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In this dissertation, I use data from Chile to study the determinants of schooling trajectories.

Chapters 1 and 2 focus on higher education, Chapter 3 on secondary education, and Chapter 4 on

teachers.

Chapter 1 explores the role of a socio-emotional ability, self-efficacy, in understanding why

students with comparable qualifications transit different college paths. This study is the first of

two papers dedicated to studying the role of self-efficacy in the path students follow after high

school. This first paper discusses the psychology literature on self-efficacy and how it can be

measured. Then, through exploratory factor analysis and rich administrative data from Chile, I

show that self-efficacy is a construct different from pure cognitive ability. Finally, I estimate a

discrete choice model for the decisions of taking the college admissions test, applying, enrolling,

and graduating from college. I find that conditional on cognitive ability, a higher self-efficacy

increases the probability of taking the college admissions test, applying, and graduating from

college within eight years. Analyzing heterogeneous effects, I find a bigger effect among students



from low-SES families, which are precisely the ones with lower base levels of these outcomes.

In Chapter 2, I take a step further and explicitly model the role of self-efficacy on the tra-

jectories students follow after high school using a structural approach. I estimate a multi-stage

discrete choice model with unobserved heterogeneity to study the role of self-efficacy on college

applications, enrollment, and graduation decisions. The results indicate that higher self-efficacy

significantly increases the likelihood of taking the college admissions exam and submitting a col-

lege application, conditional on cognitive ability. For students who apply, increasing self-efficacy

also increases their probability of enrolling in and graduating from college, even more than a com-

parable increase in cognitive ability. From the analysis of socioeconomic groups, I document that

improving students’ self-efficacy could reduce the socioeconomic gaps in the percentage of stu-

dents who take the college admissions test, apply, and enroll in college. These findings suggest

that policies oriented to boost students’ self-efficacy could alleviate income-related inequalities

in access to higher education.

Chapter 3 is co-authored with Dr. Daniel Kraynak and Dr. Cristina Riquelme. It inves-

tigates how local economic conditions impact human capital accumulation in Chile’s copper-

producing zones using high-frequency data on copper prices, school attendance, and academic

performance. To measure the exposure to copper price volatility, we created an index by de-

termining the proportion of workers in the area associated with the metal mining industry. We

performed a difference-in-differences analysis by comparing students in areas with low and high

copper exposure during periods of varying prices. The results indicate that increasing copper

prices in more exposed areas decreases the quarterly attendance of high school students in the

same period. We also find that students compensate for this lower attendance by increasing their



attendance in the next quarter. Analyzing test score performance, we find evidence of a positive

effect of local economic conditions on students’ math performance in the same period. However,

this effect is completely offset in the following year.

Chapter 4 is co-authored with Dr. Macarena Kutscher, Dr. Cristina Riquelme, and Dr.

Sergio Urzúa. It explores the contribution of teachers to student performance in Chile’s college

admission test (PSU). Our analysis is based on a unique teacher-student matched dataset and

decomposition methods. The findings suggest that teachers’ performance on the PSU and the

characteristics of their educational degrees are significant predictors of students’ success. When

controlling for students’ and predetermined school characteristics, the gap between vouchers and

public schools is reduced. Productivity differences emerge as key factors driving the disparities

across school types. The analysis underscores the crucial role of teacher-student interactions in

shaping student outcomes.
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Chapter 1: More Than Just Skills I: The Role of Self-Ef�cacy on the Path

Through College

1.1 Introduction

It is widely acknowledged that the return to post-secondary credentials is large (Denning,

2019; Ost et al., 2018). Nonetheless, many academically quali�ed students opt not to pursue

higher education either by choosing not to enroll in college (Dynarski et al., 2021) or by drop-

ping out along the way (Denning, 2019). We also observe that many high-ability students sort

themselves into low-quality institutions (Lovenheim and Smith, 2022). Understanding the factors

that lead students through different college trajectories becomes crucial in this context. The eco-

nomics literature has primarily focused on investigating differential college decisions observed

among students from different socioeconomic backgrounds. It shows that students from low-

income families are less likely to apply, enroll, and graduate from a higher education institution

(Bailey and Dynarski, 2011). The evidence has highlighted credit constraints, informational

challenges, and risk aversion as signi�cant drivers of these differential college-related choices

(Dynarski et al., 2021; Hoxby et al., 2013; Hoxby and Avery, 2012).

In this paper, I propose a novel mechanism to understand why similarly quali�ed students

transit different college paths. In particular, I study the role of a socio-emotional ability, self-

1



ef�cacy, on students' college application, enrollment, and graduation decisions, conditional on

their academic credentials.

Self-ef�cacy is a well-established concept in psychology literature. It was �rst introduced

by Albert Bandura, who de�ned it as people's judgments of their own capabilities to attain cer-

tain goals (Bandura, 1977). It is considered a compound construct, representing a combination of

individual socio-emotional abilities (OECD, 2017). From the beginning, psychology researchers

have highlighted self-ef�cacy as an important component in students' academic performance

and educational choices (Bandura, 1997; Betz and Hackett, 1983; Larson et al., 2015; Lent and

Hackett, 1987; OECD, 2017). One of the main challenges when studying the role of academic

self-ef�cacy in educational choices is to �nd good measures of this ability for a representative

sample of the population. This paper contributes in this respect. Using rich administrative data

from Chile, I observe students' responses to a nationwide questionnaire applied to tenth graders

in the country in which they are required to make a socio-emotional self-assessment of their

academic abilities. I distinguish two measures of self-ef�cacy, general and math-speci�c, de-

pending on whether the question refers to a general academic self-assessment or speci�cally asks

about math. I use these responses to proxy for general and math-speci�c self-ef�cacy in a latent-

variable model.

The administrative records from Chile allow me to observe the universe of tenth graders,

along with their self-ef�cacy measures and high school performance. By linking this data to col-

lege admissions and graduation records, I can fully track students' trajectories after high school

in terms of applications, enrollment, and graduation.

This study is the �rst of two papers dedicated to studying the role of self-ef�cacy in the path

students follow after high school. This �rst paper discusses the concept of self-ef�cacy and how

2



it can be measured. Then, through exploratory factor analysis, I show that self-ef�cacy, general

and math, are two different constructs in the data and are different from pure cognitive ability.

Finally, I estimate a discrete choice model for the decisions of taking the college admissions test,

applying, enrolling, and graduating from college. In the second paper presented in Chapter 2,

I follow a structural approach to model the entire trajectory students follow once they graduate

from high school, highlighting the role of general and math-speci�c self-ef�cacy in this process.

I �nd that general self-ef�cacy increases the probability of taking the college admissions

test, applying, and graduating from college within eight years, conditional on cognitive ability.

Analyzing heterogeneous effects, I �nd a bigger effect among students from low-SES families,

precisely those with lower base levels of these outcomes. I observe a similar pattern for math-

speci�c self-ef�cacy except for the graduation outcome, for which I observe a negative point

estimate, which is consistent with math-intensive majors being longer and more challenging.

This series of two papers contributes to two strands of literature. The �rst one studies

the college-going decisions of high-achieving, low-income students. Several pieces of evidence

(most of them in the U.S.) have shown that students from low-income families do not well-

diversify their college applications and do not apply to selective colleges even when their chances

of getting an admission offer along with �nancial aid are high (Hoxby et al., 2013; Hoxby and

Avery, 2012; Pallais and Turner, 2006). It has also been argued that the college application and �-

nancial aid process is complex and time-consuming, creating barriers to access higher education,

particularly important for low-income students who have fewer resources to navigate through

this process (Dynarski and Scott-Clayton, 2006; Page and Scott-Clayton, 2016). Researchers

have conducted interventions directed to provide students with information about the college ap-

plication process and college costs, �nding that they can successfully increase application and

3



enrollment rates (Dynarski et al., 2021; Hoxby et al., 2013). In the Chilean context, Dinkel-

man and Mart́�nez A (2014) �nd that providing information to low-income adolescents increased

enrollment in a college preparatory high school and reduced school absenteeism. This paper con-

tributes to this literature by analyzing students' college choices from a different angle, proposing

a novel and complementary mechanism that has not been explored in this line of research.

The papers also contribute to the literature on the relationship between skills and schooling

decisions. It is well established that abilities, cognitive and non-cognitive, play a signi�cant role

in explaining educational attainment and labor market outcomes (Carneiro et al., 2003; Heckman

et al., 2006; Lindqvist and Vestman, 2011; Prada and Urzúa, 2017; Saltiel, 2020, 2022; Urzua,

2008). Other studies have addressed the role of abilities and beliefs in major choices and college

graduation (Arcidiacono, 2004; Kinsler and Pavan, 2015; Stinebrickner and Stinebrickner, 2014).

The closest related paper is Saltiel (2022), which uses survey data from the U.S. to study the role

of math-speci�c self-ef�cacy on the gender differences in STEM participation, �nding that a lack

of this ability drives women to drop out of STEM majors. This paper complements and expands

the scope of previous research by analyzing the entire path students follow after high school, dif-

ferentiating between college applications and enrollment, and tracking their educational journey

up to graduation. This allows me to obtain a comprehensive understanding of the different stages

of the college-going process and the in�uence of students' self-ef�cacy on each one of them.

On top of that, alongside math-speci�c self-ef�cacy, a measure of general self-ef�cacy is taken

into consideration, capturing students' perception of their competence to succeed in academic

environments across various domains.

The rest of the paper is organized as follows. Section 1.2 provides institutional context,

section 1.3 discusses the concept of self-ef�cacy and how to measure it, section 1.4 describes the
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data and analyzes some patterns, section 1.5 presents the empirical strategy, section 1.6 reports

the main results, and section 1.7 concludes.

1.2 The Path Through College

To access higher education in Chile, students must complete twelve years of compulsory

school education, divided into eight years of primary school and four years of high school edu-

cation. Upon successful completion, they are awarded a high school diploma.

After �nishing high school, students aspiring to pursue higher education in the university

system are required to take the college admission test known as PSU (Prueba de Selección Univer-

sitaria in Spanish)1. This standardized test serves as the primary method of admission to Chilean

universities. It assesses students' knowledge in four areas: Spanish, Mathematics, Sciences, and

History/Social Sciences. The PSU is generally administered in November or December each

year.

Upon taking the PSU, students receive individual scores for each subject area. These scores

are then combined to generate a weighted application score, which represents a weighted average

of PSU scores and high school GPA. The weights assigned to each component depend on the

speci�c program and university. Students apply to universities through an online platform called

the SistemáUnico de Admisíon (SUA), where they can select multiple universities and programs

based on their preferences. Universities use the application score to rank students for admission

purposes. The selection process in the SUA is based on the application score, and students can list

up to 10 preferences for programs and institutions. All lower-preference programs are discarded

if a student is admitted to a program.

1This test is analogous to the SAT or ACT in the U.S.
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One important detail about the application process is the minimum score requirement,

which states that all students who apply through the centralized system must have an average

PSU score (average between math and Spanish) above 450 points. Nevertheless, the online plat-

form does not prevent students who do not meet this requirement from submitting an application

through the system. The system just disquali�es these applications in the review process and

tags them with the outcome ”Does not meet minimum score requirement”. Roughly 30% of the

students who take the college admissions test do not reach this minimum score requirement.

Once admitted, students are required to complete the enrollment process by submitting

necessary documents, paying fees, and con�rming their acceptance. This secures their place in

the university and the chosen program. Most university programs in Chile are designed to last

�ve years, although there can be variations across speci�c disciplines, and there is substantial

variation in the time students actually take to complete the programs.

It's important to note that the process described above speci�cally applies to accessing

universities in Chile. Other higher education institutions in the country, such as Professional

Institutes or Technical Formation Institutes, have decentralized admission processes. The pro-

grams offered by these institutions are typically designed to be shorter in duration (ranging from

two to four years) and do not confer academic degrees. Although these institutions generally do

not have a minimum PSU score requirement, students are usually still required to take the PSU

test. Therefore, taking the test is important by itself, independent of the performance obtained,

as it constitutes the main entrance door to virtually all programs available in the higher education

system.
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1.3 Self-ef�cacy in an Academic Context

The concept of self-ef�cacy was �rst introduced in psychology literature by Albert Ban-

dura. He de�nes self-ef�cacy as ”people's judgments of their capabilities to organize and execute

courses of action required to attain designated types of performance” (Bandura, 1986). Bandura

states that perceived self-ef�cacy is not about the number of skills a person has but rather about

what the person believes she can achieve with those skills.

Psychology researchers have assessed the role of self-ef�cacy in an academic context. Pin-

trich and De Groot (1990) studies the relationship between middle-school students' self-ef�cacy

and academic performance, �nding that self-ef�cacy is positively correlated with cognitive en-

gagement and performance. Moreover, the authors �nd that the higher students' self-ef�cacy be-

liefs, the higher the academic challenges they set for themselves (Pintrich and De Groot (1990),

as cited in Bandura (1997)). In a college context, several studies have established that perceived

self-ef�cacy plays a key role in career choice and students' development. Students' self-ef�cacy

has been established as a relevant factor in the choice of college majors, and persistence and

success in the chosen �eld (Bandura, 1997; Betz and Hackett, 1983; Brown et al., 1989; Larson

et al., 2015; Lent and Hackett, 1987; Wright et al., 2013).

While psychology literature has broadly established a link between self-ef�cacy and ed-

ucational choices and outcomes, the empirical evidence in these studies relies mostly on corre-

lational data and small sample sizes. One exception, coming from the economics literature, is

Saltiel (2022). The author uses survey data from the U.S. to study the relationship between math

self-ef�cacy and gender differences in STEM majors, �nding that a lack of math-speci�c self-

ef�cacy drives women's drop out from STEM majors. This paper complements and expands on
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this literature in three different ways. First, in addition to math-speci�c self-ef�cacy, I propose

an additional measure encompassing students' self-ef�cacy in a more general, but still academic,

way. Second, I study the entire students' transition from high school to college, distinguishing

applications from enrollment and following students up to graduation. Third, I use rich adminis-

trative data that allows me to observe the universe of students in Chile and their transition from

high school to college.

A natural question when attempting to study self-ef�cacy in an empirical framework is

how best to measure it. Past literature, based on the theory framework presented in McKeachie

(1986), have developed the Motivated Strategies for Learning Questionnaire (MSLQ) to measure

(among other things) students' self-ef�cacy. Table A.1 of Appendix A.1 presents the items of

this instrument that correspond to self-ef�cacy measures. The Imperial College London, through

the Centre for Higher Education Research and Scholarship, has also proposed an instrument

for measuring educational self-ef�cacy in the college context, which is detailed in Table A.2 of

Appendix A.1. Finally, Saltiel (2022) measures math-speci�c ef�cacy in a latent variable model,

using students' responses from the ELS 2002 baseline survey as measures. The questions used

by the author are speci�ed in Table A.3 of Appendix A.1.

In this paper, I use information from a nationwide questionnaire applied to tenth graders

in Chile in 2010, in which they are asked to provide a self-assessment of their capabilities in

an academic context. Table 2.1 speci�es the questions I use as measures of self-ef�cacy. I

distinguish general self-ef�cacy (panel A) from math-speci�c self-ef�cacy (panel B), depending

on whether the question refers to a general academic self-assessment or speci�cally asks about

math. My measures of self-ef�cacy closely follow other measures used in the literature, as shown

in the three tables of Appendix A.1. I use students' responses to the questions in Table 2.1 to
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proxy for general and math-speci�c self-ef�cacy.

Bandura (1997) states that peers are one potent source in the development of self-ef�cacy

and that its in�uence tends to increase in importance with age. Bandura argues that one way

in which school peers in�uence individual self-ef�cacy is through the comparative information

about their capabilities students receive from school grades and teachers' evaluations. Therefore,

it is not surprising that some of the questions used to measure self-ef�cacy directly anchor stu-

dents' self-assessment in comparison to their peers. This is the case in some of the questions that

the literature has proposed to measure self-ef�cacy (appendix A.1) and also some of the questions

in my data (Table 2.1).

