

comparative advantage may be relatively more important for higher-achieving females.

5.4 Key descriptive findings

The previous analysis established a few key empirical facts about the STEM high school

assignment gap in Mexico City. First, females are assigned less often to STEM-focused

educational options, for both elite and nonelite schools. Second, choices are critically im-

portant, with the majority of assignment differences attributable to the fact that females

list less STEM choices than males. In examining choices, the choice decomposition results

suggest that focusing on changing the underlying characteristics we observe (student study

beliefs, behaviors, and grades) is unlikely to move the gap substantially, though there may

be some returns to efforts focused on STEM comparative advantage. More importantly,
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a deeper understanding of students’ portfolios reveals the fact that most students’ STEM

preferences are fluid. The majority of females list some STEM schools, suggesting the pos-

sibility of somewhat modest policies to have meaningful effects on the gap. Third, access to

elite STEM schools remains constrained for some females due to the test-based admissions

mechanism. Finally, there is important heterogeneity across the achievement distribution

and associated heterogeneity across elite and nonelite STEM schools.

6 Simulating policy interventions

If policymakers want to decrease the STEM gender gap, they have two levers available within

the context of a choice-based system with merit-determined assignment. First, they can in-

stitute demand-side interventions that encourage females to change their choice portfolios

by including more STEM options, or different STEM options, or to change the relative rank-

ings of the options in their portfolios. Second, they can change the way that the assignment

mechanism maps choices and exam scores into assignments, so that existing choices result

in higher rates of STEM assignment for females. The COMIPEMS assignment mechanism

allows us to simulate, under a set of well-defined assumptions, the potential effects of such

policies on the STEM gender gap.

6.1 Describing the COMIPEMS assignment mechanism

As summarized earlier in this paper, COMIPEMS uses a serial dictatorship (SD) mechanism

to assign students to schools. SD is a special case of the well-known student-proposing

deferred acceptance (SPDA) assignment mechanism. Because some of the proposed changes

that we simulate result in mechanisms that are no longer SD (e.g., different priority rankings

among STEM and non-STEM schools), here we describe the general SPDA mechanism and

how COMIPEMS implements it.13

13The one caveat in this context is that, since exam scores are discrete, priorities over students are coarse.
Rather than break ties with a random tie-breaker so that students have unique priorities defined by scores
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While technical treatments of SPDA abound, a verbal description of the mechanism

follows.14 First, students report their preference ranking over schools. In COMIPEMS, this

takes the form of students turning in their ranked list of up to 20 schools. Then, each school

reports its capacity (the maximum number of students it will admit) and states its priority

ranking over students. In COMIPEMS, this ranking is the same in every school: it ranks

students from highest- to lowest-scoring on the exam.15 The one exception is that UNAM

and IPN high schools require a 7.0 grade point average, effectively leaving students below

this threshold unranked.16

The assignment algorithm then begins, which proceeds in rounds. In Round 1, each

school tentatively admits all students who listed it as their first choice, up to their capacity,

in order of the school’s priority ranking. Again, in the case of COMIPEMS, this amounts to

schools tentatively admitting first-choice applicants in order of their exam scores until they

meet their capacities. Some students are left unassigned because they were not among the

highest-ranked students at their first-choice school. Thus, in Round 2, each school considers

a new pool of applicants, which consists of (1) all of its tentatively accepted students and

(2) all students who were rejected in the previous round and listed them as a next most-

preferred school (i.e. their second choice). As before, it tentatively accepts students up

to its capacity, in order of the school’s priority ranking. This may lead to some students

tentatively assigned in Round 1 being rejected. Round 3 is the same as Round 2: each

school considers for admission its tentatively accepted students together with all students

rejected in the previous round who listed them as their next most-preferred choice. The only

and tie-breakers, schools instead must accept or reject all students with the lowest potentially-qualifying
exam score. Accepting all tied students means that a school exceeds its reported capacity, while rejecting
all tied students means that they do not fill all of their seats. In practice, this decision rarely leads to a
meaningful discrepancy between initial capacity and number of accepted students. We will treat capacities
as fixed in this discussion.

14See Roth (2008) for a summary and discussion of the theory and practice of deferred acceptance mech-
anisms.

15The universal priority ranking on a single dimension is what makes COMIPEMS a SD mechanism. Other
systems in the world with school-specific criteria consider factors such as student residence and presence of
siblings at the school.

16A 7.0 grade point average is a low bar that nearly every high-scoring applicant surpasses. While the
grade point requirement is modeled in all simulations, we refrain from mentioning it in this discussion.
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difference is that this latter group now consists of students for whom the school is second or

third choice.17 This process continues until either all students are assigned to a school, or

there are some students who cannot be accepted to any school. They are left unassigned. In

the COMIPEMS system, those students unassigned by the SPDA mechanism must choose

a seat from those schools that still have seats left under their capacity.

When students can rank all schools, SPDA is strategy-proof for students. This means that

a dominant strategy for students is to rank schools in the order of their true preferences. In

other words, there is nothing to be gained by misreporting preferences to game the system.

In the COMIPEMS system, students can rank up to 20 schools, not all of them, but in

practice very few students exhaust all 20 options. This constraint is thus not binding for

most students. SPDA also eliminates what is called justified envy in assignments: if a

student is assigned to a school that he ranked as his nth choice (n > 1), it is because schools

1 through n − 1 in his preference list filled their capacities only with students who had

higher priority rankings.18 These features are particularly desirable in contexts like Mexico

City, where perceived fairness and transparency are crucial for the system’s legitimacy and

political feasibility.19

6.2 Simulating the assignment process

Given the SPDA algorithm and the use of exam score as the sole determinant of schools’

priorities, it is possible to simulate the COMIPEMS assignment process using microdata

on school-level capacities and student-level ranked preferences and exam scores. We have

all necessary choice lists and score data. To identify school capacities, we invoke the “no

17As an example, consider a student who is tentatively accepted at his first-choice school in Round 1.
Then, he is rejected by his first-choice school in Round 2. In Round 3, he applies to his second-choice school.
Importantly, in this mechanism, students never “miss a chance” to apply to any school that they prefer to
their eventual assigned school.

18In the SD mechanism used in COMIPEMS, the lack of justified envy is obvious: students rejected from
a school can see the school’s published “cutoff score,” which is determined ex post by the exam score of the
last (“worst”) admitted student. A rejected student’s exam score is always below this cutoff score.

19There is a trade-off between strategy-proofness and efficiency in school assignment mechanisms, as
discussed in Abdulkadiroğlu, Pathak, and Roth (2009) in the context of the New York City high school
match and more broadly in Abdulkadiroğlu, Che, and Yasuda (2011).
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justified envy” property: for each school j such that a student ranked j as his nth choice

but was assigned to a less-preferred school, we know that j has filled its capacity, which we

call Qj. For all other schools j, we do not know what Qj is, but either fixing the capacity

at the number of assigned students or setting Qj = ∞ has little effect on the results of the

simulations that we will present.