Figure 1.1 illustrates stylized facts about the relationship between the self-ef�cacy mea-

sures and students' performance. Sub�gures (a) and (b) show the correlation between general

(sub�gure a) and math-speci�c (sub�gure b) self-ef�cacy index (constructed as the simple aver-

age of the corresponding self-ef�cacy questions) and students' class rank in 10th grade, measured

through deciles of GPA. We observe a positive correlation between self-ef�cacy indexes and

GPA, which is consistent with students building up their self-assessments with the information

they have in their environment and using their peers as a comparison.

Sub�gure (c) shows the correlation between the general self-ef�cacy index and students'

average performance in a standardized math and Spanish test taken in 10th grade. Sub�gure (d)

shows the correlation between the math-speci�c self-ef�cacy index and students' performance in

the math test taken in 10th grade. An interesting feature of these knowledge tests is that students

are never informed of the results. Nevertheless, we observe a strong correlation between math

self-ef�cacy and math performance, similar in magnitude to the one observed with class rank

in sub�gure (b). This implies that higher levels of math self-ef�cacy are, in fact, associated
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with a higher measure of math ability. The same pattern is observed for the general self-ef�cacy

measure and average test performance, although the correlation is much weaker. We can reconcile

this fact, considering that general self-ef�cacy probably encompasses more than just math and

Spanish self-assessment.

The patterns shown in Figure 1.1 suggest that the self-ef�cacy measures in this paper are

positively associated with students' observed cognitive ability. However, self-ef�cacy has no

scale on its own, making it hard to judge whether students' beliefs of their capabilities are ac-

curate. Because of this, the analysis of this paper will focus on studying individuals' college

trajectories, comparing students with similar levels of cognitive abilities but different levels of

general and math-speci�c self-ef�cacy.

To illustrate this point, I conduct factor analysis on the questionnaire's measures of general

self-ef�cacy (Table 2.1) and on the measures of cognitive ability (Simce math and Spanish and

high school GPA) to predict two underlying constructs: general self-ef�cacy and cognitive ability.

Figure 1.2 shows the proportion of students that make each college-related choice (i.e., take the

college admissions test, submit an application, enroll, and graduate from college) by quantiles

of the cognitive factor for students at the top (green) and bottom (orange) quantile of the self-

ef�cacy factor. In general, we observe that for each level (quantile) of cognitive ability, students

at the top 20% of general self-ef�cacy take the college admissions test, apply, enroll, and graduate

at a larger rate than students at the bottom 20% of the self-ef�cacy distribution.
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1.4 Data

The primary sample used in this study consists of tenth-graders in 2010 who participated in

the students' questionnaire as part of the Simce test and subsequently graduated from high school

in 20122. The Simce is a nationwide comprehensive set of tests employed in Chile to assess

students' knowledge in math and Spanish. Rather than test students for speci�c (individual)

objectives, these tests aim to assess the quality of education in the country. Because of that, the

results of the Simce test are not revealed to the students. Only results at the school level are

released for comparative purposes.

Alongside the knowledge tests, when taking the Simce, students are also required to com-

plete a questionnaire that includes a personal self-assessment of their academic abilities. These

self-assessment questions are of two types: ones that refer to abilities in a speci�c subject, such

as math, and others that address abilities in a broader (but still academic) sense. These questions

constitute my measures of self-ef�cacy, general and math. Table 2.1 describes the questions used

in this study as measures of self-ef�cacy. Each question is answered on a �ve-point Likert scale

encompassing strongly agree, agree, neither agree nor disagree, disagree, and strongly disagree. I

re-coded each question so that a higher number on the Likert scale corresponds to a more positive

assessment of their own capabilities.

In addition to the results of the knowledge tests and students' questionnaires, the Simce data

also provides socioeconomic characteristics of the students and schools, which I use to control

my estimations. In particular, I use as socioeconomic controls the mother's self-reported highest

level of education, socioeconomic status of the school, and type of school (public, voucher, or

2This is restricted data provided by the Ministry of Education of Chile for the development of this project.

11



private).

The student-level data from Simce is linked with the college application data of 2012 ob-

tained from DEMRE, the institution responsible for college applications in Chile2. This data

encompasses details regarding students' performance in the college admissions test, as well as

the universities and programs they apply to through the centralized system. Moreover, this data

provides information on students' applications (university and program) in order of preference

and also details the �nal enrollment decision.

The third source of information comes from the tertiary graduation records 2013-2020.

This data is published every year by the Ministry of Education of Chile and speci�es all students

who graduate from a tertiary institution in the country. I look for graduation outcomes up to eight

years after the start of the programs. Most programs in Chile are designed to last �ve years, so

an eight-year window should be wide enough to observe students graduating from college.

Finally, the last source of information comes from the annual performance published by

the Ministry of Education of Chile. From this data, I obtain each student's GPA in each grade

from 9th to 12th grade (four years of high school). I link this data to the Simce and college data

using a unique student identi�er.

1.4.1 Descriptive Statistics

The �nal sample corresponds to 130,128 10th graders in 2010, for whom I have information

on their Simce (test score and questionnaire) and who graduated from high school in 2012.

Table 2.2 reports summary statistics of the variables used in this study. Columns (1)-(2)

present the summary statistics for the entire sample, while columns (3)-(4) and (5)-(6) present the

12



statistics for low and high SES students, respectively. I use mothers' highest level of education

to proxy for students' SES, categorizing them as high-SES students whose mother has at least a

university degree and low-SES students whose mothers do not.

SFE and MSFE correspond to an index of the observed measures (average between the

corresponding questions) of general and math self-ef�cacy, respectively. The Simce test score

variables, high school GPA, and average PSU score are standardized in the entire sample.

We observe that from the total sample of students who graduated from high school in 2012,

81% took the college admission test. From that total, 30% obtained an average PSU score below

450, which prevented them from submitting a (valid) application through the system. However,

from this 30%, 8% of the students still submit an application.

Of the students that obtained an average PSU score above 450 points, 66% submitted an

application (valid application). Finally, of the students who submitted a valid application, 70%

ended up timely enrolling in a program in the 2012 admissions process, and out of that total, 60%

were observed graduating from college within eight years.

Comparing high to low-SES students, we see that the last ones have lower test scores,

lower high school GPAs, and lower general and math-speci�c self-ef�cacy. Low-SES students

also take the college admissions test, apply to college, and enroll in college in a lower proportion.

However, conditional on enrollment, low and high-SES students show roughly the same rate of

college graduation within eight years.
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1.4.2 Exploratory Factor Analysis

I conducted an exploratory factor analysis (EFA) using the two general self-ef�cacy mea-

sures, seven math self-ef�cacy measures, high school GPA, and math and Spanish Simce scores.

As a result, I observe that three factors explain 89% of the variance. Figure 1.3 shows the three

constructs' factor loadings. We observe that all the math self-ef�cacy measures (labeled asM

measures) load only on factor one. Similarly, GPA and Simce test scores load only on factor 2,

while the general self-ef�cacy measures (labeled asG measures) only load on factor 3. Therefore,

this suggests the existence of three different constructs that I label as math self-ef�cacy (factor

1), cognitive (factor 2), and general self-ef�cacy (factor 3).

I use the EFA to predict the three factors in the sample: self-ef�cacy (SFE), math self-

ef�cacy (MSFE), and cognitive. In the following sections, I analyze the relationship between the

three factors and the college-related outcomes in a reduced form type of analysis.

1.5 Empirical Strategy: Reduced-Form Evidence

In this section, I describe the methodology to study the relationship between the mea-

sures of self-ef�cacy, both general and math, and the college-going decisions in a reduced-form

approach. The objective is to investigate the presence of an empirical relationship between self-

ef�cacy measures and college-related decisions while controlling for cognitive ability and other

relevant factors. General self-ef�cacy (SFE), math self-ef�cacy (MSFE), and cognitive ability

(Cog) are obtained through exploratory factor analysis, as described in the previous section.

Using a probit model, I estimate the following equation:
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yi = �[ � 0 + � 1SFEi + � 2MSFE i + � 3Cogi + � 4X i + � i � 0] (1.1)

Wherei denotes a student.

I use as dependent variableyi four different outcomes:

1. 1[take the college admissions test]

2. 1[submit an application]

3. 1[enroll in college]

4. 1[graduate within eight years]

The independent variables of interest areSFEi , MSFE i , andCogi , which denote the

standardized general self-ef�cacy, math self-ef�cacy, and cognitive factors, respectively. I control

the estimations by a vector of schools and students' characteristicsX i;s , which includes a female

dummy, the mother's and father's highest level of education (no higher education, some higher

education, and higher education graduate), type of school (public, private or voucher), and the

socioeconomic status of the school. In all estimations, I cluster the standard errors at the school

level.

I estimate the probability of applying (outcome 2) only for students who score above the

minimum score requirement. One thing to notice is that I only observe a student submitting an

application (outcome 2) when she takes the college admission test (outcome 1). Similarly, I only

observe her enrolling in college (outcome 3) if she applies, and I observe her graduating (outcome
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4) only if she enrolls. Therefore, for each outcome, I estimate equation (1) among the sample of

students for which I observe that outcome.3

1.6 Results

The results of estimating equation (1) on the overall sample are presented in Table 1.8. It

shows the marginal effect of increasing each factor by one standard deviation on the four differ-

ent college decisions. In general, we observe that there is a positive correlation between general

self-ef�cacy, math self-ef�cacy, and cognitive factors with all four college-going choices. Inter-

estingly, there seems to be a negative correlation between math self-ef�cacy and the probability

of graduating. I will go back to this point later in this section.

Figure 1.4 shows the marginal effect of increasing the general and math self-ef�cacy fac-

tor by one standard deviation on the four college-going choices for different levels of cognitive

ability. Sub�gure (a) shows the results for the probability of taking the college admissions test.

We observe that the marginal effect of math self-ef�cacy is larger in magnitude than the general

self-ef�cacy one for all levels of cognitive ability. We also observe that for both self-ef�cacy fac-

tors, the marginal effect decreases as we increase the cognitive ability factor. This is consistent

with the fact that the marginal students deciding whether to take the college admissions test are

probably at the lower part of the cognitive ability distribution. We could expect the great majority

of high cognitive ability students to take the test, regardless of their self-ef�cacy.

Sub�gure (b) shows the results for the probability of submitting an application for the

sample of students who took the college admissions test and reached the minimum score require-

ment. We can observe that the relationship of both types of self-ef�cacy with this outcome has

3Refer to Chapter 2 of this dissertation for a structural approach that explicitly models decisions sequentially.
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an inverted U-shape, with a higher correlation for students in the middle of the cognitive ability

distribution. In sub�gure (c), we observe a similar pattern for the math-speci�c self-ef�cacy and

the probability of enrolling (for the sample of students that apply). However, for this outcome,

the marginal effect of general self-ef�cacy is zero for all levels of cognitive ability.

Finally, sub�gure (d) shows the results for the probability of graduating from college within

eight years for the sample of students who enrolled in a program. We observe a negative relation-

ship between math self-ef�cacy and this outcome and a positive one between general self-ef�cacy

and this outcome. For both factors, the size of the marginal effect is stable across different levels

of cognitive ability. We can reconcile the negative marginal effect of math-speci�c self-ef�cacy

with the fact that students with larger MSFE are more likely to choose math-intensive majors,

which tend to be more challenging and somewhat longer.

Additionally, I estimate equation (1) by the socioeconomic status of the student, using

mothers' education to proxy for it, as described in section 4. Figure 1.5 graphically presents the

results of this exercise by showing the marginal effect of the general self-ef�cacy factor on the

four different outcomes for different levels of cognitive ability. In all sub�gures, the red markers

denote the point estimates for low SES students, while the blue markers are used for high SES

students.

Sub�gure (a) shows the results for the probability of taking the college admissions test. We

observe that the marginal effect of general self-ef�cacy is larger in magnitude for students from

low SES than for students from high SES. Moreover, for all levels of cognitive ability, the point

estimates for high SES students are not statistically signi�cant with 95% con�dence.

Sub�gure (b) shows the results for the probability of submitting an application for the sam-

ple of students who took the college admissions test and reached the minimum score requirement.
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First of all, we observe a positive and statistically signi�cant point estimate for both high and

low-SES students. We also see that for students with low cognitive ability, the point estimates are

larger for high SES students, although we can only reject the null hypothesis of equal coef�cient

for the very left tail of the cognitive ability distribution (very low cognitive factor). The opposite

is true for students with high cognitive ability. Among them, we observe larger point estimates

for low-SES students than for high-SES students.

For the enrollment probability in sub�gure (c), consistent with the �ndings on the overall

sample, we observe no statistically signi�cant point estimates for both low and high-SES students

for all levels of cognitive ability. Finally, sub�gure (d) shows the results for the probability of

graduating within eight years. Once again, we observe a positive and statistically signi�cant point

estimate only for students from low-SES families.

Overall, the evidence presented in this section suggests that conditional on cognitive ability,

general self-ef�cacy increases the probability of taking the college admissions test, applying, and

graduating from college within eight years. Analyzing heterogeneous effects, I �nd a bigger

effect among students from low-SES families, which are precisely the ones with lower base

levels of these outcomes. For math-speci�c self-ef�cacy, I observe a similar pattern except for

the graduation outcome, for which I observe a negative point estimate, which is consistent with

math-intensive majors being more challenging and longer.

It is important to remember that these estimations ignore the fact that each of these deci-

sions is endogenous to the student. Students do not make each decision individually but rather

choose which (entire) college path to follow after high school. In Chapter 2, I propose a struc-

tural model to formally explore the role of both types of self-ef�cacy in the college-going process,

accounting for the endogenous selection in all the decisions embedded in this process. Addition-
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ally, I propose a measurement system to recover the distribution of general self-ef�cacy, math

self-ef�cacy, and cognitive ability.

1.7 Conclusion

Across the board, it is commonly accepted that education plays a pivotal role in both per-

sonal growth and the advancement of society (Heckman, 2000). Nonetheless, we observe that

students make different college-going decisions, even when controlling for academic creden-

tials. The evidence about this phenomenon has focused on investigating this issue among high-

achieving low-income students offering credit constraints and informational problems as one of

the determinants of this issue (Dynarski et al., 2021; Hoxby et al., 2013; Hoxby and Avery, 2012).

This paper proposes a different mechanism, studying whether students' academic self-

ef�cacy in�uences college-related decisions conditional on their academic credentials. It is the

�rst of two papers dedicated to studying the role of self-ef�cacy in the path students follow after

high school. This �rst paper sets the basis for paper two, in which I follow a structural approach

to model the entire trajectory students follow once they graduate from high school, highlighting

the role of general and math-speci�c self-ef�cacy in this process. This study starts by discussing

the psychology literature on self-ef�cacy and how it can be measured. Then, using data from

Chile and conducting exploratory factor analysis, I show that self-ef�cacy, general and math, are

actually two different constructs in the data and are different from pure cognitive ability.

Using the predicted latent cognitive ability and general and math-speci�c self-ef�cacy from

the factor analysis, I use a discrete choice model to explore the effect of self-ef�cacy on the

college-going process. I �nd that conditional on cognitive ability, general self-ef�cacy increases
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the probability of taking the college admissions test, applying, and graduating from college within

eight years. I also �nd a bigger effect in magnitude among students from low-SES families. For

math-speci�c self-ef�cacy, I observe a similar pattern except for the graduation outcome, for

which I observe a negative point estimate, which is consistent with math-intensive majors being

more challenging and longer.

The results presented in this paper show that self-ef�cacy matters and that it is a mechanism

that induces equally quali�ed students to follow different college paths. Nonetheless, this analysis

ignores the fact that students do not make each decision individually (i.e., taking the college

admissions test, applying, enrolling, and graduating from college) but rather choose their (entire)

trajectory once they graduate from high school. The second paper presented in Chapter 2 will

address this fact through a structural modeling approach.
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1.8 Tables

Table 1.1: Observed measures of general and math-speci�c self-ef�cacy

Marker Question
General self-ef�cacy

G1 I feel that I am as capable of learning as the rest of my classmates.
G2 Although a subject is dif�cult, with effort and study I think I can understand it

Math self-ef�cacy
M1 In general, I do well in math
M2 Math is harder for me than for my classmates
M3 I learn math fast and easily
M4 It is hard to learn math, and I believe it will always be hard
M5 I get good grades in math without studying
M6 Math classes are easy and with little effort I do well
M7 If I study, I do well in math

Notes: The table shows the questions from the student's questionnaire used to measure general
and math self-ef�cacy. In all questions, students were asked to respond, ”How much do you agree
with the following statement?” with the following options: 1=strongly agree, 2=agree, 3=neither
agree nor disagree, 4=disagree, 5=strongly disagree.
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Table 1.2: Summary statistics

All Sample Low SES High SES
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

SFE index -0.000 1.000 -0.003 0.992 0.023 1.068
MSFE index -0.000 1.000 -0.023 0.988 0.190 1.076
Simce Spanish -0.000 1.000 -0.093 0.972 0.773 0.894
Simce math -0.000 1.000 -0.100 0.967 0.838 0.871
High school GPA -0.000 1.000 -0.079 0.967 0.662 1.023
Female 0.527 0.499 0.529 0.499 0.509 0.500
Take adm. test 0.813 0.390 0.794 0.404 0.974 0.158
Avg adm. test score -0.000 1.000 -0.138 0.941 0.937 0.882
Test score below min. 0.303 0.459 0.338 0.473 0.060 0.238
Apply not valid 0.079 0.270 0.078 0.268 0.141 0.348
Apply valid 0.658 0.474 0.618 0.486 0.853 0.354
Enrollment 0.699 0.459 0.665 0.472 0.816 0.388
Graduation within 8 years 0.599 0.490 0.592 0.491 0.617 0.486
N Observations 130,128 130,128 116,197 116,197 13,931 13,931

Notes: The table shows summary statistics for the main variables of this paper. The Simce test
score variables, high school GPA, and average college admissions test score are standardized in
the entire sample. The general and math self-ef�cacy measures (SFE and MSFE, respectively)
are also standardized in the entire sample. Columns (1)-(2) present the summary statistics for the
entire sample. Columns (3)-(4) and (5)-(6) present the statistics for low and high-SES students,
respectively.
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Table 1.3: Probit model estimates

(1) (2) (3) (4)
Take adm. test Apply Enroll Graduate

SFE 0.011*** 0.030*** 0.002 0.011***
(0.001) (0.002) (0.002) (0.003)

MSFE 0.019*** 0.081*** 0.049*** -0.018***
(0.001) (0.002) (0.002) (0.003)

Cognitive 0.078*** 0.309*** 0.151*** 0.017***
(0.002) (0.004) (0.004) (0.004)

N 130,128 105,843 48,592 33,946
Controls X X X X

Notes: The �gure shows the marginal effect of the self-ef�cacy factor, math self-ef�cacy factor,
and cognitive factor on the probability of taking the college admissions test (column 1), the prob-
ability of submitting an application (column 2), the probability of enrolling in college (column
3), and the probability of graduating from college within eight years (column 4). In all estima-
tions, I use a Probit model, and I control the estimations by gender, SES of the school, parent's
education, and type of school. Standard errors are clustered at the school level, and con�dence
intervals are computed with 95% con�dence.��� p < 0:001; �� p < 0:01; � p < 0:05
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1.9 Figures

Figure 1.1: Bin-scatter of general and math self-ef�cacy and students' performance

(a) General self-ef�cacy and class rank (b) Math self-ef�cacy and class rank

(c) General self-ef�cacy and average Simce score(d) Math self-ef�cacy and Simce score in math

Notes: The �gure shows the average value of the general and math-speci�c self-ef�cacy index
by the rank of students in 10th grade according to their GPA (sub�gures a and b) and the average
performance of the students in the Simce test (sub�gures c and d). The general and math self-
ef�cacy index measures correspond to the simple average of the punctuation in the general and
math self-ef�cacy questions from the Simce questionnaire, respectively. Refer to Table 2.1 for a
list of these measures.
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Figure 1.2: Average outcomes by predicted self-ef�cacy and cognitive ability

(a) Take college the admissions test and apply to college

(b) Enroll and graduate from college

Notes: The sub�gure (a) shows the proportion of students that take the college admissions test
and apply to college by quantiles of cognitive ability (x-axis), for students at the top (green) and
bottom (orange) 20% of general self-ef�cacy. Sub�gure (b) shows the proportion of students
that enroll in college (right y-axis) and graduate from college within eight years (left y-axis) by
quantiles of cognitive ability (x-axis) for students at the top (green) and bottom (orange) 20%
of general self-ef�cacy. Self-ef�cacy and cognitive abilities come from a factor analysis of the
measures of general self-ef�cacy and cognitive ability.
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Figure 1.3: Exploratory Factor Analysis

Notes: The �gure shows the factor loading obtained on the Exploratory Factor Analysis, using
observed general self-ef�cacy, math-speci�c self-ef�cacy, and cognitive ability measures. In the
procedure, three factors are retained, which account for 90% of the variance.
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Figure 1.4: Probit model results

(a) Marginal effect of SFE and MSFE on the prob. of
taking the adm. test

(b) Marginal effect of SFE and MSFE on the prob. of
applying

(c) Marginal effect of SFE and MSFE on the prob. of
enrolling

(d) Marginal effect of SFE and MSFE on the prob. of
graduating within eight years

Notes: The �gure shows the marginal effect of the self-ef�cacy factor (blue marker) and math
self-ef�cacy factor (red marker) on the probability of taking the college admissions test (sub�gure
a), on the probability of submitting an application (sub�gure b), on the probability of enrolling
in college (sub�gure c), and in the probability of graduating from college within eight years
(sub�gure d). All �gures show the marginal effects for different levels of cognitive ability for the
sample of students I observe making each decision. In all estimations, I use a Probit model and
I control the estimations by gender, SES of the school, parent's education, and type of school.
Standard errors are clustered at the school level, and con�dence intervals are computed with 95%
con�dence.
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Figure 1.5: Probit model results by SES

(a) Marginal effect of SFE on the prob. of taking the
adm. test (b) Marginal effect of SFE on the prob. of applying

(c) Marginal effect of SFE on the prob. of enrolling
(d) Marginal effect of SFE on the prob. of graduating
within eight years

Notes: The �gure shows the marginal effect of the self-ef�cacy factor on the probability of taking
the college admissions test (sub�gure a), on the probability of submitting an application (sub�g-
ure b), on the probability of enrolling in college (sub�gure c), and in the probability of graduating
from college within eight years (sub�gure d). All �gures show the marginal effects for different
levels of cognitive ability for students from low SES (red marker) and high SES (blue marker)
for the sample of students I observe making each decision. I use mothers' education to proxy for
students' SES. In all estimations, I use a Probit model, and I control the estimations by gender,
SES of the school, father's education, and type of school. Standard errors are clustered at the
school level, and con�dence intervals are computed with 95% con�dence.
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Chapter 2: More Than Just Skills II: An Structural Approach for the Role of

Self-Ef�cacy on the Path Through College

2.1 Introduction

It is an empirical fact that students with similar academic credentials follow different col-

lege paths after high school (Denning, 2019; Dynarski et al., 2021; Lovenheim and Smith, 2022).

The economics literature has mainly focused on understanding the differences in college-going

decisions observed by students from different socioeconomic backgrounds. This evidence has

provided as relevant drivers credit constraints, informational challenges, and risk aversion. In

this paper, I study the role of a novel and complementary mechanism taken from the psychology

literature.

In this paper, I follow a structural modeling approach to study the role of a socio-emotional

ability, academic self-ef�cacy, on students' college application, enrollment, and graduation deci-

sions, conditional on their academic credentials. I begin by studying if self-ef�cacy is a relevant

driver across various achievement and income groups. Then, I analyze heterogeneous effects

across gender and socioeconomic groups, elucidating whether students' self-ef�cacy could ex-

plain part of the gaps we observe in college outcomes.

I follow a cohort of students in Chile from tenth grade up to college graduation, fully ob-
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serving their college applications, enrollment, and graduation decisions. In this data, I observe

the universe of tenth graders, along with their self-ef�cacy measures and high school perfor-

mance. Armed with this information, I estimate a multi-stage discrete choice model with multi-

dimensional unobserved heterogeneity to study the effect of general self-ef�cacy, math-speci�c

self-ef�cacy, and cognitive ability on the decision to take the college admissions test, apply to

college, enroll, and graduate from college. I assume students' ability is observed by them but not

by the econometrician, so I use noisy proxies to recover the distribution of these latent factors

(Carneiro et al., 2003; Heckman et al., 2006). Key to my identi�cation, the measures of latent

abilities come from two years before graduating from high school, which allows me to alleviate

reverse causality concerns by ruling out any in�uence the college application process may have

on these latent factors. In contrast to previous research, which primarily rely on survey data,

this dataset contains information about the universe of tenth graders in Chile and their college

choices, effectively avoiding the attrition issues commonly encountered in previous studies.

I �nd that general self-ef�cacy is a relevant driver in all the decisions embedded in the

college-going process. Students with higher levels of general self-ef�cacy sort into taking the

college admissions test, applying, enrolling, and graduating from college. On average, a one

standard deviation increase in general self-ef�cacy increases the likelihood of taking the college

admissions test by 3 percentage points, and for those who take the test, it increases the probability

of applying to college by 4 percentage points. For those students who submit an application, a

one standard deviation increase in the self-ef�cacy factor increases the probability of enrolling in

college by 19 percentage points, and for those who enroll, it increases the likelihood of graduating

within eight years by 19 percentage points. The size of these last two effects is even larger than

the effect of increasing cognitive ability by one standard deviation. I also �nd that math-speci�c
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self-ef�cacy has a positive effect on the �rst three outcomes, but the effect is much more modest

in magnitude. However, math self-ef�cacy has a large and positive impact on the proportion of

applications devoted to a STEM program. Additionally, I �nd that higher self-ef�cacy makes

students submit less risky applications, inducing them to apply in lower proportion to out-of-

reach programs and apply with a higher probability to at least one safety option. Finally, from the

perspective of a student who just graduated from high school, I �nd that a one standard deviation

increase in general self-ef�cacy increases the probability of transiting the entire path from taking

the admissions test to graduating from college eight years later by 7.7 percentage points. This

effect is about two-thirds of the effect of increasing cognitive ability by one standard deviation.

Analyzing heterogeneous effects by gender, I �nd no systematic differences between males

and females. I �nd that males have higher enrollment and lower graduation rates than females

for all levels of self-ef�cacy. Increasing the self-ef�cacy factor increases the enrollment rate in a

similar magnitude for both groups of students. However, it decreases the gap in the graduation

rate in favor of males. Consistent with previous literature, I also �nd that math self-ef�cacy is an

important input to drive females into STEM.

Looking at differences by socioeconomic status, I �nd that low-income students have lower

levels of general and math-speci�c self-ef�cacy, even conditioning by cognitive ability. I �nd that

higher levels of self-ef�cacy reduce the socioeconomic gap in the percentage of students who

take the college admissions test, apply, and enroll in college. In fact, for high-cognitive ability

students, going from the �rst to the tenth decile of the self-ef�cacy factor decreases the gap in

the rate of students taking the college admissions test by 5 percentage points (70% of the gap)

and in the application rate by 10 percentage points (50% of the gap). For the enrollment rate,

going from the �rst to the tenth decile of the self-ef�cacy factor completely closes the gap from
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25 percentage points to zero. Finally, conducting a counterfactual analysis, I �nd that matching

the distribution of general and math-speci�c self-ef�cacy between low and high-income students

(without changing the distribution of cognitive ability) could close the gap in the percentage of

students that take the college admissions test by 3%, that apply to college by 5%, and that enroll

in college by 16%.

This study is the second of two papers dedicated to studying the role of self-ef�cacy in the

path students follow after high school. The �rst paper (Chapter 1) addresses the psychology liter-

ature on self-ef�cacy, showing how self-ef�cacy looks in the data and how it differs and correlates

with measures of cognitive ability. It also presents reduced-form evidence on the relationship be-

tween self-ef�cacy and college-going decisions among students with similar quali�cations. This

second paper takes a step further and explicitly models the trajectories students follow after high

school using a structural approach.

The rest of the paper is organized as follows. Section 2.2 describes the data, section 2.3

presents the empirical model, section 2.4 reports the main results, and section 2.5 analyzes hetero-

geneous effects by gender and socioeconomic status. Section 2.6 discusses policy implications

aimed at reducing the socioeconomic gap in the college-going process, and section 2.7 concludes.

2.2 Data

This section brie�y describes the data used in this paper. For further details, please refer to

the data section of Chapter 1.

The main sample is compounded by the cohort of tenth graders in Chile in 2010 who took

the Simce test. The Simce test is a nationwide battery of tests that allow me to observe measures

32



of cognitive ability and socioemotional constructs such as self-ef�cacy. In particular, the self-

ef�cacy measures come from a students' questionnaire in which they provide a self-assessment

of their academic abilities, general and in math. Table 2.1 describes the questions used in this

study as measures of self-ef�cacy.

I restrict the data to the sample of students who graduated from high school in 2012. That

is, I drop from the sample students that are held back during tenth and twelfth grade, keeping

only students who graduate on time from high school. I link this data with annual performance

records, which allow me to observe each student's GPA in high school. I also merge this data

with the college admissions record of the process from 2012. This data provides information

on students' performance in the college admissions test and college application and enrollment

status.

Finally, I merge into the data administrative records published by the Ministry of Education

of Chile about higher education graduation in the country. I restrict this outcome to be observed

within eight years.

This data has several advantages compared to previous studies analyzing college-going

decisions, relying mostly on survey data. First, the Simce test and questionnaires are applied

nationwide by the Ministry of Education. In fact, I have non-missing information for 90% of

all 10th graders in Chile in 2010. Second, the centralized system for college admission provides

information on the universe of students going through the college admissions process. Moreover,

with this data, I can observe application and enrollment decisions separately. Finally, the tertiary

graduation records also encompass the universe of students in Chile. All in all, the data employed

in this paper allows me to fully track the trajectory of the cohort of 10th graders in 2010, from

high school all the way to college graduation. The only restriction I'm imposing on this data is
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that students �rst observed in 2010 do not get held back, so they were high school graduates in

2012.

2.2.1 Descriptive Statistics

The �nal sample corresponds to 130,128 10th graders in 2010, for whom I have information

on their Simce (test score and questionnaire) and who graduated from high school in 2012. I �rst

model the decision to take the college admission test. Based on this �rst choice, I then model

the probability of being above (or below) the minimum score requirement and the subsequent

application decision. For those who submit a valid application (average PSU score higher or

equal to 450 points), I model the type of application they submit and whether they enroll in a

program that year. Finally, for those who enroll in college, I model whether they graduate within

eight years. Figure 2.1 provides a graphical representation of the decision tree and details the

sample sizes in each of the decision nodes.

Table 2.2 reports summary statistics of the variables used in this study. Columns (1)-(2)

present the summary statistics for the entire sample, while columns (3)-(4) and (5)-(6) present the

statistics for females and males, respectively. Columns (7)-(8) and (9)-(10) present the statistics

for low and high-SES students, respectively. I use mothers' highest level of education to proxy

for students' SES, categorizing them as high-SES students whose mother has at least a university

degree and low-SES students whose mothers do not.

SFE and MSFE denote the average score in the general and math self-ef�cacy questions,

respectively. The Simce test score variables, high school GPA, and average PSU score are stan-

dardized in the entire sample.
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We observe that from the total sample of students who graduated from high school in 2012,

81% took the college admission test. From that total, 30% obtained an average PSU score below

450, which prevented them from submitting a (valid) application through the system. However,

from this 30%, 8% of the students still submit an application.

Of the students that obtained an average PSU score above 450 points, 66% submitted an

application. To characterize the applications of these students, I create three variables: (i) App. in

STEM: proportion of each student's application devoted to a STEM program, (ii)Out-of-Rreach

app.: proportion of each student's application devoted to anout-of-reachprogram, where the

out-of-reachtype is de�ned as the applications made to a program for which the student is more

than 25 points below the cutoff point, and (iii) Apply at least onesafety: indicator variable for

applying to at least onesafetyoption, where asafetyoption is de�ned as the applications made to

a program for which the student is more than 25 points above the cutoff point. The cutoff point

is de�ned as the score obtained by the last enrolled students in each program the year before.