We are able to reproduce the true COMIPEMS assignments exactly for each year of the

process by running the SPDA algorithm on the student-level data and using the inferred

capacities, indicating that the process worked according to our understanding of it. The

results produce the benchmark assignments and resulting STEM gender gap against which

we will compare counterfactual assignments resulting from changes in either the assignment

mechanism or student preferences.

Counterfactual assignments under alternative assignment mechanisms assume that stu-

dent preferences and exam scores remain fixed. This assumption rules out a variety of be-

havioral responses by students: mechanisms that change the gender composition of certain

schools may induce students to change their preferences for those schools, and mechanisms

that result in higher or lower returns to exam scores may change the effort that different

students invest in obtaining those scores. Still, this assumption is useful in that it allows

for us to understand the direct effect of changing the mechanism without making a separate

set of assumptions about how students would react to these modifications. Simulation is

thus straightforward: we input the true capacities, preferences, and exam scores to the new

mechanism, run the assignment algorithm, and report the results.20 For counterfactuals in

which the mechanism is kept the same and student preferences are changed, we replace stu-

dents’ actual ranked choices with the hypothetical preferences and input them along with

the unmodified capacities and exam scores into the COMIPEMS mechanism.

20Because we do not know how schools would have reacted to multiple students tied for its final seats in
these counterfactual scenarios–either expanding capacity to fit them or rejecting all–we implement a random
tie-breaking rule so that school capacities are equal to those observed in the actual assignment process.
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6.3 Counterfactual policies

This section describes several counterfactual policies, divided between those that modify

access (i.e., the assignment mechanism) and those that lead to changes in females’ listed

choices. The mechanism changes described are meant to be informative about the kinds

of marginal modifications that might be made while keeping the basic SPDA mechanism

intact. The choice changes are meant to represent nudges that do not dramatically alter

females’ portfolios. Within these two types of policies, we also vary the groups of students

they are intended to reach, analyzing both untargeted policies affecting either all students

or all females and policies targeted specifically at females with high STEM placement test

subscores. We describe the policies here and then simulate them and analyze their effects

on the STEM gap.

6.3.1 Counterfactual assignment mechanisms

Lottery-based priorities

A lottery-based priority system replaces students’ exam scores with random draws from a

uniform distribution. To the extent that the STEM gap is due to differences in the exam

score distribution between males and females, lottery-based priorities will close the gap. The

descriptive evidence in section 5.3 shows that preferences explain much of the gap, suggesting

there will be little effect of a lottery-based policy.

Priorities incorporate middle school GPA

Exam-based priorities are replaced with a priority index that combines the exam score and

middle school GPA. To generate this index, both components are normalized so that they

are in terms of standard deviations, then summed with equal weights. This will benefit

females on average, since their average GPA is higher than males. Whether and in which

direction this modification changes the STEM gap is ambiguous, because it depends on the
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joint distribution of exam scores, GPAs, and preferences.

Gender-based affirmative action (global)

Global point-based affirmative action for females simply adds a fixed number of points to

females’ exam scores. We will simulate the effects of two different levels of intensity: a 4

point bonus (approximately the average gap between male- and female-specific means) and a

10 point bonus (about half of a standard deviation in score). This unambiguously advantages

females in assignment priority. Whether this type of affirmative action will close the STEM

gap or not is again ambiguous, because it depends on the joint distribution of exam scores

and preferences. However, the descriptive evidence suggests that it will be ineffective.

Gender-based affirmative action (STEM-only)

STEM-only affirmative action for females departs from the SD mechanism, while remaining

in the class of SPDA mechanisms. Under this policy, STEM schools have different priorities

than non-STEM schools. While non-STEM schools’ rankings are unchanged (based entirely

on the exam score), STEM schools add a fixed number of points to females’ scores when

determining their priorities. This advantages females over males in STEM schools, but it

does not alter their incentive to truthfully rank their choices because the mechanism remains

SPDA. We again simulate 4 point and 10 point levels of this policy. This policy has the

potential to close the STEM gap considerably, given the descriptive evidence showing that

a large share of females have a STEM option included in their portfolio.

Targeted affirmative action

A modified version of the global gender-based affirmative action policy targets only females

whose scores on the STEM-related sections of the placement exam are above the median

among female exam-takers. Within this group, every point above the median on the STEM-

related sections is doubled, so that females barely exceeding the median have a small bonus
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and females far above the median have a large bonus. This policy, despite giving the same

bonus for STEM and non-STEM schools, may reduce the STEM gap because it targets

females who score relatively highly in STEM fields. To the extent that STEM ability and

ranking of STEM options are positively correlated, an increase in score may make females

more likely to place into competitive STEM schools.

This targeted policy can be modified to confer the bonus only for priority in STEM

schools. Such a variant will also be simulated.

6.3.2 Choice nudges

Re-ranking STEM choices

This intervention induces all females to move up the ranking of their most-preferred STEM

school by one slot. For example, if a female chooses non-STEM schools for choices 1 and 2,

and a STEM school as choice 3, this intervention causes her to exchange schools 2 and 3.

The choice portfolio is unchanged for females who list no STEM schools. The assumption

that all females who list a STEM option are affected by the nudge is potentially extreme.

On the other hand, the effect of the intervention on each affected student is modest, only

causing them to more favorably rank a school that they were going to list anyway. Given

that 71% of females list at least one STEM school in their portfolios, this nudge has the

potential to reduce both the elite and nonelite components of the STEM gap.

Adding elite STEM school

This intervention induces all females to add one elite STEM (IPN) school to their portfolio,

immediately after their lowest-ranked elite school. If the student has not chosen any elite

school (STEM or otherwise), no school is added. The IPN school chosen for inclusion is

the one that is closest to the student’s home postal code, among all IPN schools not al-

ready present in the portfolio. The nudge itself is again modest: the only students whose

assignment outcomes are affected are those who score too low for admission to any of their
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currently-listed elite schools, but high enough for admission to their closest remaining elite

STEM school.

Adding nonelite STEM school

This policy is identical to the above-described one, except that females are induced to add

their nearest nonelite STEM school after their last nonelite choice (if one exists). This is

usually the last school in the student’s preference list, meaning that most females who are

directly affected by the addition would have otherwise gone unassigned.

Targeted choice nudges

This set of choice nudges is the same as the three described thus far, except that they only

target females who are in the top quartile of the female-specific score distribution on the

STEM-related sections of the exam. This represents a policy in which females who are strong

in STEM are identified and encouraged to increase the number or ranking of STEM options

in their choice portfolios.21

6.4 Simulation results

This section presents the basic results of the policy simulations and the consequent effects

on the STEM gap. The effects vary widely, both in terms of the total gap and the elite

and nonelite components of it. The top row of Table 5 gives the actual STEM gap and its

components, averaged over rounds 2004 through 2009 of the assignment process. The overall

gender gap in STEM assignment is 11.3 percentage points, consisting of a 5.4 percentage

point gap in elite assignment and a 5.9 percentage point gap in nonelite assignment. Columns

4 through 7 further decompose the gap by showing the proportion of males and females

assigned to elite and nonelite STEM schools.