Finally, of the students who submitted a valid application, 70% ended up timely enrolling in

a program in the 2013 admissions process. From that total, 60% is observed graduating from

college within eight years.

Comparing females to males, we observe that the former have a slightly higher self-ef�cacy

measure and lower math-speci�c self-ef�cacy. Also, females perform better on the Spanish Simce

test and worse on the math test. Females also take the college admission test at a higher rate but,

on average, perform worse on it. We also observe that conditional on taking the test, having the

minimum score requirement, and applying to college, females enroll in college at a lower rate.

However, conditional on enrollment, we see females graduate within eight years at a higher rate.

Finally, comparing high to low-SES students, we see that students from low socioeconomic
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families have lower test score performance (Simce and GPA) and lower average self-ef�cacy, gen-

eral and math-speci�c. They also take the college admissions test, apply, and enroll in college in

a lower proportion. Interestingly, conditional on enrollment, low and high-SES students graduate

from college (within eight years) at a similar rate.

2.3 The Model

In this section, I propose a multi-stage discrete choice model, accounting for all the en-

dogenous decisions in the college-going process and de�ning a multi-dimensional latent vector

as the main determinant. I assume the latent variables are known by the student but not by the

econometrician, so I identify its distribution through a measurement system.

Figure 2.1 depicts a graphical visualization of the full decision model, along with the sam-

ple sizes in each of the decision nodes.

2.3.1 College Application Model

Let i represent a student initially observed in 10th grade who graduated from high school

two years later in 2012. Each studenti will decide to take the college admission test according

to:

Pi = 1[ � pX i + � pFi + � p
i � 0] (2.1)

whereX i is a vector of students' characteristics,Fi denotes a vector of latent ability and� p
i

is the error term.

After taking the college admission test, each student decides whether to apply or not using
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the centralized system. Those who obtained an average PSU score below 450 can still submit an

application, but this one will be tagged as not valid. With this in mind, I model the probability of

obtaining a PSU score above this minimum score requirement, conditional on taking the test, in

the following way:

PSUH
i = 1[ � P SUX i + � P SUFi + � P SU

i
� 450] (2.2)

Then, for students that take the college admissions test,PSUH
i is a non-missing dummy

variable that takes the value of 1 if the studenti has a PSU score above the minimum score

requirement (i.e., above 450 points) and zero if the score is below this point. The superindexH

stands forHigh.

Conditional on taking the test, I model the decision to submit an application through the

centralized system separately for students with a PSU score above (AH ) or below (AL ) the mini-

mum score requirement.

AH
i = 1[ � a;H X i + � a;H Fi + � a;H � 0] if PSU H

i = 1 (2.3)

AL
i = 1[ � a;L X i + � a;L Fi + � a;L � 0] if PSU H

i = 0 (2.4)

For those who take the test, apply, and have an average PSU above 450 points (valid ap-

plications), I model the type of application they submit. I consider three different metrics: (i)

the probability of listing at least one safety option, (ii) the percentage of the application ranking

devoted toout-of-reachapplications, and (iii) the percentage of the application ranking devoted
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to a STEM program. I de�ne a safety option as an application made to a program for which the

student is more than 25 points above the cutoff point, de�ned by the last enrolled student on the

same program and institution in the previous year. Conversely, I de�ne as aout-of-reachoption

an application made to a program for which the student is over 25 points below the cutoff point.1

I model the type of application in the following way:

Safei = 1[ � sX i + � sFi + � s
i � 0] (2.5)

Reachi = � r X i + � r Fi + � r
i (2.6)

STEM i = � mX i + � mFi + � m
i (2.7)

Finally, for those who take the test and submit a valid application, I model the probability of

enrolling in college. For those who take the test, submit a valid application, and enroll, I model

the probability of graduating within eight years. I model these last outcomes in the following

way:

Enroll i = 1[ � eX i + � eFi + � e
i � 0] (2.8)

Gradi = 1[ � gX i + � gFi + � g
i � 0] (2.9)

1To provide some perspective on these measures, on average, cutoff scores vary between 10 and 15 points from
year to year.
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I assume each� in equations (2) to (10) is mutually independent and independent from

observed characteristics and latent variables. I also assume each� � N (0; 1) in equations (2),

(3), (4), (5), (6), (9), and (10) and� N (0; � 2) in equations (7) and (8).

2.3.2 Measurement System

I consider three unobserved abilities inFi : cognitive (COG), self-ef�cacy (SFE), and

math self-ef�cacy (MSFE )

COGj = � COG
j X + � COG

j F COG + � COG
j j = 1; 2 (2.10)

SFEk = � SF E
k X + � SF E

k F SF E + � SF E
k k = 1; 2 (2.11)

MSFE l = � MSF E
l X + � MSF E

l F MSF E + � MSF E
l l = 1; :::; 7 (2.12)

GPA = � GP A X + � GP A
SF E F SF E + + � GP A

MSF E F MSF E + � GP A
COG F COG + � GP A (2.13)

whereCOGi , SFEi , andMSFEi represent the vectors of observed measures: (i)COGi =

Math and Spanish Simce test score, (ii)SFEi = students' questionnaire responses regarding

general self-assessment, (iii)MSFE i = students' questionnaire responses regarding math self-

assessment.
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The basic structure of this measurement system is based on the exploratory factor analysis

presented in section Chapter 1. However, following previous studies, I allow the GPA measure

to load on all three factors. I also allowF SF E
i andF MSF E

i to be correlated following Prada and

Urzúa (2017). Finally, I normalize� COG
1 = � SF E

1 = � MSF E
1 = 1 to anchor the scale.

I assume each� in equations (11)-(14) is mutually independent of all other error terms in

the measurement system, decision model, and of the observed and latent variables. I also assume

that the vector of latent factors is orthogonal to the observed characteristics.

2.3.3 Model Implementation and Identi�cation

The distribution of the latent variables is identi�ed through the measurement system de-

scribed through equations (11) to (14) and requires the vector of latent factors to be orthogonal to

the observed characteristics and error terms. I also assume all error terms in the decision model

and measurement system are mutually independent and independent from observed character-

istics and latent factors. These assumptions imply that conditional on observed characteristics

and the latent factors, the college-going decisions described through equations (2) to (10) are

independent, and the model is identi�ed (Carneiro et al., 2003; Heckman et al., 2006).

Note that each college-going decision described through equations (2) to (10) corresponds

to a conditional decision. Given the assumptions of the model, I can write the conditional proba-

bility of each decision depicted in Figure 2.1 as:

P(dn
i = 1jdi ; X i ; Fi ) = 1[ � nX i + � nFi + � n

i � 0] (2.14)

wherei denotes an individual,dn
i is a dummy variable indicating the decision made by
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individual i at the noden conditional on arriving to that node, anddi denotes the sequence of

decisions previous to noden. (X i ; Fi ) represents the vector of observable characteristics and

latent factors, respectively, and� n ; � n are the estimated parameters for the decision at noden.

A key element to identifying the effect of self-ef�cacy on college-related decisions is the

fact that the measures of latent abilities come from two years before graduating from high school.

This allows me to alleviate reverse causality concerns by ruling out any in�uence the college

application process may have on these latent factors.

I estimate the model by maximum likelihood using Montecarlo simulations. I assume

a normal distribution for all the idiosyncratic shocks in the measurement system and decision

model and for the unobserved factors.

All the results presented in the next sections come from simulating 100 samples using the

estimated distribution and parameters of the model. Figure 2.2 reports the goodness of �t of the

simulated data with respect to the actual data. We observe that the model predicts the choices of

the decision model fairly accurately, with a slightly worse �t for the last outcome of the model,

which is college graduation.

2.4 Results

2.4.1 Measurement system

Figure 2.3 shows the variance decomposition of the observed measures in the measure-

ment system. We observe that observable characteristics explain between 15% to 30% of the

variance of the cognitive measures, and this percentage is signi�cantly smaller for the general

and math-speci�c self-ef�cacy measures. Second, we also observe that the latent ability explains
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a considerable proportion of the variance, ranging roughly from 25% to 70% across different

measures. Nonetheless, the error terms also constitute a sizeable portion of the variances. These

results support the use of a measurement system to recover the latent factors' distribution, as

opposed to using the observed measured directly.

As stated in the previous section, I allow for the general and math self-ef�cacy latent factors

to be correlated. Figure 2.4 shows the estimated relationship between the two variables. As one

could have expected, the model gives a positive relationship between the two latent factors, with

a correlation coef�cient of 0.53.

2.4.2 Decision Model

Table 2.3 presents the average marginal effect of each latent factor and observed charac-

teristics on the four main outcomes of the model: taking the college admissions test, submitting

an application, enrolling in college, and graduating within eight years. Each marginal effect is

computed at each point of the decision model (refer to Figure 2.1 for a visualization of the de-

cision nodes), so they report the marginal effect conditional on being on a particular node. We

observe that the cognitive and self-ef�cacy factors have a positive and signi�cant effect on all

four outcomes, while the math self-ef�cacy is signi�cant only for the �rst three and slightly neg-

ative for the last one. Comparing the size of the effect for general and math-speci�c self-ef�cacy,

we observe that, in general, math-speci�c self-ef�cacy has a much smaller impact.

The marginal effects give us a sense of the average impact of these unobserved abilities

in the outcomes that describe students' transition from high school to and through college. Al-

though illustrative in a general sense, they do not reveal any heterogeneity that might exist when
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comparing students on different parts of the cognitive and self-ef�cacy distribution. For this rea-

son, in the rest of this section, I will analyze these outcomes individually, analyzing the average

college-related outcome for students with different levels of cognitive and self-ef�cacy factors.

All these results are graphically presented in Figure 2.5. Table B.1 reports a summary of the

numbers observed in Figure 2.5.

I start by analyzing the decision to take the college admissions test. For this outcome, I

observe that there is a big sorting in the cognitive factor, in which students who take the test

have higher levels of this factor. I observe the same pattern for the self-ef�cacy and the math

self-ef�cacy factors, although the magnitude of the sorting is much more modest (Sub�gure (a)

of Figure B.1 in Appendix B, shows the distribution of the three latent factors for students who

take and do not take the college admissions test).

For the decision to take the college admissions test, cognitive and general self-ef�cacy

show the largest impact. Sub�gure (a) of Figure 2.5 shows the share of students that take the

college admissions test by deciles of the cognitive and self-ef�cacy factors. We can clearly see in

the �gure that there is an increasing percentage of students who take the college admissions test

when both the cognitive and self-ef�cacy decile increase. For students in the lowest decile of the

cognitive factor, going from the �rst to the tenth decile of the self-ef�cacy factor would increase

the proportion of students that take the test by 14 percentage points. For students at the top decile

of the cognitive factor, this increase is about 5 percentage points.

For students who take the PSU, I model the probability of getting a score above the mini-

mum application requirement and submit an application. Similar to the �ndings for the previous

outcome, I also �nd that students who decide to submit an application, conditional on having

taken the test and reached the minimum score requirement, have higher values of the three fac-
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tors, with a larger sorting observed on the cognitive ability (see Sub�gure (b) of Figure B.1 of

Appendix B). Sub�gure (b) of Figure 2.5 shows the share of students above the minimum score

requirement that submit an application by deciles of cognitive and self-ef�cacy factors. Once

again, we observe that this percentage is increasing across both abilities' deciles. For students at

the lowest decile of the cognitive factor, going from the �rst to the top decile of the self-ef�cacy

factor increases the proportion of students that submit an application by 21 percentage points.

For students at the top decile of cognitive ability, this increase is 15 percentage points. Con-

versely, for students at the lowest decile of the self-ef�cacy factor, going from the �rst to the top

decile of the cognitive factor increases the proportion of students that submit an application by

30 percentage points and by 24 percentage points for students at the top decile of the self-ef�cacy

factor.

For students that submit an application, I also study the effect of the latent ability vector

on the type of application they submit, measured as the probability of submitting at least one

safety option and the proportion of the application devoted to out-of-reach applications and to a

STEM program. Figure 2.6 reports the results for these outcomes. In general, we observe that

both cognitive and general self-ef�cacy have a large impact, inducing students to apply less to

out-of-reach programs and more to at least one safe option (sub�gures (a) and (b)). This implies

that cognitive and general self-ef�cacy induce students to submit less risky applications, which

in turn can increase their chances of being accepted into at least one program in college. For

the proportion of the application devoted to a STEM program, I �nd that math self-ef�cacy is the

most relevant driver, highly increasing the proportion of the application devoted to STEM2. I also

observe that general self-ef�cacy positively affects this outcome but with a smaller impact in size,

2This evidence is consistent with Saltiel (2022)
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which is consistent with a positive correlation between these two latent variables. Interestingly, I

observe no impact of increasing cognitive ability on the proportion of the application devoted to

STEM. This fact can be reconciled with the fact that cognitive ability in this context is a bundle

of math and Spanish ability, as opposed to math-speci�c academic ability, which is likely more

relevant for choosing STEM majors.

The last two outcomes of the model are college enrollment and graduation. For both of

these decisions, I �nd there is a big sorting on the general self-ef�cacy, in which students who

enroll (conditional on applying) and graduate (conditional on enrolling) present higher levels of

this factor (Figure B.2 of Appendix B). For the math self-ef�cacy factor, the sorting is much more

modest and slightly negative for the graduation outcome, meaning that students with higher math

self-ef�cacy graduate slightly less than students with lower levels of it. This fact is consistent

with students with higher self-ef�cacy choosing STEM majors in larger proportion (Figure 2.6),

which tend to be more dif�cult and slightly longer. About the cognitive factor, we observe a clear

sorting only for the enrollment outcome.

Sub�gure (c) of Figure 2.5 shows the proportion of students that enroll in college by deciles

of cognitive and self-ef�cacy factors. Once again, we observe that the higher levels of cognitive

and self-ef�cacy factors increase the enrollment rate across the entire distribution of the two

factors. Moreover, the �gure reveals that between those two factors, general self-ef�cacy has the

largest impact in magnitude. In fact, we see that for students at the top (bottom) decile of the

cognitive ability, going from the �rst to the last decile of the self-ef�cacy factor increases the

enrollment rate by 46 percentage points (58 percentage points). This implies that for students

who arrive at the decision point of enrolling in college (i.e., students who took the admissions

test, obtained at the least the minimum score requirement, and applied to college), increasing
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their self-ef�cacy dramatically increases their probability of enrolling, even more than increasing

their cognitive ability.

Finally, sub�gure (d) of Figure 2.5 reports the result for the graduation outcome. We ob-

serve that increasing self-ef�cacy greatly increases the proportion of students who graduate from

college for all levels of cognitive ability. Moreover, the �gure shows that increasing cognitive

ability without increasing self-ef�cacy has little impact on this outcome. For students at the top

decile of cognitive ability, increasing the general self-ef�cacy from the �rst to the top decile

increases the proportion of students graduating within eight years by 42 percentage points.

Overall, we observe that students' general self-ef�cacy positively impacts their probability

of taking the admissions test, applying, enrolling, and graduating from college. I �nd that, in

general, the increase in all these outcomes when increasing general self-ef�cacy is larger for

students at the bottom of the cognitive ability distribution. I also �nd that the impact of self-

ef�cacy is larger in magnitude for the last two outcomes, enrolling and graduating from college.

Moreover, I �nd that for these two outcomes, increasing self-ef�cacy has a larger effect than

increasing cognitive ability.

All the results presented above are analyzed from a conditional point of view. This is condi-

tional on students arriving at each decision node as described by Figure 2.1. One natural question

would be how the results look like from an unconditional point of view, i.e., how much changes

the probability of arriving at a certain decision for a high school graduate when increasing her

latent ability by one standard deviation. Table 2.4 presents the average unconditional marginal

effects. For example, the estimates for graduation in column (4) show the change in the prob-

ability of graduating for a high school student, and it includes the entire trajectory described in

Figure 2.1 from high school to graduation. That is, it reports the change in the probability of
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transiting the path described by taking the college admissions test, attaining the minimum score

requirement, submitting an application, enrolling in college, and graduating from college when

increasing the latent abilities by one standard deviation. For the observed characteristics, since

these are all dummy variables, it reports the change in the probability given by a discrete change

in each variable.

We observe that for all three latent factors, increasing each of them by one standard de-

viation increases the probability of graduating from college eight years later for a high school

graduate. We see that increasing cognitive ability by one standard deviation increases this prob-

ability by about 11 percentage points. The equivalent effect for the general self-ef�cacy factor is

8 percentage points. This implies that increasing general self-ef�cacy by one standard deviation

has about three-quarters of the effect of increasing cognitive ability by the same amount on the

probability of graduating from college for a high school graduate. Finally, we observe that the ef-

fect of math-speci�c self-ef�cacy on the probability of graduating is about one-�fth of the effect

of general self-ef�cacy.

2.5 Heterogeneous Effects: Gender and Socioeconomic Status

In this section, I estimate the model separately by gender and socioeconomic status. Given

the extensive literature that documents large differences in college-going outcomes by students of

different groups, particularly of different socioeconomic status, it would be interesting to study

if the effect of self-ef�cacy is heterogeneous across groups.

I use students' mothers' highest educational level to proxy for students' SES, de�ning them

as high-SES students whose mother has a university degree and low-SES students whose mothers
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do not.

I allow for group-speci�c parameters in the decision model and measurement system. How-

ever, to compare the latent factor across groups, we need to establish an additional assumption:

the intercepts in the measurement system need to be the same for both groups. Following Urzua

(2008), let's consider men and women as the two groups to compare and one SFE measure (omit-

ting the observed characteristics vector for simplicity):

SFEW
i;k = 
 SF E � W

k + � SF E � W
k F SF E � W

i + � SF E � W
i;k

SFEM
i;k = 
 SF E � M

k + � SF E � M
k F SF E � M

i + � SF E � M
i;k

Where superscriptW is used for women andM for men. The parameters
 k represent the

group-speci�c intercepts, and� k denotes the group-speci�c loading.

Let's denote by� SF E � W and� SF E � M the means of the distributions of self-ef�cacy for

females and males, respectively, and by� SFE the difference in means between the two genders.

Additionally, since latent factors have no location on their own, we can normalize the mean of

the latent factor for one group, say� SF E � M = 0. Then, we can write:

E(SFEW
i;k ) � E(SFEM

i;k ) = ( 
 SF E � W
k � 
 SF E � M

k ) + � SF E � W
k � SFE

To identify the differences in means from this last equation, we require the intercepts to

be the same for both groups,
 SF E � W
k = 
 SF E � M

k . With this assumption, group differences in

the observed measure means will thus re�ect group differences in the factor means. The same
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logic applies to math-speci�c self-ef�cacy and cognitive ability and to the comparison between

students of high and low socioeconomic statuses.

2.5.1 Gender

Figure 2.7 shows the distribution of the three latent factors by students' gender. We observe

that females have slightly higher levels of general self-ef�cacy and lower levels of math self-

ef�cacy. For the cognitive factor, the �gure is less clear; however, for all three factors, we reject

the null of equal mean between the two populations. Females appear to have higher self-ef�cacy

and cognitive ability (with a bigger difference in the former) and lower math-speci�c self-ef�cacy.

Figure 2.8 shows the model results by gender for the decision of taking the college admis-

sions test, submitting an application, enrollment, and graduation (sub�gures (a), (b), (c), and (d),

respectively). Each sub�gure shows the proportion of students that make each of these decisions

by deciles of the general self-ef�cacy factor for males (red marker) and females (blue markers).

I show these outcomes for students at the top (star marker) and bottom (diamond marker) decile

of the cognitive ability. Note that each sub�gure in 2.8 reports the average outcome for students

among students that arrive at each decision node.

Analyzing sub�gure (a) of Figure 2.8, the �rst thing to observe is that for all levels of gen-

eral self-ef�cacy, women take the college admissions test in a larger proportion. This fact holds

for students at the top and bottom of the cognitive ability distribution, although the difference

between males and females in the former group is not statistically signi�cant. Secondly, we also

observe for a given level of cognitive ability, moving across the self-ef�cacy distribution increases

the proportion of students that take the college admissions tests, with a similar gradient for males
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and females. Finally, we also see that there is a steeper gradient for students at the bottom of the

cognitive ability distribution (diamond markers).

Sub�gure (b) shows the proportion of students who submit an application conditional on

taking the college admissions test and reaching the minimum score requirement. We observe that

this rate increases as we move up on the general self-ef�cacy distribution for males and females

and low and high-cognitive students. We also observe that for a given level of cognitive ability,

there are no statistically signi�cant differences in the application rate between males and females.

Sub�gure (c) depicts the results of the college enrollment decision, conditional on taking

the college test, reaching the minimum score requirement, and applying to college. First, we

observe that for high and low-cognitive ability students, males have higher rates of enrollment

than females for all levels of general self-ef�cacy. Second, for males and females, high cognitive

ability students have higher levels of enrollment than low cognitive ability students, and for both

groups, there is a positive gradient in the enrollment rate as we move up on the self-ef�cacy

distribution. Third, we see a steeper positive gradient across deciles of the self-ef�cacy factor for

males at the bottom decile of the cognitive factor. Even more, the enrollment rate for males at

the �rst decile of the cognitive factor and at the top decile of the self-ef�cacy factor (83%) gets

signi�cantly closer to the one for females and males at the top decile of cognitive and self-ef�cacy

factor (91% for females and 96% for males).

Finally, sub�gure (d) shows the results for the graduation outcome. We see that females

have higher graduation rates than males for high and low-cognitive ability students. Moreover,

for all deciles of self-ef�cacy, females at the bottom decile of the cognitive ability have similar

graduation rates to males at the top decile of cognitive factor. Additionally, we also observe

that increasing the general self-ef�cacy factor decreases the gap in the graduation rate between
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males and females (in favor of the males) for a given decile of cognitive ability. In fact, for

high cognitive ability students, the difference in graduation rate between males and females is

about 18 percentage points for students at the bottom decile of self-ef�cacy, and it decreases to 5

percentage points when we move to the top decile of self-ef�cacy.

Figure B.3 shows the results for the proportion of the application devoted to a STEM pro-

gram. Given the results presented in Section 5, I analyze the change in this outcome by deciles

of math self-ef�cacy for students at the top and bottom deciles of cognitive ability. The �rst

thing to observe is that females have much smaller shares of their application devoted to STEM

programs for all levels of math self-ef�cacy and cognitive ability. To put things into perspec-

tive, the �gure shows that females at the fourth decile of math self-ef�cacy have a similar STEM

application rate to males at the �rst decile. We also observe that cognitive ability cannot com-

pensate for math self-ef�cacy. For a given decile of math self-ef�cacy, females at the top of the

cognitive distribution apply less to STEM programs than males at the bottom (and top) of the

cognitive ability distribution. A second observation is that there is a positive effect across the

math self-ef�cacy deciles, with a steeper gradient for males. In fact, the gap in the proportion

of the applications devoted to a STEM program between males and females is bigger at the top

decile of math self-ef�cacy than at the bottom.

The results of this section show that there is not a clear pattern that applies to all out-

comes when comparing college-going decisions between males and females. I �nd that general

self-ef�cacy increases the proportion of students who take the admissions test, apply, enroll, and

graduate from college, both men and women. I also �nd that there are no statistically signi�-

cant differences in taking the admissions test and applying to college between these two groups.

Finally, I observe that males enroll in college in a higher proportion and women graduate from
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college in a higher proportion. Increasing the general self-ef�cacy factor decreases the observed

gap between the two groups only for the graduation outcome.

2.5.2 Socioeconomic status

Figure 2.9 shows the distribution of the latent factors by students' socioeconomic status.

We see that high-SES students have higher levels of general self-ef�cacy, math self-ef�cacy, and

cognitive ability. We reject the null of equal mean between the two populations for all three

factors, with higher values for high-SES students. Figure B.4 shows that this pattern remains

even after conditioning by cognitive ability level.

Following the same logic in the gender analysis, Figure 2.10 shows the model results by

SES for the outcomes of taking the college admissions test, submitting an application, enroll-

ment, and graduation (sub�gures (a), (b), (c), and (d), respectively). Each sub�gure shows the

proportion of students that make each decision by deciles of general self-ef�cacy for high-SES

students (red marker) and low-SES students (blue markers). I show these outcomes for students

at the top (star marker) and bottom (diamond marker) decile of the cognitive ability. Each of the

�gures depicted in Figure 2.10 reports the average outcome among students that arrive at each

decision node.

Sub�gure (a) shows the results of taking the college admissions test. We observe that for a

given decile of cognitive ability, high-SES students take the test at a higher rate compared to low-

SES students. Second, we see that nearly all high-cognitive ability high-SES students take the

college admissions test, no matter their level of self-ef�cacy. For high-cognitive ability low-SES

students, the percentage of students taking the test is high for all self-ef�cacy levels. However,
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we do observe an increase across the self-ef�cacy deciles, from 92% at the �rst SFE decile to

97% at the tenth decile. On the other hand, for low-cognitive ability, low-SES students, we see

that moving up on the self-ef�cacy distribution highly increases the proportion of students that

take the college admissions test, from 53% at the �rst SFE decile to 68% at the tenth decile. For

low-cognitive ability, high-SES students, we see that the proportion of students that take the test

is high and more or less stable for all levels of self-ef�cacy. This evidence suggests that higher

levels of self-ef�cacy reduce the socioeconomic gap that exists in the percentage of students who

take the college admissions test.

Sub�gure (b) depicts the results of the decision to submit an application through the central-

ized system. For low-cognitive ability students, the proportion of students that apply to college

is fairly similar between the two groups for all levels of general self-ef�cacy. Nonetheless, we

observe a slight increase in the proportion of low-SES, low-cognitive ability students that apply

to college when we move across the self-ef�cacy deciles. On the other hand, for high-cognitive

ability students, we clearly observe that high-SES students submit applications at a higher rate

than low-SES students. At the same time, the gradient of the self-ef�cacy factor is positive for

both groups but steeper for low-SES students. This last fact contributes to reducing the gap be-

tween the two groups, going from a difference of 20 percentage points at the �rst self-ef�cacy

decile to a difference of 10 percentage points at the tenth self-ef�cacy decile.

Sub�gure (c) reports the results for the enrollment rate. For high-cognitive ability students,

the proportion of students that enroll in college increases as we move up in the self-ef�cacy

distribution, with a larger increase for low-SES students. Moreover, the enrollment rate gap

between high and low-SES students goes from 25 percentage points in the bottom decile of self-

ef�cacy to zero in the highest decile of self-ef�cacy. For low-cognitive ability students, we also
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observe a big increase in the proportion of students that enroll in college for low-SES, going from

8% in the bottom self-ef�cacy decile to 66% in the top self-ef�cacy decile.

Finally, sub�gure (d) shows the results for the graduation outcome. For low-cognitive

ability high-SES students, we do not see a clear pattern in the graduation rate when we move

up across the self-ef�cacy deciles. On the other hand, for low-cognitive, low-SES students, we

see an increase in this rate as we increase the SFE deciles. For high-cognitive ability students,

we observe that at the bottom of the self-ef�cacy distribution, low and high-SES students have

roughly the same graduation rates. As we move up across the self-ef�cacy deciles, we see an

increase in this outcome, but at a higher rate for low-SES students. This makes low-SES students

have higher graduation rates at the top of the self-ef�cacy distribution. In fact, the SES gap in

this outcome reaches 10 percentage points for students at the top decile of self-ef�cacy in favor

of low-SES students.

To sum up, the analysis by socioeconomic status reveals that high-SES students have higher

levels of general and math-speci�c self-ef�cacy and cognitive ability. I �nd that conditional on

arriving at each decision node, increasing the general self-ef�cacy factor considerably decreases

the gap in the proportion of students who take the college admissions test, submit an application,

and enroll in college. Finally, I observe that high-cognitive ability low-SES students have higher

graduation rates, and in fact, moving up on the self-ef�cacy distributions increases the difference

in this outcome in favor of low-SES students.
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2.6 Policy Implications: Counterfactual Analysis

The literature shows that non-cognitive abilities are more malleable during adolescence

than cognitive ones (Almlund et al., 2011; Kautz et al., 2014). In fact, researchers in psychol-

ogy have successfully conducted some small-scale experiments to increase students' self-ef�cacy

(Cambridge-Williams et al., 2013; Cordero et al., 2010; Luzzo et al., 1999; Siegle and McCoach,

2007; Uchida et al., 2018). The results of this paper suggest that implementing such policies

oriented to boost high school students' self-ef�cacy, independently of their academic ability, can

successfully drive them to get into and �nish college with a higher probability. This is particularly

important in the context of high school graduates, considering that cognitive skills are harder to

change at this age (Kautz et al., 2014).

In this section, I use the model estimates to predict how much of the average gap in the

college-related decision between low and high-socioeconomic-status students we are able to close

by increasing self-ef�cacy. As I mentioned before, some studies have successfully increased

students' self-ef�cacy. However, researchers have not yet implemented large-scale interventions,

so we are still uncertain about how much we can realistically expect to boost students' self-

ef�cacy through such interventions. Because of that, I will analyze counterfactual scenarios

varying students' general and math-speci�c self-ef�cacy by different amounts.

As we observe in Figure 2.9, low-SES students have lower levels of general and math-

speci�c self-ef�cacy and cognitive ability. In the �rst policy-counterfactual exercise, I analyze the

change in the total gap in the proportion of students that take the college admissions test, apply,

enroll, and graduate from college by matching the distribution of general and math-speci�c self-

ef�cacy between the two socioeconomic groups, without changing the distribution of cognitive
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ability. To provide a sense of how big the change in the self-ef�cacy distributions is: (i) For

the general self-ef�cacy, the standard deviation is slightly larger for high-SES students (0.53

for high-SES and 0.49 for low-SES), and the mean is 0.15 standard deviations smaller for low-

SES students (using high-SES standard deviations units); (ii) For math-speci�c self-ef�cacy, the

standard deviation for high-SES students is also larger (0.93 for high-SES and 0.86 for low-SES),

and the mean is about 0.11 standard deviations smaller for low-SES students (using high-SES

standard deviations units).

The result of this exercise is shown in Figure 2.11. The blue bars in the �gure show the

total gap between high and low-SES students in the proportion of students that take the college

admissions test, submit an application, enroll, and graduate from college within eight years. The

orange section of the blue bars shows the decrease in the total gap by matching the distribution

of general and math-speci�c self-ef�cacy as a percentage of the total gap, i.e. the percentage of

the blue bar. For each of the college decisions reported in the �gure, the total and counterfactual

gap is computed among students who arrive at the point of making each of the decisions before

any change in the self-ef�cacy level.

Figure 2.11 shows that conditional on arriving at each of the corresponding decision nodes,

increasing the general and math self-ef�cacy distribution for low-SES students to match the dis-

tribution of high-SES students would close the gap in the proportion of students that take the

admissions test by 2.7%, the proportion of students that submit an application by 4.8%, and the

proportion of students that enroll in college by 15.9%. Conditional on taking the admissions

test, applying, and enrolling in college, the model predicts a slightly higher graduation rate for

low-SES students; therefore, increasing the self-ef�cacy distribution increases the gap in favor

of low-SES students, and this increase would represent a 53% of the �nal gap between the two
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groups.

In a second exercise, using the model estimates, I increase the general self-ef�cacy factor

for low-SES students by different levels and analyze for each of these increases the proportion

of students that take the admissions test, apply, enroll, and graduate from college and how this

rate compares to the one observed for high-SES students in the base level. I conduct this exercise

for students at the top 10%, median, and bottom 10% of the cognitive ability distribution. For

each of the college decisions, I compute the change in the average outcome among students who

arrive at the point of making each of the decisions before any change in the self-ef�cacy level.

The results of this exercise are presented in Figure 2.12.

Sub�gure (a) of Figure 2.12 shows the results of the decision to take the college admissions

test. We observe that increasing general self-ef�cacy increases the rate of students that take the

test, with a larger effect among median and low-cognitive ability students. However, up to four

standard deviations increase, increasing general self-ef�cacy is not enough for low-SES students

to reach the rate of taking the college test that we observe among high-SES students for a given

level of cognitive ability.