21This policy is not strictly feasible because it targets based on exam score, but the exam is taken after
students have submitted their choice lists. Still, other methods of identifying such females earlier in the
process are possible and may lead to similar results.
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The remaining rows report the simulated changes in the total, elite, and nonelite STEM

gaps under each counterfactual (columns 1 through 3) and the gender-specific components

of these changes (columns 4 through 7). We note that these simulated changes in the gap

and its components are general equilibrium effects. That is, females’ changes in assignments

are generated not only by their own changes in priorities or preferences, but also by the

changing priorities and preferences of all other females, while changes in males’ assignments

are entirely due to changes in priorities and females’ preferences. For example, in the case of

global affirmative action, females’ placement scores increase, leading to higher cutoff scores

for many schools and displacing males whose scores were near the admission cutoff under

the status quo.

6.4.1 Counterfactual assignment mechanisms

Beginning with the mechanism changes, it is apparent that changing the priority structure to

universally favor females increases the STEM gap. The lottery, combined score/GPA priority

index, and global affirmative action mechanisms all widen the total STEM gap by between

0.9 and 3.8 percentage points (8.2% and 33.2%), with policies favoring females more heavily

leading to wider gaps. This is consistent with the descriptive evidence showing that much

of the observed gap is driven by gender differences in the choice portfolio. When females

are given a better chance at admission to the schools they want to attend, they end up in

STEM schools less often.

Decomposing these effects into elite and nonelite components, a more nuanced pattern

of changes appears. The elite STEM gap closes substantially under each of these policies,

as females who scored marginally too low for admission are now able to obtain a seat,

pushing out marginal males. At the extreme, the 10 point global affirmative action policy

decreases the elite STEM gap by 1.9 percentage points (34.4%), driven both by increased

female assignment (1.0 percentage point) and decreased male assignment (-0.8 percentage

points). On the other hand, these policies increase the nonelite STEM gap substantially,
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with the 10 point global affirmative action policy widening this gap by 5.6 percentage points

(95.6%). This is in part because females assigned to nonelite STEM options under the

status quo mechanism end up in elite STEM schools under affirmative action, and in part

because females in nonelite STEM schools under the status quo preferred more competitive

non-STEM schools and were able to access them under affirmative action. The wider gap is

again due to changes among both genders, as the 5.6 percentage point change is composed

of a 2.2 percentage point decrease in females’ assignment and a 3.5 percentage point increase

in males’ assignment.

Table 6 presents the effects of each policy simulation on the proportion of students unas-

signed. This reveals another important consequence of global affirmative action: under the

10 point policy, females are 5.3 percentage points less likely to be unassigned (scoring too

low for any options they chose), while males are 5.0 percentage points more likely. No other

mechanism change explored here has this large of an effect on the “unassigned gap,” and in

most cases the effects on the probability of being unassigned are quite small.

The STEM-specific affirmative action policies decrease the STEM gap because they only

increase females’ priorities in STEM schools. From Table 5, even the 4 point policy closes

the total gap by 25.1%, the elite gap by 33.4%, and the nonelite gap by 17.4%. The 10 point

policy closes 61.7% of the total gap, nearly eliminates the elite gap (83.3%) and reduces the

nonelite gap by 41.7%. The change is again driven by female entry and male exit: the 7.0

percentage point decrease in the overall gap is composed of a 3.7 percentage point increase

in female STEM assignment and a 3.3 percentage point decrease in male STEM assignment.

The STEM-specific policy is so effective because it allows females marginally rejected from

elite options to access them, while preventing females from moving from STEM options

to more-preferred non-STEM alternatives. It is notable, though, that even giving females

an approximately 1 standard deviation increase in exam score for the purposes of STEM

admission is not enough to close the overall gap by two thirds. Gendered choices play an

extremely strong role in generating the STEM gap.
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Targeted affirmative action policies favoring females with better scores on STEM-related

subjects on the entrance exam decrease the elite STEM gap, but the global and STEM-

specific variants again differ significantly in their effects on the nonelite gap. Both variants

close the elite STEM gap by about half (42.5% and 53.1%, respectively). The global policy,

however increases the nonelite STEM gap by 37.4%, explained mostly by the increase in

male nonelite STEM assignment. The result is an essentially unchanged total STEM gap.

The STEM-specific affirmative action policy does reduce the total STEM gap, by 19.8%, in

part because of its limited 10.9% increase in the nonelite gap. The increase in the nonelite

STEM gap is a notable contrast to the untargeted STEM affirmative action case, which

decreased the nonelite STEM gap. The reason is that the targeted policy moves many

nonelite STEM females into elite STEM schools, but does not sufficiently increase priority

among low-scoring females to move them from non-STEM options into their more-preferred

nonelite STEM choices.

Taken together, the mechanism change results imply that increasing females’ assignment

priority is typically effective at closing the elite STEM gap. However, increased female

priority will widen the overall STEM gap unless it is restricted to priority at STEM schools,

and the kinds of targeted interventions explored here are only effective at closing the elite

portion of the STEM gap.

6.4.2 Choice nudges

Choice nudges that induce females to change the composition of their reported choice port-

folios are successful at closing the overall assignment gap, albeit in different ways and to

different extents. When all females with a STEM option in their preference list move their

top STEM option up by one spot, the overall gap closes by 35.3%, including a decrease

of 54.8% in the nonelite gap, a decline larger than in any of the mechanism-based policy

changes. This is consistent with the descriptive evidence that many females include STEM

options in their portfolios, and suggests room for interventions that encourage re-ranking
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preferences among schools that females already prefer enough to list.

Inducing females to add their closest elite STEM school after their final elite choice is

somewhat successful in closing the elite STEM gap (25.3%), but the effect on the overall

gap is small. This is because the nonelite gap grows slightly as nonelite STEM females

move into elite STEM schools and males displaced from elite STEM schools end up in their

nonelite options. On the other hand, inducing females to add their closest nonelite option

to the end of their nonelite choices reduces the STEM gap dramatically, by 49.9%. Most of

the change, however, is due to females who would have otherwise been unassigned instead

being assigned to a STEM option at their local nonelite school: the nonelite gap actually

reverses (a decrease of 105.8%) as the unassigned rate for females falls by 6.4 percentage

points (Table 6).

The targeted ranking adjustment nudge decreases the STEM gap by 11.4%, driven by

similar changes in both of its components. Inducing targeted females to add their closest

elite STEM school to their rankings decreases the elite STEM gap by 13.3%, as these are

high-scoring females who often exceed the added school’s cutoff score. Adding a nonelite

STEM school has almost no effect, since targeted females score high enough that the added

school is rarely relevant.

6.5 Heterogeneous policy effects

Policies have radically different effects throughout the COMIPEMS exam score distribution,

as illustrated in Figure 6 for a subset of policies. Each panel shows the elite and nonelite

STEM gender gaps separately by (exam year-specific) quartile of the score distribution.

The lowest-performing students (quartile 1) have scores too low for elite school admission,

so only the lottery affects elite assignment. On the other hand, STEM-specific affirmative

action has a large, negative effect on the nonelite gap, with the 10 point policy reducing

it by 9.6 percentage points (82%). This is in part because many females in this part of

the ability distribution have listed nonelite STEM schools in their portfolio and are close
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to their cutoff scores. Adding their closest nonelite STEM school to their portfolio actually

reverses the STEM gap, as many low-scoring females would have been unassigned and are

now counted among the nonelite STEM students. The results are somewhat similar for the

second quartile, with the notable exception that global affirmative action now increases the

nonelite STEM gap significantly (11.7 percentage points or 113%), as these females’ scores

are now high enough for admission to a large set of nonelite, non-STEM schools.

The elite and nonelite gender gaps in quartile 3 are quite policy-sensitive, because many

of these females have scores that place them near the threshold of admission to a number

of elite schools. When females in this quartile are given higher priority, either because GPA

is used or global affirmative action is applied, the elite gender gap reverses as females who

chose elite STEM schools but scored too low for admission are now admitted, taking the

place of marginal males. Under the 10 point global affirmative action policy, for example,

the 4.0 percentage point elite gap in favor of males becomes a 6 percentage point gap in

favor of females. On the other hand, this same phenomenon causes the nonelite STEM

gap to increase dramatically, such that the total effect is close to null. That is, a large

proportion of the females pushed into elite STEM schools give up spots in nonelite STEM

schools, to be filled by displaced previously elite STEM males. STEM-specific affirmative

action attenuates this increase in the nonelite STEM gap by pushing additional females from

nonelite non-STEM schools into nonelite STEM schools.

Near the top of the ability distribution, in quartile 4, policies giving females higher

priority have less effect than in quartile 3 because these females typically score high enough

for admission to their preferred type of school. Still, STEM affirmative action continues to

be somewhat effective in closing the elite STEM gap in this quartile: the 10 point policy

reduces the elite gap by almost half. This is due to two factors: males being pushed out of

elite STEM schools (including by quartile 3 females who now have higher priority at STEM

schools) and some quartile 4 females gaining admission to the most competitive elite STEM

schools.
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These results highlight the non-uniform effects that system-wide policy interventions can

have on students at different parts of the ability distribution, to the extent that placement

exam scores are reflective of ability. These effects are not immediately obvious: they depend

on the gender-specific joint distributions of priorities (score) and preferences in the popula-

tion, as well as the number of seats available in each school. One finding that is likely to

generalize, however, is that affirmative action policies are likely to have the largest changes

on students close to the margin of admission to their preferred schools. Whether those pre-

ferred schools are STEM-focused or not will determine whether the STEM gap increases or

decreases for that subpopulation.

7 Discussion

This paper has provided descriptive evidence of a large STEM gap in Mexico City’s public

high schools, both in elite academic schools and in technical schools preparing students for

the workforce. Most of the gap is explained by females’ stated preferences over schools. This

fact is illustrated in the counterfactual simulations, in which even strong affirmative action

policies for STEM schools fail to close the STEM gap completely. Choice nudges have the

potential to be effective because students at all parts of the ability distribution have access

to nonelite STEM options if they choose them. However, it remains to be seen what such

an intervention would look like in reality, particularly when implemented at scale.

The findings have important implications for the design of policies that aim to increase

females’ participation in STEM education, especially in the context of centralized admissions

systems. As the global affirmative action results show, when the STEM gap is driven by

gendered preferences, giving females higher assignment priority can actually widen the gap.

On the other hand, STEM-specific affirmative action has the potential to close the gap,

provided that females actually list one or more STEM options in their choice portfolios (as

is the case in our population). This strategy is particularly effective for elite STEM schools,
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for which there is significant demand among females who score just below the margin for

admission to them. Still, when differences in assignment outcomes are deeply rooted in

gendered preferences, using changes to the assignment mechanism to address the resulting

gap is likely to be insufficient (even leaving aside the political feasibility of modifying an

assignment mechanism that has the appearance of and reputation for meritocracy).

This paper also illustrates the utility and feasibility of using microsimulation to approx-

imate the effects of various policy changes either changing an assignment mechanism or af-

fecting demand for different types of schools. Because assignments (and the resulting STEM

gap) depend on the gender-specific joint distributions of stated preferences and placement

scores, it is difficult to predict the impact of even simple interventions without simulating

them. This is particularly true when attempting to understand policy effects along the abil-

ity distribution, where average effects for low-ability students will be very different than for

high-ability ones. The usefulness of these simulations goes beyond the STEM gap studied

here: they can be used to forecast a variety of school-, group-, or neighborhood-level changes

in assignments resulting from proposed policies.

There are clear limitations to this approach, however. We are unable to estimate the long-

run general equilibrium effects of either mechanism changes or demand-side interventions,

given that changes in the composition of schools induced by any reform may feed back

into changes in demand for those schools through social and family networks and through

students’ preferences over gender and ability composition. Furthermore, despite the fact

that the existing mechanism and all simulated modifications to it in this paper are strategy-

proof, a change in the mechanism that affects admission probabilities (such as affirmative

action) may induce changes in revealed preferences even independent of expected or realized

compositional changes in schools (Bobba and Frisancho 2016). Whether such effects are

sufficient to substantively change the conclusions from policy simulations is unclear but is

an interesting avenue for future research.
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8 Figures

Figure 1: Distribution of school assignments
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Figure 2: STEM gender gap in school assignment by placement test quartiles
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Figure 3: Distribution of school assignments by placement score quartile
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Figure 4: Achievement distributions
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Figure 5: Characteristics of choice portfolios
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Figure 6: STEM gender gap with selected policies: General equilibrium simulations
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9 Tables

Table 1: School assignment summary statistics, 2004-2009

(1) (2) (3)
Male Female Difference

Elite assigned school 27.9 23.3 4.5
(0.1)

Technical assigned school 41.7 39.2 2.5
(0.1)

STEM assigned school 41.1 29.8 11.3
(0.1)

Observations 650657 636794 1287451

Note: Sample consists of all students assigned to a school
by the placement algorithm in the 2004 through 2009
COMIPEMS cycles. All variables are indicators, and means
are multiplied by 100 to display percentages. Standard er-
rors are in parentheses.
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Table 2: Choice, demographic, and survey differences by gender

(1) (2) (3)
Male Female Difference

Academic outcomes

Total placement test score (normalized within year) 0.11 -0.10 0.22
[1.02] [0.97] (0.00)

STEM subscore on placement test (normalized within year) 0.14 -0.14 0.28
[1.02] [0.96] (0.00)

Middle school GPA (normalized within year) -0.28 0.26 -0.54
[0.96] [0.97] (0.00)

School choices

Total number of choices listed 9.00 9.17 -0.17
[3.73] [3.73] (0.01)

Fraction of choices that are STEM 0.36 0.26 0.10
[0.29] [0.25] (0.00)

Fraction of choices that are elite 0.41 0.42 -0.01
[0.35] [0.34] (0.00)