Sub�gure (b) shows the results of the application decisions. Once again, we see that there

is a larger impact on the application rate by increasing self-ef�cacy among students with lower

cognitive ability. In fact, for students at the bottom 10% of the cognitive ability, less than one

standard deviation increase in self-ef�cacy will allow us to observe the same college application

rate we observe for low-cognitive high-SES students. For low-SES median cognitive ability

students, we would need a 2.7 standard deviations increase, while we observe no convergence for

high-cognitive ability students.

Sub�gure (c) reports the results of the enrollment rate. The �gure shows that increasing
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general self-ef�cacy for low-SES students has a similar impact on the enrollment rate for the

three cognitive ability levels analyzed. Moreover, the results show that less than one standard

deviation increase would close the gap in the enrollment rate between low and high-SES students

for all cognitive ability levels.

Finally, sub�gure (d) shows the results for the graduation outcome. The �rst thing to notice

is that for high-SES students, I do not observe signi�cant differences in the graduation rate for

students with different cognitive abilities. For all three levels of cognitive ability, this outcome

is about 45%, which is represented by the single horizontal dashed line. Also, as I stated before,

the model predicts a slightly higher graduation rate for low-SES students among students who

arrive at this decision point, i.e., students who take the admissions test, apply, and enroll in

college. Therefore, there is no gap to analyze in this outcome. Nonetheless, the �gure shows

that increasing general self-ef�cacy would have a large impact on the graduation rate of low-SES

students, independently of their cognitive ability.

It is important to keep in mind that all the results presented here are estimated among

students who arrive at each decision node in the base model. Therefore, I'm shouting down

the fact that increasing self-ef�cacy would push more students to arrive at the different decision

nodes. All in all, the results of this section reveal that increasing self-ef�cacy among low-SES

students can successfully contribute to closing the gap in the rate of students that take the college

admissions test, apply, and enroll in college between high and low-SES students. The model

suggests that a larger impact in magnitude would be observed in the decisions to apply and enroll

in college.
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2.7 Conclusion

This paper proposes a novel mechanism to understand the empirical fact that equally qual-

i�ed students follow different college paths. In contrast to previous studies, this paper does

not exclusively focus on low-income students but also explores the differential college decisions

among students of different backgrounds. Nonetheless, I still study heterogeneous effects across

socioeconomic groups and analyze possible policy implications to reduce inequality.

This paper is the second of two papers dedicated to studying self-ef�cacy as a mecha-

nism of differential college paths. The �rst paper (Chapter 1) analyzes the psychology literature

on self-ef�cacy, showing how self-ef�cacy looks in the data and how it differs from measures of

cognitive ability. It also presents reduced-form evidence on the relationship between self-ef�cacy

and college-going decisions among students with similar quali�cations. However, the estimation

conducted in that �rst chapter ignores the fact that students choose the entire college-going trajec-

tory. This paper explicitly models the path students follow after high school following a structural

approach.

Using data from Chile and a multi-stage discrete choice model with unobserved hetero-

geneity, I empirically study if self-ef�cacy and math-speci�c self-ef�cacy drive students to make

different college applications, enrollment, and graduation decisions conditional on cognitive abil-

ity. I �nd that conditional on students arriving at the point where each decision is made, one

standard deviation increase in the self-ef�cacy latent factor increases the probability of taking

the college admissions test by 3 percentage points, applying to college by 4 percentage points,

enrolling by 19 percentage points, and graduating within eight years by 19 percentage points. In

addition, I �nd that higher self-ef�cacy also makes students submit less risky applications, induc-
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ing them to apply in less proportion to programs for which they do not have the score requirement

for admission and to list with a higher probability at least one safety option in their application.

In addition, math self-ef�cacy appears to be a key driver for the applications to STEM programs.

Additionally, for a high school graduate just starting the college-going process, I �nd that one

standard deviation increase in general self-ef�cacy increases the probability of transitioning the

entire path from taking the admissions test to graduating from college eight years later by 7.7

percentage points. This effect is about two-thirds of the effect of increasing cognitive ability by

one standard deviation.

Looking at differences by socioeconomic status, I �nd that higher levels of self-ef�cacy

reduce the socioeconomic gap in the percentage of students who take the college admissions test,

submit an application, and enroll in college. I show that matching the distribution of general

and math-speci�c self-ef�cacy between low and high-income students, without changing the

distribution of cognitive ability, it could close the gap in the percentage of students that take the

college admissions test by 3%, that apply to college by 5%, and that enroll in college by 16%.

Overall, this study �nds that self-ef�cacy is a relevant driver in students' transition from

high school to college. From psychology literature, we know that self-ef�cacy is a skill that

can be shaped and enhanced at different ages by, for example, role models and successful ex-

periences (Bandura, 1986). On the contrary, the evidence shows that cognitive ability is highly

important in the college-going process but hard to modify during adolescence (Almlund et al.,

2011; Kautz et al., 2014). From this point of view, the results of this study are of great interest

from a policy perspective, implying that working on students' self-ef�cacy in school years can

have a long-lasting impact on their educational and labor trajectories. Moreover, the analysis

by socioeconomic status suggests that policies directed to boost students' self-ef�cacy in high
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school could help decrease income-related inequality in access to higher education.

As a possible future research avenue, it would be interesting to understand how the insti-

tutional context of different educational systems provides more or less space for self-ef�cacy to

play a role. In the U.S., for example, the decentralized college application system is described as

complicated and time-consuming (Dynarski and Scott-Clayton, 2006; Page and Scott-Clayton,

2016). Therefore, we could expect that students' non-cognitive skills and, in particular, self-

ef�cacy could play a bigger role in inducing students to get to and through the higher education

system successfully.
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2.8 Tables

Table 2.1: Observed measures of general and math-speci�c self-ef�cacy

Marker Question
General self-ef�cacy

G1 I feel that I am as capable of learning as the rest of my classmates.
G2 Although a subject is dif�cult, with effort and study I think I can understand it

Math self-ef�cacy
M1 In general, I do well in math
M2 Math is harder for me than for my classmates
M3 I learn math fast and easily
M4 It is hard to learn math, and I believe it will always be hard
M5 I get good grades in math without studying
M6 Math classes are easy and with little effort I do well
M7 If I study, I do well in math

Notes: The table shows the questions from the student's questionnaire used to measure general
and math self-ef�cacy. In all questions, students were asked to respond, ”How much do you agree
with the following statement?” with the following options: 1=strongly agree, 2=agree, 3=neither
agree nor disagree, 4=disagree, 5=strongly disagree.
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Table 2.2: Summary statistics

All Sample Females Males Low SES High SES
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

SFE index -0.000 1.000 0.002 1.009 -0.002 0.990 -0.003 0.992 0.023 1.068
MSFE index -0.000 1.000 -0.178 1.006 0.198 0.955 -0.023 0.988 0.190 1.076
Simce Spanish -0.000 1.000 0.026 0.989 -0.028 1.011 -0.093 0.972 0.773 0.894
Simce math -0.000 1.000 -0.099 0.977 0.111 1.014 -0.100 0.967 0.838 0.871
High school GPA -0.000 1.000 0.107 0.986 -0.119 1.002 -0.079 0.967 0.662 1.023
Female 0.527 0.499 1.000 0.000 0.000 0.000 0.529 0.499 0.509 0.500
Take adm. test 0.813 0.390 0.836 0.370 0.788 0.409 0.794 0.404 0.974 0.158
Avg adm. test score -0.000 1.000 -0.086 0.969 0.102 1.027 -0.138 0.941 0.937 0.882
Test score below min. 0.303 0.459 0.328 0.470 0.272 0.445 0.338 0.473 0.060 0.238
Apply not valid 0.079 0.270 0.090 0.286 0.065 0.246 0.078 0.268 0.141 0.348
Apply valid 0.658 0.474 0.667 0.471 0.649 0.477 0.618 0.486 0.853 0.354
% App. in STEM 0.326 0.408 0.186 0.323 0.483 0.435 0.327 0.408 0.323 0.407
% App. Reach 0.243 0.334 0.272 0.348 0.210 0.315 0.257 0.343 0.194 0.294
Apply at least 1safety 0.607 0.489 0.594 0.491 0.621 0.485 0.606 0.489 0.607 0.488
Enrollment 0.699 0.459 0.660 0.474 0.742 0.437 0.665 0.472 0.816 0.388
Graduation within 8 years 0.599 0.490 0.672 0.469 0.525 0.499 0.592 0.491 0.617 0.486
N Observations 130,128 130,128 68,584 68,584 61,544 61,544 116,197 116,197 13,931 13,931

Notes: The table shows summary statistics for the main variables of this paper. The Simce test
score variables, high school GPA, and average college admissions test score are standardized in
the entire sample. The general and math self-ef�cacy measures (SFE and MSFE, respectively)
are also standardized in the entire sample. Columns (1)-(2) present the summary statistics for
the entire sample. Columns (3)-(4) and (5)-(6) present the statistics for females and males, re-
spectively. Columns (7)-(8) and (9)-(10) present the statistics for low and high-SES students,
respectively.
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Table 2.3: Decision model Estimates: Conditional Marginal Effects

Take Adm. Test Submit and Application Enroll Graduate
Female 0:046��� 0:011��� � 0:116��� 0:115���

(0:002) (0:003) (0:004) (0:006)
Public School � 0:014 � 0:100��� � 0:175��� � 0:065���

(0:009) (0:012) (0:008) (0:010)
Voucher School � 0:008 � 0:147��� � 0:176��� � 0:060���

(0:009) (0:011) (0:006) (0:008)
School SES: Mid 0:179��� 0:294��� 0:198��� 0:020�

(0:002) (0:003) (0:006) (0:009)
School SES: High 0:206��� 0:506��� 0:353��� 0:031��

(0:002) (0:007) (0:007) (0:010)
Mother Univ. 0:084��� 0:159��� 0:139��� � 0:012

(0:004) (0:008) (0:007) (0:008)
Mother some H.E. 0:072��� 0:074��� 0:055��� � 0:007

(0:003) (0:005) (0:005) (0:007)
Cognitive factor 0:088��� 0:177��� 0:161��� 0:037���

(0:001) (0:002) (0:003) (0:004)
SFE factor 0:029��� 0:043��� 0:187��� 0:185���

(0:002) (0:004) (0:006) (0:007)
MSFE factor 0:015��� 0:042��� 0:036��� � 0:016���

(0:002) (0:002) (0:004) (0:005)
Mean Dep. Var. 0.813 0.658 0.699 0.599

Notes: The table shows the average conditional marginal effect of each variable on the probability
of taking the college admissions test (column 1), submitting an application (column 2), enrolling
in college (column 3), and graduating within eight years (column 4).��� p < 0:01; �� p < 0:05;
� p < 0:1
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Table 2.4: Decision model Estimates: Unconditional Marginal Effects

Take Adm. Test Submit and Application Enroll Graduate
Female 0:046��� � 0:001 � 0:036��� 0:012��

(0:001) (0:002) (0:003) (0:004)
Public School � 0:014��� � 0:088��� � 0:093��� � 0:050���

(0:002) (0:004) (0:006) (0:007)
Voucher School � 0:008��� � 0:106��� � 0:110��� � 0:059���

(0:002) (0:002) (0:004) (0:005)
School SES: Mid 0:179��� 0:274��� 0:191��� 0:085���

(0:001) (0:002) (0:003) (0:004)
School SES: High 0:206��� 0:516��� 0:378��� 0:165���

(0:002) (0:004) (0:006) (0:007)
Mother Univ. 0:084��� 0:148��� 0:118��� 0:044���

(0:002) (0:002) (0:004) (0:005)
Mother some H.E. 0:072��� 0:073��� 0:051��� 0:020���

(0:001) (0:002) (0:003) (0:004)
Cognitive factor 0:088��� 0:298��� 0:229��� 0:107���

(0:002) (0:004) (0:006) (0:007)
SFE factor 0:029��� 0:027��� 0:085��� 0:077���

(0:002) (0:002) (0:004) (0:005)
MSFE factor 0:015��� 0:065��� 0:050��� 0:017���

(0:001) (0:002) (0:003) (0:004)
Mean Dep. Var. 0.813 0.393 0.261 0.156

Notes: The table shows the average unconditional marginal effect of each variable on the prob-
ability of taking the college admissions test (column 1), submitting an application (column 2),
enrolling in college (column 3), and graduating within eight years (column 4).��� p < 0:01;
�� p < 0:05; � p < 0:1
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2.9 Figures

Figure 2.1: Decision model description

Take adm. test

Avg. Test< 450

Avg. Test> 450

Don't apply

Don't Apply

Apply

Don't take adm. test

HS grad. 2012

N=24,285

N=105,843

N=73,804

N=32,039

N=25,212

N=2,542

N=29,497

N=130,128

Apply
N=48,592

% STEM
1-Safe

% Out-of-reach
Enroll

Don't enroll

Grad.

Don't Grad.
N=33,946

N=14,646

N=20,321

N=13,625

Notes: The �gure illustrates the decision model used in this paper, along with the sample sizes in
each of the decision nodes.
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Figure 2.2: Goodness of �t

Notes: The �gure shows the model's goodness of �t, simulating 100 samples from the estimated
distributions and parameters.

67



Figure 2.3: Variance Decomposition

Notes: The �gure shows the variance decomposition of the observed skill measures used in the
model. Theobservablescorrespond to the contribution of the vector of observed characteristics,
factorshows the contribution of the latent abilities, anderror corresponds to the residual variance.
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Figure 2.4: SFE and MSFE correlation

Notes: The �gure shows the binned scatter plot of the general (x-axis) and math-speci�c self-
ef�cacy (y-axis) factors. The factors are simulated, generating 100 samples using the estimated
distributions.
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Figure 2.5: Decision model by deciles of cognitive and general self-ef�cacy factors

(a) Outcome 1: Take College admissions test (b) Outcome 2: Apply to college

(c) Outcome 3: Enroll in college
(d) Outcome 4: Graduate from college within 8
years

Notes: The �gure shows the percentage of students taking the college admissions test (sub�g-
ure a), applying to college (sub�gure b), enrolling in college (sub�gure c), and graduating from
college within eight years (sub�gure d) by deciles of cognitive and self-ef�cacy factors. In all
�gures, the factor deciles are computed by simulating 100 samples using the estimated distribu-
tion parameters.
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Figure 2.6: Type of application by deciles of cognitive, general self-ef�cacy, and math self-
ef�cacy factors

(a) Submit at least one safety option (b) Proportion devoted to out-of-reach programs

(c) Proportion devoted to STEM programs (d) Proportion devoted to STEM programs

Notes: The �gure shows the percentage of students that apply to at least one safety option (sub-
�gure a), the average proportion of the applications devoted to out-of-reach programs (sub�gure
b), and the average proportion of the applications devoted to a STEM program (sub�gure c), by
deciles of cognitive and self-ef�cacy factors. Sub�gure (d) shows the average proportion of the
application devoted to a STEM program by deciles of cognitive and math-speci�c self-ef�cacy
factors. In all �gures, the factor deciles are computed by simulating 100 samples using the esti-
mated distribution parameters.
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Figure 2.7: Empirical CDF of latent abilities by gender

(a) Self-ef�cacy factor (b) Math self-ef�cacy factor

(c) Cognitive factor

Notes: The �gure shows the distribution of the latent factors by students' gender. Figures (a), (b),
and (c) show the distribution of self-ef�cacy, math self-ef�cacy, and cognitive factors, respec-
tively. The blue line represents females, and the orange line represents males.
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Figure 2.8: Decision model results by gender

(a) Take college admissions test (b) Submit an application

(c) Enrollment (d) Graduation

Notes: The �gure shows the results of the decision model estimated by gender. All the outcomes
are presented by deciles of SFE for students at the top (star marker) and bottom (diamond marker)
decile of the cognitive ability. The color blue is used for females and red for males. The deciles
of SFE and cognitive ability are de�ned by the joint distribution of abilities and includes both
males and females.
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Figure 2.9: Empirical CDF of latent abilities by SES

(a) Self-ef�cacy factor (b) Math self-ef�cacy factor

(c) Cognitive factor

Notes: The �gure shows the distribution of the latent factors by students' SES, using mothers'
education to proxy for it. Figures (a), (b), and (c) show the distribution of self-ef�cacy, math
self-ef�cacy, and cognitive factors, respectively. The blue line represents low-SES (students with
a mother without a university degree), and the orange line represents high-SES (students with a
mother with at least a university degree).
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Figure 2.10: Decision model results by SES

(a) Take college admissions test (b) Submit an application

(c) Enrollment (d) Graduation

Notes: The �gure shows the results of the decision model estimated by socioeconomic status.
All the outcomes are presented by deciles of SFE for students at the top (star marker) and bottom
(diamond marker) decile of the cognitive ability. The color blue is used for low-SES students and
red for high-SES students. The deciles of general self-ef�cacy and cognitive factors are de�ned
by the joint distribution of ability and include both low and high-SES students.
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Figure 2.11: Counterfactual analysis: matching SFE and MSFE by SES

Notes: The �gure shows the average gap between high and low-SES students in the proportion
that take the college admissions test, apply, enroll, and graduate from college, and the percentage
of it that would be closed by matching the distribution of general and math-speci�c self-ef�cacy.
For each decision, the blue bar shows the total gap between the two groups, and the orange part
shows the percentage of it that is closed through this counterfactual exercise. The gap in each of
the college-related decisions depicted in the �gure is computed among students who arrive at that
decision node before increasing the self-ef�cacy factor.
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Figure 2.12: Increasing general self-ef�cacy for low-SES students

(a) Take college admissions test (b) Submit an application

(c) Enrollment (d) Graduation

Notes: The �gure shows the average outcome (take the college admissions test, apply, enroll, and
graduate in sub�gures (a), (b), (c), and (d), respectively) among low-SES students when increas-
ing their general self-ef�cacy factor by different amounts. Each sub�gure presents the average
decision outcome for low-SES students at the top 10% (high-cog.), median, and bottom 10%
(low-cog.) of the cognitive ability distribution. The outcome rate in each of the college-related
decisions depicted in the �gure is computed among students who arrive at that decision node
before increasing the self-ef�cacy factor. The dashed horizontal lines present the corresponding
average outcome for high-SES students.
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Chapter 3: A Boom in my Town: Local Economic Conditions and Human Cap-

ital Accumulation

3.1 Introduction

In recent years, extensive economic literature has sought to understand the effect of terms

of trade shocks on human capital accumulation. These types of shocks have been found to have

a meaningful impact on student's educational decisions and outcomes in producing countries

(Atkin, 2016; Blanchard and Olney, 2017; Carrillo, 2020; Emery et al., 2012; Gradstein and

Ishak, 2020) and regions (Black et al., 2005; Cascio and Narayan, 2022; Kovalenko, 2023; We-

instein, 2022). These impacts may be highly relevant in scenarios of transition from fossil fuels -

the demand for some commodities will decline while the demand for copper and other minerals

will grow (The Economist, 2023). This may be particularly important in lower-income countries,

as resource extraction may be economically vital nationally, and personal investments in human

capital are believed to be a key input in future growth.

The direction of terms-of-trade shocks on human capital accumulation is theoretically and

empirically ambiguous. To illustrate the point with recent examples, Carrillo (2020) exploits

changes in coffee cultivation and price patterns in Colombia to study its effect on educational

attainment. He �nds that cohorts exposed in childhood to higher returns to coffee-related work
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completed fewer years of schooling and have lower adult earnings. This suggests a substitution

effect in which the opportunity cost of education increases and the demand for education declines.

In contrast, Curtis and Uribe-Castro (2022) �nd that sugar export revenue in sugar counties in

Puerto Rico increased enrollment and attendance rates. Instead, this result implies an income

effect, where students and families demand more education as their income increases. Recent

work has highlighted the potential for more complex mechanisms, such as the skill-differentiation

of shocks, to be critical predictors of educational responses (Atkin, 2016).

This paper studies the impact of commodity price shocks on local labor markets on short-

term attendance and student performance in the context of Chile's copper-producing zones. While

there is some existing literature in the Chilean context (Álvarez and Vergara, 2022; Trujillo and

Puello, 2022), our study is the �rst to take advantage of rich educational data in which we observe

quarterly attendance and a repeated cross-section of test score performance for nearly the universe

of Chilean students. To estimate causal effects, we exploit the fact that copper production is

geographically concentrated within Chile and that global price �uctuations are based mainly on

demand, exogenous to high school students (Álvarez et al., 2021; Gallego and Lafortune, 2023).

Using the proportion of workers in metal mining jobs in each municipality as a measure

of exposure, we estimate the differential impact of a change in copper prices by comparing ed-

ucational choices in higher-exposed and lower-exposed municipalities. The richness of our data

allows us to observe short-term school attendance, while prior results examined academic attain-

ment using census data with longer gaps in time. Our primary speci�cations use individual-level

data and employ a rich set of �xed effects controlling for students' and macro unobservable fac-

tors.

We �nd that increases in the copper price in higher-exposure areas negatively affect the high
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school student's attendance in the same period. However, we also �nd that students compensate

for this lower attendance by increasing their attendance in the next quarter. Nonetheless, it is

important to keep in mind that school days are not perfect substitutes; therefore, this pattern can

still negatively affect students' learning. Analyzing heterogeneous effects, we �nd that there is a

larger negative effect on students in public schools and students in vocational education tracks,

and for both types of students, this negative effect is only partially compensated with future

attendance. Finally, analyzing test score performance, we �nd evidence of a positive effect of

local economic conditions on students' math performance in the same period and a negative

impact on the student's math performance in the following year. Moreover, the negative effect

on the next period completely offsets the positive impact observed in the current period. One

possible hypothesis behind these results is the composition effect, in which lower-performing

students decrease their attendance in the current period and, consequently, are less likely to take

the test. Another possibility is that schools invest more resources when they face a positive shock.

In that line, it would be interesting to study possible effects on school characteristics such as class

size and teacher aids.

This article is related to a broad literature that aims to understand the local effects of

macroeconomic shocks. The shocks to local economies have been shown to have a signi�cant

impact on growth, income, and poverty levels (Allcott and Keniston, 2018; Aragón and Rud,

2013; Benguria et al., 2023; Costa et al., 2016; Dix-Carneiro and Kovak, 2015; Michaels, 2011;

Topalova, 2007). In particular, for Chile,Álvarez et al. (2021); Pellandra (2014) show that com-

modity booms signi�cantly affect local poverty levels, wages, and employment. Furthermore,

Álvarez et al. (2021) shows that a commodity boom in Chile signi�cantly increased wages for

unskilled workers in exposed areas. This evidence supports our results, showing a predominance
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of the substitution effect on school attendance. Our �ndings also imply that even though there

is a positive effect in terms of alleviation of poverty and wages associated with improving local

economic conditions, decreased school attendance could lead to an increase in poverty levels in

the medium run.

In the education sphere,́Alvarez and Vergara (2022); Atkin (2016); Black et al. (2005);

Carrillo (2020); Edmonds et al. (2010); Emery et al. (2012); Mosquera (2022) show that improv-

ing local economic conditions leads to lower educational attainment for more exposed students.

This paper complements this literature mainly in three ways. First, we focus on short-run school

attendance and add to the analysis the effect on learning measured through standardized test

scores. Second, we do not focus on the impact of one-time shocks but on continuous changes

in local economic conditions where local activity is heavily based on commodity extraction and

prices are subject to substantial international variation. Third, by exploiting rich administrative

data on the universe of students in Chile, we are able to control for a rich set of �xed effects, and

we also analyze heterogeneous effects by gender, type of school, and type of education.

The rest of the paper is structured as follows. Section 3.2 describes the institutional back-

ground in Chile, section 3.3 describes the data, section 3.4 states the empirical strategy, section

3.5 presents the results, and section 3.6 concludes.

3.2 Institutional Background

The educational system in Chile consists of eight years of primary education followed by

four years of secondary education. The last two years of secondary education can differ depend-

ing on the type of education: regular or vocational. Vocational schools offer intermediate-level
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technical degrees in different areas, while schools with regular education focus on preparing stu-

dents for tertiary education. The primary purpose of vocational education is to provide students

with knowledge and skills in a speci�c area that allow them to access the labor market after grad-

uation. According to the Chilean Ministry of Education, in 2020, 37% of the country's 9th and

10th-grade students are pursuing vocational education. Of this total, 52% and 47% are male and

female students, respectively. At the same time, vocational schools offer 17 different specializa-

tions throughout the country.

Concerning the schools' �nancing, there are three types: public schools, funded and admin-

istered by the government; voucher (or private-subsidized) schools, which receive partial funding

from the government through a voucher system and are administered by the private sector; and

private fee-paying schools, funded and administered by the private sector. Regarding the distri-

bution of students, approximately 40% are in public schools, 50% are in voucher schools, and

only 10% are in private fee-paying schools. In this study, we only focus on high school students

attending public and voucher schools.

Throughout primary and secondary education in Chile, students are subjected to a series

of nationally standardized assessments known as the Simce examinations (“Sistema de Medición

de la Calidad de la Educación”). These assessments, which are a crucial part of the Chilean

educational system, are designed to evaluate the quality of education and the performance of

schools. They cover a wide range of subjects that are relevant to each grade level, including

mathematics and Spanish. In this paper, we will be using the test scores of students in the tenth

grade Simce test as a measure of their performance.
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3.3 Data

The data used in this paper can be divided into three categories: educational records, copper

exposure measures, and copper prices. This section describes the different data sources and how

we link them. We also analyze some patterns and summary statistics of the �nal sample.

3.3.1 Educational data

The attendance data of students in high school comes from of�cial student-level records

published by the Ministry of Education from 2012 to 2018. We drop from the sample students

attending private schools since only public and private-subsidized (voucher) schools must report

attendance to the educational authority.1 This data set is published monthly, and we collapse it

quarterly. From this data, we also obtain information on the student's municipality of residence,

crucial to allocating the dosage of the price shock, and information about each student's gender,

school grade, type of school (public or private-subsidized), and kind of education (vocational or

regular).2

The test score records come from the tenth-grade Simce tests. This dataset comes from the

Ministry of Education of Chile but is not publicly available as the attendance one. It contains

students' performance in math and Spanish for all tenth-graders in the country. We generated a

repeated cross-section of students for the years 2008, 2010, 2012, and 2014-2018, as the test is

not applied yearly. We standardized the test scores in the entire sample.

1We use all available attendance data, which only records information from 2012 and onward.
2School years in Chile go from March to December. In the data, the �rst quarter encompasses the months from

March to May, the second from June to August, and the third from September to December.
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3.3.2 Copper Exposure

We used the 2006 Chilean National Socioeconomic Characterization Survey (CASEN) to

calculate the exposure to price shocks. The CASEN is a household survey conducted every two

or three years in Chile, and it is representative at the municipality level. We de�ne students'

exposure to changes in copper prices as the share of workers employed in metal mining jobs in

the municipality of residence of the student. Following the previous literature, we computed this

share for 2006, before price changes, and kept it time-invariant to abstract from changes in the

local employment rate in response to the shock.34

Figure 3.1 shows a map of Chile showing the intensity of exposure to copper prices for each

municipality. As expected, we can observe that the most exposed municipalities are geograph-

ically located in the north of the country, where most of the copper mines are located. Figure

3.2 presents a map of Chile showing the location of copper mines (indicated with triangles) and

schools (indicated with circles), where we can see this fact. We can also observe a good amount

of variation in the exposure measure between municipalities and the location of schools across

the country.

3.3.3 Copper prices

We used of�cial data from the Comisión Chilena del Cobre (Chilean Copper Commission,

COCHILCO, for its name in Spanish) on the international monthly average price of copper in

cents per pound for the years 2008 to 2018. We collapse this data by quarter and year for the

attendance and performance estimations, respectively.

3We use ISIC codes to identify the economic activity (ISIC Rev.3, codes 1310 and 1320).
4Although copper is not the only metal produced in Chile, it accounts for 86% of the total metal production.
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Figure 3.3 shows the evolution of copper prices from 2003 to 2018. Each dot represents

the average monthly price, and the horizontal red lines show the average for the calendar year.

We observe a clear upward trend in prices between 2003 and 2007 (before the period of inter-

est). From 2008 to 2018, copper prices remained relatively high, but we still observed a good

amount of yearly price variation. In fact, between 2003 and 2008, the real prices of energy and

metals more than doubled. Like previous commodity booms, this one ended as global economic

growth decelerated, alleviating demand pressures on commodity prices. However, commodity

prices showed a surprisingly rapid recovery, resulting in another phase of high prices from 2010

to 2012, effectively extending the trajectory of the 2004-mid 2008 boom. The robustness and

duration of this upward swing in commodity prices can be attributed to the remarkable resilience

in the growth performance of the main developing countries, particularly China, as they contin-

ued to drive the demand for commodities (Erten and Ocampo, 2013). This demand-driven price

variation is exogenous to the students, allowing us to estimate the causal effect of its impact on

educational decisions.

3.3.4 Descriptive Statistics

The �nal panel data of attendance records is compounded by 14,030,308 observations.

Table 3.1 shows the summary statistics of the students in this sample. Panel A restricts the sample

to students living in municipalities with a share of metal mining workers below the median (less

exposed), while panel B does it for municipalities with shares above the median (more exposed).

We can observe that the quarterly attendance is the same for students in areas more and less

exposed to copper price changes. We can also see that students in more exposed areas attend
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public schools at a slightly lower rate.

Similarly, Table 3.2 reports the summary statistics of students taking the tenth-grade Simce

test. The data contains information on 1,433,305 students' performance in Spanish and 1,449,117

in math. We observe that students who live in more exposed areas perform better on the math

and Spanish tests. We also see that students living in more exposed areas attend public schools

in a slightly lower proportion.

3.4 Empirical Strategy

To estimate our model, we follow the literature and take advantage of the fact that copper

price changes are externally originated, especially from students' point of view, and that areas

in Chile are differentially exposed to copper price changes due to the geographical concentration

of copper mines. These two facts allow us to estimate a difference-in-differences type of model,

in which we compare students' educational outcomes in municipalities more or less exposed to

price changes.

In particular, we estimate the following equation:

Yismt = � 0 + � 1X ismt + � 2Log(Pt ) � � m + � 3Log(Pt � 1) � � m + 
 s + � t + � ismt (3.1)

wherei; s; m; t denotes the student, the school, the municipality, and the time period (year or

quarter).Yismt is one of our two outcomes of interest: (i) the total attendance of each student in

each quarter and (ii) Simce test scores in 10th grade.X ismt is a vector of controls that includes a

gender indicator for the performance outcome and dummies by grade for the attendance outcome.

For the attendance estimation, we also control for the total number of school days in each quarter.

Pt is the average price of copper in year or quartert, Pt � 1 is the average price of copper in the
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previous period, and� m is our measure of the exposure of the municipalitym. As described

before, our exposure measure is de�ned as the ratio of employment in the metal mining sector to

total municipal employment. We �xed this proportion to the year 2006 (before any price change

in our sample) to abstract from labor adjustments endogenously generated by price changes. We

exploit our administrative data by including a rich set of �xed effects denoted by
 s. In particular,

we include students' �xed effect for the attendance estimation, which allows us to control for

student-speci�c time-invariant characteristics. For the test score estimation, we include school-

�xed effects that allow us to control for all unobservable characteristics at the school level that

may induce students to make different educational choices.5 Finally, � t denotes period �xed

effects (year or quarter-year) to control for macro conditions in the country.

Our model compares students' outcomes over time in differentially exposed municipalities,

considering that students (and municipalities) are different and may have different levels of these

educational outcomes. To alleviate concerns about students moving to areas with better local

economic conditions, we restricted the sample to students who live in the same municipality for

the entire analysis period.

The coef�cients of interest are� 2 and� 3. � 2 represents the differential effect of contem-

poraneous copper prices on students' outcomes. In particular, it measures the impact of a unit

increase in the (price� exposure) variable on the outcomes of interest. Similarly,� 3 represents the

differential effect of copper prices on the previous period on students' outcomes. It is important

to remember that in the attendance speci�cation, the periodt � 1 corresponds to the previous

quarter, while for the test score, it corresponds to the previous year. Throughout this study, we

5Because the Simce test data is a repeated cross-section, we are unable to include student-�xed effects in the
estimation.