Fraction of choices that is technical 0.31 0.26 0.05
[0.31] [0.28] (0.00)

Average distance to all choices (km) 8.78 8.75 0.03
[4.77] [4.65] (0.01)

Demographics
Family income in 1000s of pesos/month 4.81 4.43 0.38

[3.80] [3.61] (0.01)
Parental education (max years) 10.54 10.33 0.21

[3.40] [3.40] (0.01)
Currently working 0.10 0.04 0.06

(0.00)
Survey responses

Parental academic support -0.04 0.04 -0.08
[0.95] [1.05] (0.00)

Study habits -0.11 0.10 -0.20
[1.00] [0.99] (0.00)

Beliefs (academic self-image) -0.09 0.08 -0.17
[0.99] [1.01] (0.00)

Intends to go to college 0.84 0.89 -0.05
(0.00)

Observations 746936 787726 1534662

Note: Sample consists of all students eligible for assignment in the 2004 through 2009
COMIPEMS cycles. The subject modules included in the STEM subscore are quantitative
reasoning, math, physics, chemistry, and biology. Standard deviations are in square brackets,
and standard errors are in parentheses.
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Table 3: Decomposition of STEM school assignment

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

STEM assignment
Elite STEM
assignment

Nonelite STEM
assignment

Base model Total gap Total gap Total gap

Male - female 11.36 5.44 5.91
(0.09) (0.05) (0.08)

Full model Explained Percent Explained Percent Explained Percent

Placement test score -0.66 -5.77% 1.35 24.80% -2.01 -33.91%
(0.01) (0.02) (0.02)

Fraction of choices that are elite -0.00 -0.00% -0.00 -0.02% 0.00 0.01%
(0.00) (0.00) (0.00)

Fraction of choices that are STEM 10.82 95.28% 5.64 103.58% 5.18 87.64%
(0.05) (0.03) (0.03)

Fraction of choices that are technical -0.10 -0.92% -1.58 -29.03% 1.48 24.96%
(0.01) (0.02) (0.02)

Total number of choices listed 0.05 0.41% -0.04 -0.77% 0.09 1.50%
(0.00) (0.00) (0.00)

Average distance to all choices -0.00 -0.01% 0.01 0.25% -0.01 -0.25%
(0.00) (0.00) (0.00)

Total percent explained 88.99% 98.81% 79.94%

Observations 1204772 1204772 1204772

Note: Sample consists of all students assigned to a school by the placement algorithm in the 2004 through 2009
COMIPEMS cycles. The decomposition follows the method discuss in Gelbach (2016) and corresponds to equations
(1), (2), and (3). Standard errors are in parentheses.

Table 4: Decomposition of STEM choices

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

of portfolio
Elite STEM

fraction of portfolio
Nonelite STEM

fraction of portfolio

Base model Total gap Total gap Total gap

Male - female 10.47 4.26 6.21
(0.06) (0.04) (0.05)

Full model Explained Percent Explained Percent Explained Percent

Demographics (parental education, income, etc.) -0.22 -2.15% 0.07 1.53% -0.29 -4.66%
(0.01) (0.01) (0.01)

Parental academic support 0.02 0.19% 0.04 0.88% -0.02 -0.28%
(0.00) (0.00) (0.00)

Study habits 0.00 0.01% -0.14 -3.35% 0.14 2.31%
(0.01) (0.01) (0.01)

Beliefs (academic self-image) -0.04 -0.37% -0.09 -2.18% 0.05 0.88%
(0.01) (0.00) (0.00)

Intends to go to college 0.41 3.96% -0.24 -5.69% 0.66 10.57%
(0.01) (0.00) (0.01)

Middle school GPA (normalized within year) -0.31 -2.93% -1.52 -35.63% 1.21 19.46%
(0.02) (0.01) (0.01)

Comparative advantage in STEM 0.56 5.35% 0.25 5.79% 0.31 5.06%
(0.01) (0.01) (0.01)

Total percent explained 4.08% -38.65% 33.33%

Observations 837677 837677 837677

Note: Sample consists of all students eligible for assignment in the 2004 through 2009 COMIPEMS cycles. The decomposition
follows the method discuss in Gelbach (2016) and corresponds to equations (1), (2), and (3). Comparative STEM advantage is
defined as the STEM subscore divided by the total placement test score, where the STEM subscore comes from the modules on
quantitative reasoning, math, physics, chemistry, and biology. Standard errors are in parentheses.
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Table 5: Effects of simulated mechanism changes and choice nudges on STEM gender gap
and its components

(1) (2) (3) (4) (5) (6) (7)

Total Elite Non-elite

Female Male Female Male

Baseline gap or proportion 11.3 5.4 5.9 6.5 12.0 23.3 29.2

Simulated changes in gap or proportion

Mechanism changes: untargeted

0.9 -1.6 2.5 1.1 -0.5 -1.6 0.9

[8.2%] [-29.5%] [43.2%] [17.3%] [-4.0%] [-6.8%] [3.3%]

3.3 -1.7 4.9 0.9 -0.8 -2.1 2.9

[28.7%] [-31.1%] [83.9%] [14.0%] [-6.5%] [-9.0%] [9.8%]

1.5 -0.7 2.2 0.4 -0.3 -0.9 1.3

[13.2%] [-13.5%] [37.8%] [6.4%] [-2.7%] [-3.8%] [4.6%]

3.8 -1.9 5.6 1.0 -0.8 -2.2 3.5

[33.2%] [-34.4%] [95.6%] [15.8%] [-7.1%] [-9.4%] [11.9%]

-2.8 -1.8 -1.0 0.9 -0.9 0.6 -0.4

[-25.1%] [-33.4%] [-17.4%] [14.2%] [-7.4%] [2.5%] [-1.5%]

-7.0 -4.5 -2.5 2.3 -2.2 1.4 -1.1

[-61.7%] [-83.3%] [-41.7%] [35.0%] [-18.8%] [6.0%] [-3.6%]

Mechanism changes: targeted

-0.1 -2.3 2.2 1.1 -1.3 -0.4 1.8

[-0.9%] [-42.5%] [37.4%] [16.2%] [-10.5%] [-1.7%] [6.2%]

-2.2 -2.9 0.6 1.5 -1.4 -0.3 0.3

[-19.8%] [-53.1%] [10.9%] [22.4%] [-11.9%] [-1.3%] [1.2%]

Choice nudges: untargeted

-4.0 -0.8 -3.2 0.4 -0.4 2.3 -1.0

[-35.3%] [-14.3%] [-54.8%] [5.8%] [-3.3%] [9.7%] [-3.3%]

-1.0 -1.4 0.4 0.7 -0.7 -0.2 0.2

[-8.8%] [-25.3%] [6.5%] [10.7%] [-5.7%] [-0.8%] [0.7%]

-5.7 0.6 -6.2 -0.5 0.1 5.4 -0.8

[-49.9%] [10.5%] [-105.8%] [-7.4%] [0.7%] [23.4%] [-2.7%]

Choice nudges: targeted

-1.3 -0.6 -0.6 0.3 -0.3 0.4 -0.2

[-11.4%] [-11.9%] [-10.8%] [5.0%] [-2.7%] [1.8%] [-0.8%]

-0.5 -0.7 0.2 0.4 -0.4 -0.1 0.1

[-4.5%] [-13.3%] [3.7%] [5.6%] [-3.0%] [-0.4%] [0.4%]

0.0 0.0 0.0 0.0 0.0 0.0 0.0

[-0.1%] [0.1%] [-0.3%] [-0.0%] [0.0%] [0.1%] [-0.0%]

STEM gender gap

Move highest-ranked STEM up one

Add closest elite STEM after lowest-ranked 
elite

Add closest nonelite STEM after lowest-
ranked nonelite

Add closest elite STEM after lowest-ranked 
elite

Add closest nonelite STEM after lowest-
ranked nonelite

Lottery

Score + GPA

Global AA, 4 points

Global AA, 10 points

STEM AA, 4 points

STEM AA, 10 points

Note. Mechanism changes and choice nudges are as explained in Section 6. Levels and changes are in percentage points. Percent 
changes compared to baseline are in brackets. Sample is 2004 through 2009 COMIPEMS cycles.

Global AA, above-average girls

STEM AA, above-average girls

Proportion assigned to STEM school

Elite Non-elite

Move highest-ranked STEM up one
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Table 6: Effects of simulated mechanism changes and choice nudges on proportion of students
left unassigned

(1) (2)

Female Male

Baseline proportion unassigned 19.2 12.9

Simulated changes proportion unassigned

Mechanism changes: untargeted

0.3 4.5

[1.7%] [34.8%]

-3.6 3.5

[-18.7%] [26.9%]

-2.2 2.0

[-11.3%] [15.6%]

-5.3 5.0

[-27.5%] [39.1%]

-0.6 0.6

[-3.3%] [4.3%]

-1.5 1.3

[-7.7%] [10.4%]

Mechanism changes: targeted

-3.4 0.7

[-17.6%] [5.8%]

-0.2 0.2

[-1.3%] [1.7%]

Choice nudges: untargeted

-0.2 0.0

[-1.3%] [-0.2%]

-0.2 0.2

[-0.9%] [1.3%]

-6.4 0.6

[-33.6%] [4.8%]

Choice nudges: targeted

-0.1 0.0

[-0.4%] [-0.0%]

-0.1 0.1

[-0.5%] [0.6%]

0.0 0.0

[-0.1%] [0.0%]

Add closest nonelite STEM after lowest-
ranked nonelite

Move highest-ranked STEM up one

Add closest elite STEM after lowest-ranked 
elite

Add closest nonelite STEM after lowest-
ranked nonelite

Note. Mechanism changes and choice nudges are as explained in 
Section 6. Levels and changes are in percentage points. Percent 
changes compared to baseline are in brackets. Sample is 2004 through 
2009 COMIPEMS cycles.

Add closest elite STEM after lowest-ranked 
elite

Lottery

Score + GPA

Global AA, 4 points

Global AA, 10 points

STEM AA, 4 points

STEM AA, 10 points

Global AA, above-average girls

STEM AA, above-average girls

Move highest-ranked STEM up one
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Appendix (not for publication)

To estimate the labor market returns to STEM occupations, we use data from the third

quarter of the 2010 Encuesta Nacional de Ocupación y Empleo (ENOE) conducted by the

Instituto Nacional de Estad́ıstica y Geograf́ıa (INEGI). The ENOE is a nationally repre-

sentative survey with information on employment, occupation, monthly income, and hours

worked. In this same quarter, an additional module (Encuesta Nacional de Inserción Labo-

ral de los Egresados de la Educación Media Superior, ENILEMS), collected information on

recent high school graduates and their transition to higher education and/or the workforce,

including their high school concentration, college major, and occupation, when applicable22

We use the same Brookings classifications described in the main text to classify occupa-

tions as STEM or non-STEM. Specifically, INEGI provides a crosswalk between the Mexican

occupation codes and the U.S. Bureau of Labor Statistics Standard Occupation Classification

(SOC) codes, with each Mexican occupation matching one or more SOC codes. We compute

the average STEM classification of all matched occupations and categorize the Mexican oc-

cupation/education track as STEM if the average STEM classification is 0.5 or more. For

high school and college STEM tracks, two individuals separately code each as STEM or

non-STEM using the Brookings classification as the guide. Discrepancies are reconciled by

a third individual.

Using these data, we calculate the STEM wage premiums for females as well as the

transition probabilities between various levels of STEM education and STEM work. We

restrict all analyses to the sample of respondents 40 years old or younger, under the rationale

that the relevant reference labor market for high school students is that of younger working

adults. We calculate hourly wages from monthly income and average hours worked per week

(asked of all individuals reporting current employment).

22Since the larger ENOE module only asks about terminal degrees, we are unable to fully trace individuals’
pathways through high school tracks to college majors to occupations. The ENILEMS module allows us to
see both high school tracks and college majors for the small subsample; however, since these are recent high
school graduates, we do not observe their post-college careers.
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Table A.2 shows the hourly wages for females, by education and STEM classification. The

data indicates that there is a 22.0% wage premium for STEM occupations among females

with any higher education (25.9% of females). This wage difference is statistically significant

and consistent with other work on the returns to STEM occupations. Among females with

no higher education, those who work in STEM occupations receive wages that are 10.8%

higher than those working in non-STEM occupations. Again, this is statistically significant

and similar to the U.S. 10% all gender blue-collar STEM premium identified by Rothwell

(2013). This suggests that there are returns to working in STEM occupations, even for

individuals who do not proceed past high school.

To understand the relationship between STEM education and STEM work, we examine

the correlation between studying STEM in high school or college and transitioning to a

STEM field of study or occupation afterward. Table A.3 shows the probability of three

separate STEM transitions, where all analyses are for females only. Note, the ENILEMS

survey respondents have not completed college and can report both enrolling in college and

working. The first column estimates the probability of studying STEM in college for those

females who enroll in college. The results indicate that females with STEM concentrations in

high school are 7.7 percentage points more likely to have a STEM college major than those

who do not, a statistically significant difference (at the 10% level) of 44.8% over the base rate.

Using the overall ENOE survey, the second column calculates the probability of working in a

STEM occupation among females for whom college is their terminal degree. Again, females

who study STEM in college are more likely to work in STEM occupations; STEM majors are

43.0 percentage points more likely to work in STEM, a difference (statistically significant)

of more than sixfold over the base rate. Finally, using the ENILEMS module, the third

column calculates the probability of working in STEM among recent high school graduates

who report working. Again, females who study STEM in high school are 9.0 percentage

points (98.0%) more likely to work in STEM occupations after high school. This difference

is statistically significant at the 10% level.
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Table A.1: Education track STEM mapping

Program code
STEM

classification
Program code

STEM
classification

001 Administración 0 072 Mantenimiento automotriz 0
002 Refrigeración y aire acondicionado 1 073 Producción industrial 0
003 Análisis y tecnoloǵıa de alimentos 1 074 Sistemas de impresión offset y serigraf́ıa 0
006 Computación 1 075 Telecomunicaciones 1
007 Computación fiscal contable 1 076 Técnico en mecatrónica 1
008 Comunicación 0 077 Técnico en manufactura asistida por computadora 1
009 Construcción 0 078 Técnico en alimentos instituciones educativas 0
010 Contabilidad 1 203 Agencia de viajes 0
011 Dietética 0 208 Artes gráficas 0
012 Arquitectura 1 214 Contabilidad 0
013 Diseño gráfico 0 218 Cosmetoloǵıa esteticista 0
014 Diseño de modas 0 220 Dibujo publicitario 0
015 Electricidad 1 222 Diseño arquitectónico 1
016 Electrónica 1 223 Diseño decorativo 0
017 Enfermeŕıa general 1 224 Diseño gráfico 0
018 Gericultura 0 225 Diseño industrial 1
019 Informática administrativa 0 226 Diseño industrial de patrones 1
020 Laboratorista cĺınico 1 227 Ediciones 0
021 Laboratorista qúımico 1 229 Electricidad industrial 1
022 Mantenimiento 0 237 Fotomecánica 0
023 Mantenimiento de equipo de computo 1 238 Gerencia y supervisión en la industria del vestido 0
024 Máquinas de combustión interna 0 246 Mecánica automotriz 0
025 Máquinas-herramienta 1 247 Mecánica industrial 1
026 Mecánica industrial 1 250 Modelismo y fundición 0
027 Producción 0 252 Paquetes de cómputo 1
028 Programador 1 260 Radioloǵıa e imagen 1
029 Prótesis dental 1 264 Sastreŕıa industrial 0
030 Puericultura 0 265 Secretario bilingue 0
031 Secretario ejecutivo 0 266 Secretario ejecutivo 0
032 Supervisor en la industria del vestido 0 267 Servicio a equipo de cómputo 1
033 Técnico en agroindustrias 1 275 Telecomunicaciones 1
034 Técnico agropecuario 1 277 Trabajo social 0
035 Técnico en instrumentación dental 1 278 Secretario ejecutivo bilingue 0
036 Técnico en administración 0 301 Administración 0
037 Técnico en computacion fiscal contable 1 302 Alimentos y bebidas 0
038 Técnico en edificación 1 303 Asistente directivo 0
039 Técnico en contabilidad 1 304 Automotriz 0
040 Técnico en diseño industrial 1 305 Construcción 0
041 Técnico en diseño gráfico 0 306 Contaduŕıa 1
042 Técnico en electricidad 1 307 Control de calidad 1
043 Técnico en electronica 1 308 Conservación del medio ambiente 1
044 Técnico en enfermeŕıa general 1 309 Dental 1
045 Técnico en industrializacion de lacteos 1 310 Electricidad industrial 1
046 Técnico en informática 1 311 Electromecánica 1
047 Técnico en informática agropecuaria 1 312 Electrónica industrial 1
048 Técnico en mantenimiento en equipo de computo 1 313 Enfermeŕıa general 1
049 Técnico en mantenimiento industrial 1 314 Hospitalidad tuŕıstica 0
050 Técnico en maquinas-herramienta 1 315 Industria del vestido 0
052 Técnico laboratorista clinico 1 316 Informática 1
053 Técnico laboratorista qúımico-cĺınico 1 317 Mantenimiento de equipo de cómputo y control digital 1
054 Técnico en manufactura en la industria del vestido 0 318 Mantenimiento de motores y planeadores 1
055 Trabajo social 0 319 Mantenimiento de sistemas automáticos 1
056 Turismo 0 320 Máquinas herramienta 1
057 Técnico programador 1 321 Metalmecánica 0
058 Diseño decorativo 0 322 Optometŕıa 1
059 Diseño industrial 1 323 Plásticos 0
060 Mecatrónica 1 324 Procesamiento industrial de alimentos 0
061 Técnico en horticultura 1 325 Producción y transformación de productos acúıcolas 0
062 Técnico en sistemas electricos de control y automatizacion 1 326 Productividad industrial 0
063 Técnico asistente ejecutivo 0 327 Qúımica industrial 1
064 Diseño y proyecto gráfico 0 328 Refrigeración y aire acondicionado 1
065 Asistente ejecutivo bilingüe 0 329 Sistemas electrónicos de aviación 1
066 Técnico en diseño asistido por computadora 1 330 Telecomunicaciones 1
067 Mantenimiento de equipo y sistemas 0 331 Terapia respiratoria 1
068 Informática 1 332 Laministeŕıa y recubrimiento de las aeronaves 0
069 Técnico en turismo 0 333 Seguridad e higiene y Protección civil 1
070 Técnico en gastronomı́a 0 334 Expresión gráfica digital 0
071 Técnico en mercadotecnia 0 335 Mecatrónica 1

336 Autotrónica 1

Note: The guidelines for STEM classification come from Rothwell (2013), which identifies U.S. STEM occupations based on level of STEM knowledge
required.
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Table A.2: Female hourly wage by education and STEM classification (pesos)

(1) (2) (3)

Non-STEM occupation STEM occupation
Difference

STEM – non-STEM
mean/(sd) mean/(sd) b/(se)

Higher education (any college) 42.84 52.25 9.41
(33.18) (42.90) (0.95)

Lower education (no college) 20.45 22.66 2.21
(23.79) (15.53) (0.58)

Observations 26325 3526 29851

Note: Sample is comprised of females aged 40 or younger from the 2010 ENOE. Hourly wages are com-
puted from monthly income and average hours worked. We are unable to classify 8 occupation codes
and exclude them from this analysis (columns 2 and 3, 0.5% of observations).

Table A.3: Transitions between STEM education and later STEM-related activities

(1) (2) (3)
STEM college major STEM occupation STEM occupation

STEM high school 0.077∗ 0.090
(0.0445) (0.0471)

STEM college major 0.430
(0.0148)

Constant 0.448 0.066 0.092
(0.0186) (0.0059) (0.0157)

Observations 2565 9635 1332
Adjusted R2 0.003 0.240 0.013

Note: All data are from the 2010 ENOE. The samples for columns (1) and (3) are from
the ENILEMS labor force insertion module collected from recent high school graduates.
Column (1) includes individuals who transitioned from high school into higher educa-
tion. Column (3) includes individuals who transitioned from high school into working.
Individuals may report both working and participating in higher education. We are un-
able to classify 8 occupation codes and exclude them from this analysis (columns 2 and
3, 0.8% of observations). We also exclude individuals who list college majors using high
school major codes (columns 1 and 3, 2.4% of observations).
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Figure A.1: Percent of students unassigned by quartile
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Note: Sample consists of all students eligible for assignment in the 2004 through 2009 COMIPEMS cycles.
Test score quartiles are from the pooled (male and female) distribution of scores within each year.

Figure A.2: STEM gender gap by year
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Note: Sample consists of all students assigned to a school by the placement algorithm in the 2004 through
2009 COMIPEMS cycles.
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Figure A.3: STEM gender gap in school assignment by placement test quartiles
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Note: Sample consists of all students assigned to a school by the placement algorithm in the 2004 through
2009 COMIPEMS cycles. Test score quartiles are from the pooled (male and female) distribution of scores
within each year.

Figure A.4: Percent of students listing schools by quartile
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Note: Sample consists of all students eligible for assignment in the 2004 through 2009 COMIPEMS cycles.
Test score quartiles are from the pooled (male and female) distribution of scores within each year.
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Figure A.5: Number of schools listed by quartile

4.1

1.7
2.4

0.8

4.6

2.1 1.8

0.6

3.7

2.2 2.1

1.1

4.2

2.6

1.5
0.9

3.3
2.5

1.9
1.4

3.7
3.1

1.3 1.1

2.5
2.9

1.5
2.0

2.9
3.5

1.0
1.6

0
1

2
3

4
5

0
1

2
3

4
5

Male Female Male Female

Male Female Male Female

Quartile 1 Quartile 2

Quartile 3 Quartile 4

Nonelite non-STEM Elite non-STEM
Nonelite STEM Elite STEM

N
um

be
r o

f s
ch

oo
ls

 li
st

ed

Graphs by quartile

Note: Sample consists of all students eligible for assignment in the 2004 through 2009 COMIPEMS cycles.
Test score quartiles are from the pooled (male and female) distribution of scores within each year.

Figure A.6: Highest rank of each school type
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Note: Sample consists of students choosing both STEM and non-STEM schools (left fig-
ure, 75% of all students), and students choosing all four school types (right figure, 15%
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Figure A.7: Cumulative distribution functions for fraction of portfolio that is STEM

Note: Sample consists of all students eligible for assignment in the 2004 through 2009 COMIPEMS cycles.
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Table A.4: Decomposition of STEM school choices by test score quartile

(1) (2) (3) (4) (5) (6) (7) (8)
Fraction of portfolio that is elite STEM Quartile 1 Quartile 2 Quartile 3 Quartile 4

Model
results

Percent
explained

Points
Percent

explained
Points

Percent
explained

Points
Percent

explained

Base model Total gap Total gap Total gap Total gap

Male - female 1.45 2.19 3.06 6.02
(0.06) (0.07) (0.09) (0.11)

Full model Explained Percent Explained Percent Explained Percent Explained Percent

Demographics (parental education, income, etc.) 0.04 2.65% -0.04 -2.05% -0.15 -4.95% -0.27 -4.41%
(0.01) (0.01) (0.01) (0.01)

Parental academic support 0.00 0.01% 0.02 0.93% 0.06 1.96% 0.11 1.75%
(0.00) (0.00) (0.01) (0.01)

Study habits -0.07 -4.66% -0.10 -4.59% -0.15 -4.81% -0.15 -2.51%
(0.01) (0.01) (0.01) (0.01)

Beliefs (academic self-image) -0.04 -2.87% -0.06 -2.79% -0.08 -2.50% -0.11 -1.77%
(0.01) (0.01) (0.01) (0.01)

Intends to go to college -0.28 -19.23% -0.30 -13.77% -0.30 -9.71% -0.20 -3.38%
(0.01) (0.01) (0.01) (0.01)

Middle school GPA (normalized within year) -0.59 -40.58% -0.80 -36.61% -1.21 -39.49% -1.59 -26.36%
(0.02) (0.03) (0.03) (0.04)

Comparative advantage in STEM 0.01 0.91% 0.12 5.65% 0.34 11.05% 0.54 8.92%
(0.01) (0.01) (0.01) (0.02)

Total percent explained -63.76% -53.25% -48.43% -27.78%

Observations 187293 207415 211977 230992

(1) (2) (3) (4) (5) (6) (7) (8)
Fraction of portfolio that is nonelite STEM Quartile 1 Quartile 2 Quartile 3 Quartile 4

Model
results

Percent
explained

Points
Percent

explained
Points

Percent
explained

Points
Percent

explained

Base model Total gap Total gap Total gap Total gap

Male - female 7.18 7.33 7.40 6.00
(0.11) (0.10) (0.10) (0.09)

Full model Explained Percent Explained Percent Explained Percent Explained Percent

Demographics (parental education, income, etc.) -0.22 -3.03% -0.12 -1.70% 0.04 0.60% 0.19 3.17%
(0.02) (0.02) (0.02) (0.02)

Parental academic support -0.00 -0.00% -0.01 -0.13% -0.03 -0.45% -0.03 -0.54%
(0.00) (0.00) (0.01) (0.01)

Study habits 0.09 1.32% 0.17 2.27% 0.20 2.70% 0.20 3.26%
(0.01) (0.01) (0.01) (0.01)

Beliefs (academic self-image) 0.04 0.59% 0.07 0.93% 0.06 0.77% 0.06 1.08%
(0.01) (0.01) (0.01) (0.01)

Intends to go to college 1.04 14.48% 1.00 13.68% 0.91 12.31% 0.51 8.51%
(0.03) (0.02) (0.02) (0.02)

Middle school GPA (normalized within year) 1.06 14.78% 1.23 16.83% 1.41 19.10% 1.29 21.45%
(0.04) (0.04) (0.04) (0.03)

Comparative advantage in STEM 0.23 3.21% 0.40 5.43% 0.42 5.71% 0.26 4.41%
(0.01) (0.01) (0.01) (0.01)

Total percent explained 31.35% 37.32% 40.73% 41.34%

Observations 187293 207415 211977 230992

Note: Sample consists of all students eligible for assignment in the 2004 through 2009 COMIPEMS cycles. Test score quartiles are from the pooled (male
and female) distribution of scores within each year.
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Table A.5: STEM school assignment summary statistics for 2005, before and after post-
computerized assignment phase

(1) (2) (3)
Male Female Difference

Computer-based assignment

STEM assigned school 41.2 29.5 -11.7
(0.2)

Elite STEM assigned school 12.0 6.2 -5.8
(0.1)

Nonelite STEM assigned school 29.2 23.3 -5.9
(0.2)

Assigned to any school 86.5 79.7 -6.8
(0.1)

Finalized assignment

STEM assigned school 41.4 29.9 -11.5
(0.2)

Elite STEM assigned school 11.0 5.5 -5.5
(0.1)

Nonelite STEM assigned school 30.3 24.4 -5.9
(0.2)

Assigned to any school 94.2 90.0 -4.2
(0.1)

Observations 121805 127694 249499

Note: All variables are indicators, and means are multiplied by
100 to display percentages. Standard errors are in parentheses.
STEM assignment indicators are conditional upon assignment to
any school. Computerized assignment is student assignment in the
serial dictatorship mechanism. Finalized assignment is student as-
signment after students left unassigned in the computerized assign-
ment phase were able to choose a school that had not filled its quota
(or remain unassigned).
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