87



refer to the term (price� exposure) as theshockto local economic conditions.

We estimate Equation 3.1 for the entire sample and by different subpopulations, identifying

the students most affected by the change in local economic conditions. In particular, we divide

the sample by gender, the type of school (voucher or public), and the type of education (regular

or vocational).

To identify a causal effect of the change in local economic conditions on educational out-

comes, we need the changes in the copper price to be exogenous to the students of the areas where

copper is produced. From students ' perspective, it is relatively easy to think that copper prices

are exogenous. Moreover, the literature has established that copper price changes are caused

mainly by demand pressures.

Finally, we follow the literature and use a municipality as the relevant local labor market.

Although we believe that this de�nition accurately describes a local labor market, it could be too

narrow for places like Santiago, the capital city. As a robustness check, we also estimate our

results, dropping the Metropolitan Region from the analysis, which includes Santiago and other

neighboring municipalities.

3.5 Results

3.5.1 Attendance

Table 3.3 presents the results of the change in local economic conditions (as speci�ed in

Equation 1) in the quarterly attendance of high school students. Column (1) shows the result for

the overall population of students in high school, and columns (2) and (3) report the results for

students from public and private-subsidized (voucher) schools, respectively. Columns (4) and
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(5) report the results for students in regular and vocational secondary education, respectively.

Finally, columns (6) and (7) show the estimates by gender of the students

In all speci�cations, we observe a negative effect of a contemporary copper price increase

in the total number of days attended. We also observe that a price increase in the previous pe-

riod leads to an increase in overall attendance in the present. This implies that improving local

economic conditions decreases school attendance in the same period, but students compensate

for this behavior by increasing their attendance in the following period. This is consistent with

the fact that students in Chile must have at least an 85% of attendance not to get held back. In

terms of the magnitude, the estimate in column 1 indicates that one standard deviation increase

in the contemporary shock to local economic conditions (share(workers) � log(Pt )) decreases

the quarterly attendance by about six school days, which is roughly a 12% of the average atten-

dance. Nonetheless, the estimate on (share(workers) � log(Pt � 1)) indicates that this decrease

is almost entirely offset in the following period by increasing the number of days attended by �ve

school days. Even though students compensate for current attendance with future attendance, it

is important to keep in mind that school days are not perfect substitutes. Therefore, this pattern

can still have a negative effect on students' learning.

Analyzing the differential effects in the subpopulations, we can observe a larger negative

effect on students in public schools and students in vocational education tracks. In both cases,

this negative effect is only partially compensated. For students in public schools, one standard de-

viation increase in the contemporary shock to local economic conditions decreases school atten-

dance by nine days (20% of the average attendance of students in public schools), and they only

compensate for six days by increasing their next period attendance. For students in vocational

education, one standard deviation increase in the contemporaneous shock leads to a decrease of
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�ve days attended (10% of the average attendance of vocational education students), and students

only compensate for one day with future attendance. Finally, analyzing the estimates by gender,

we observe that male students are slightly more negatively affected by a contemporaneous price

shock, and they also compensate less with future attendance.

Table C.1 reports the results once the Metropolitan region, where Santiago is located, is

removed from the analysis. In general, we observe that the results are qualitatively the same, with

a negative effect of the contemporary shock and a positive effect of the lagged one. However, we

also see that in all sub-populations, the negative effect on contemporary attendance is never fully

compensated with more future attendance. Even more, for students in vocational education, the

lagged shock estimate is also negative.

As shown in Figure 3.2, most copper mines are geographically located in the north of

Chile. Table C.2 shows the results of estimating equation 3.1 only for students living in the

northern part of the country. In general, we observe that the point estimates are larger than

the ones found using the entire sample, particularly for students in public schools. For these

students, one standard deviation increase in the contemporary shock to local economic conditions

(share(workers) � log(Pt )) decreases the quarterly attendance by about nineteen school days,

which corresponds to a 42% of the average attendance of students in public schools, and they

compensate for thirteen days in the next quarter.

3.5.2 Performance

Tables 3.4 and 3.5 present the set of results associated with Spanish and mathematics for

tenth-grade students, respectively. In both tables, column (1) shows the estimate of the overall
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population, while columns (2) and (3) focus on students in public and voucher schools, respec-

tively. Columns (4) and (5) divide the sample by type of education in high school, and columns

(6) and (7) divide the sample by gender.

We observe in Table 3.4 that there is no effect of a current or lagged shock to local economic

conditions on Spanish performance. In the case of math, we see in column 1 of Table 3.5 that

there is a positive effect of a contemporaneous copper price increase and a negative effect of an

increase in copper prices in the previous year. By analyzing heterogeneous effects, we �nd that

the effect is only present for male students. The results are qualitatively the same for the other

sub-populations analyzed, but the point estimates are imprecisely estimated. This result indicates

that in years where copper prices are high, students in more exposed areas perform better in math;

however, it also leads to a worse performance for students next year. This is consistent with a

composition effect, in which lower-performing students decrease their attendance in response

to higher copper prices in the current period and, consequently, are less likely to take the test.

Another possibility is that when copper prices are high, schools in more exposed areas might

have extra resources in a given year to support students. The speci�c mechanism behind this

result is left for future research.

Table C.3 shows the estimates for math performance when dropping the Metropolitan Re-

gion from the sample. We can observe that the results remain roughly unchanged. Finally, Table

C.4 reports the results for the sub-sample of students living in the northern part of the country.

We see that the point estimates are qualitatively the same but larger in magnitude.

To summarize, the results of this section suggest that improving local economic conditions

leads to lower school attendance in the same period, which is partially compensated by higher

attendance in the next period. This result is consistent with the substitution effect dominating the
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income effect: better economic conditions increase the cost of education, which makes students

decrease their school attendance. This result is consistent with the evidence inÁlvarez et al.

(2021), who �nd that improving metal prices in Chile leads to higher wages in more exposed

areas, especially for lower-skilled workers. Theoretically, if the effect on wages were found for

higher-skilled workers, students would have less space to take advantage of the better local labor

markets. Finally, analyzing test score performance, we �nd evidence of a positive effect of local

economic conditions on students' math performance in the same period. However we also �nd

that this positive effect is completely offset in the following year.

3.6 Conclusion

This paper studies the impact of changing local economic conditions on short-term educa-

tional outcomes. Extensive literature has addressed the link between commodity price shocks and

academic outcomes. However, this literature has focused on longer-term results such as educa-

tional attainment, and there is no clear consensus on the direction of the results or the short-term

trajectories they take. From economic theory, we can predict that in the presence of a shock to

the local labor market, the ultimate direction of the effect on educational outcomes will depend

on whether the income or substitution effect dominates.

This paper studies the impact of copper commodity price shocks in more exposed areas on

short-term attendance and test score performance of high school students in Chile. Chile provides

an attractive setting for studying this issue since copper production is highly geographically con-

centrated and is given by nature. Although it is an important copper exporter, this metal's price

has been driven mainly by international demand, and it is exogenous from the students' perspec-
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tive. These two features constitute a good set-up to estimate how local economic conditions affect

students' short-term outcomes using a difference-in-differences empirical design.

We �nd that an increase in copper prices in areas with higher copper exposure is associated

with lower attendance. In particular, one standard deviation increase in the contemporary shock to

local economic conditions decreases the quarterly attendance by 12%. Nonetheless, the evidence

also shows that students increase their attendance in the next quarter, offsetting this negative

effect. Analyzing heterogeneous effects, we �nd that public school and vocational education

students are more negatively affected, decreasing their quarterly attendance by 20% and 10% in

response to a contemporaneous shock, respectively. Moreover, we �nd that these students do not

fully compensate for this lower attendance in the next quarter. Finally, we �nd evidence of a

positive effect of local economic conditions on students' math performance in the same period.

However, we also �nd that this positive effect is completely offset in the following year.

The results of this paper complement the previous evidence on the effect of local economic

conditions on total school attainment. We show that changes in local economic conditions affect

short-term education decisions and school performance. Moreover, our �ndings suggest that

massive shocks are not necessary to affect critical students' decisions. In fact, in areas highly

dependent on copper, short-term price �uctuations in standard periods are enough to decrease

students' school attendance.

93



3.7 Tables

Table 3.1: Summary Statistics for Attendance

Mean Std. Dev. Min Max Observations

Panel A: Students with mining-share below the median
Attendance rate 0.86 0.19 0 1 5,532,722
Attending Public School 0.48 0.50 0 1 5,532,722
Regular Education 0.63 0.48 0 1 5,532,722
Vocational Education 0.37 0.48 0 1 5,532,722
Female 0.50 0.50 0 1 5,532,722

Panel B: Students with mining-share above the median
Attendance rate 0.86 0.19 0 1 8,497,586
Attending Public School 0.43 0.49 0 1 8,497,586
Regular Education 0.65 0.48 0 1 8,497,586
Vocational Education 0.35 0.48 0 1 8,497,586
Female 0.50 0.50 0 1 8,497,586

Notes: The table shows the summary statistics of the sample of students used for attendance
estimations. Panel A reports the statistics for students who attend a school in an area with a metal
mining share of workers below the median. In contrast, Panel B reports the number of students
who attend a school located in an area with a mining share of workers above the median.

94



Table 3.2: Summary Statistics for Simce results: 10th graders

Mean Std. Dev. Min Max Observations

Panel A: Students with mining-share below the median
Math SIMCE -0.04 0.99 -3 4 567,590
Spanish SIMCE -0.02 0.99 -3 3 561,969
Attending Public School 0.47 0.50 0 1 584,943
Attending Vocuher School 0.53 0.50 0 1 584,943
Regular Education 0.71 0.45 0 1 584,943
Vocational Education 0.29 0.45 0 1 584,943
Female 0.50 0.50 0 1 584,943

Panel B: Students with mining-share above the median
Math SIMCE 0.02 1.00 -3 4 881,527
Spanish SIMCE 0.01 1.00 -3 3 871,336
Attending Public School 0.41 0.49 0 1 908,169
Attending Vocuher School 0.59 0.49 0 1 908,169
Regular Education 0.74 0.44 0 1 908,169
Vocational Education 0.26 0.44 0 1 908,169
Female 0.50 0.50 0 1 908,169

Notes: The table shows the summary statistics of the sample of students used for the performance
estimations of 10th graders. Panel A reports the statistics for students who attend a school in an
area with a metal mining share of workers below the median. In contrast, Panel B reports the
numbers for students who attend a school located in an area with a metal mining share of workers
above the median.
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Table 3.3: Attendance

(1) (2) (3) (4) (5) (6) (7)
All Pub. Vou. Reg. Voc. Male Female

share(workers)� log(Pt ) -0.163��� -0.258��� -0.190��� -0.199��� -0.129��� -0.176��� -0.151���

(0.009) (0.013) (0.012) (0.011) (0.014) (0.012) (0.012)
share(workers)� log(Pt � 1) 0.145��� 0.178��� 0.163��� 0.202��� 0.032�� 0.138��� 0.153���

(0.008) (0.012) (0.011) (0.011) (0.013) (0.012) (0.012)
Observations 14030308 6299414 7730894 9043352 4986956 6968545 7061763
AdjustedR2 0.436 0.458 0.429 0.465 0.407 0.435 0.438

Notes: The table shows the main estimation results for the attendance outcome. The independent
variables of interests,share(workers) � log(Pt ) andshare(workers) � log(Pt � 1), correspond
to the interaction between the share of workers in the metal mining industry in the school's
municipality in 2006, multiplied by the natural logarithm of the copper price in each quarter and
the previous quarter, respectively. Column (1) presents the results for the entire sample of high
school students; column (2) restricts the sample to students in public schools, while column (3)
restricts the sample to students in public-subsidized schools (voucher). Columns (4) and (5) show
the results for students in regular and vocational education, respectively. Finally, columns (6) and
(7) split the sample by gender.
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Table 3.4: Spanish Knowledge Test - 10th grade

(1) (2) (3) (4) (5) (6) (7)
All Pub. Vou. Reg. Voc. Male Female

share(workers)� log(Pt ) -0.000 -0.000 0.001 -0.004 0.008� 0.001 -0.001
(0.002) (0.003) (0.003) (0.003) (0.005) (0.003) (0.003)

share(workers)� log(Pt � 1) -0.000 0.000 -0.001 0.004 -0.008� -0.001 0.001
(0.002) (0.003) (0.003) (0.003) (0.005) (0.003) (0.003)

Observations 1433305 616078 816659 1039238 392185 714357 718844
AdjustedR2 0.252 0.239 0.228 0.255 0.163 0.244 0.244

Notes: The table shows the main estimation results for the Spanish Simce test in 10th grade. The
independent variables of interest,share(workers)� log(price) andshare(workers)� log(Pt � 1)
correspond to the interaction between the share of workers in the metal mining industry in the
school's municipality in 2006, multiplied by the natural logarithm of the copper price in each
year and the previous year, respectively. Column (1) presents the results for the entire sample;
column (2) restricts the sample to students in public schools, while column (3) restricts the sample
to students in public-subsidized schools (voucher). Columns (4) and (5) show the results for
students in high school in regular and vocational education, respectively. Finally, columns (6)
and (7) report the results by gender.

Table 3.5: Math Knowledge Test - 10th grade

(1) (2) (3) (4) (5) (6) (7)
All Pub. Vou. Reg. Voc. Male Female

share(workers)� log(Pt ) 0.006�� 0.004 0.006 0.004 0.009� 0.008��� 0.004
(0.002) (0.003) (0.003) (0.002) (0.005) (0.003) (0.003)

share(workers)� log(Pt � 1) -0.006�� -0.005 -0.006� -0.004� -0.009� -0.008��� -0.004
(0.002) (0.003) (0.003) (0.002) (0.005) (0.003) (0.003)

Observations 1449117 624942 823608 1050910 396299 721555 727460
AdjustedR2 0.378 0.342 0.348 0.386 0.253 0.377 0.379

Notes: The table shows the main estimation results for the Math Simce test in 10th grade. The
independent variables of interest,share(workers)� log(price) andshare(workers)� log(Pt � 1)
correspond to the interaction between the share of workers in the metal mining industry in the
school's municipality in 2006, multiplied by the natural logarithm of the copper price in each
year and the previous year, respectively. Column (1) presents the results for the entire sample;
column (2) restricts the sample to students in public schools, while column (3) restricts the sample
to students in public-subsidized schools (voucher). Columns (4) and (5) show the results for
students in high school in regular and vocational education, respectively. Finally, columns (6)
and (7) report the results by gender.
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3.8 Figures
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Figure 3.1: Metal mining employment share at the municipality level.

Notes: This map of Chile displays the country's municipalities. Darker areas indicate a higher
exposure to copper mining, as measured by the percentage of workers in the metal mining indus-
try in 2006. The legend included on the map shows the range in which the municipality share is
located.
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Figure 3.2: Location of schools (circles) and copper mines (triangles).

Notes: The map of Chile displays the municipalities of the country, with the geolocation of
copper mines (red triangles) and schools (dark circles).
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Figure 3.3: International copper price trend in time, measures in logarithms of USD cents/lb.

Notes: The �gure shows in hollow circles the logarithm of copper prices at the end of each month
in USD cents/lb, while the solid line shows the pattern that emerges by averaging out the prices
at the year level, in the same unit.
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Chapter 4: Teacher Quality and Learning Inequality

4.1 Introduction

Education plays a vital role as a determinant of personal and societal development (Heck-

man, 2000), with teachers identi�ed as a critical input in this process (Aaronson et al., 2007;

Chetty et al., 2014a,b; Gilraine and Pope, 2021; Jackson, 2018; Petek and Pope, 2023; Rivkin

et al., 2005; Rockoff, 2004). Moreover, research consistently demonstrates that the learning

environment and resources provided by schools profoundly impact student outcomes (Jackson

et al., 2016). However, understanding the complex dynamics between schools, teachers, and

student achievement remains an essential question with implications for policy innitiatives and

educational reforms.

This paper examines the factors that determine student achievement, focusing on the im-

pact of teachers and schools on students' outcomes. To address this question, we use a unique

dataset from Chile, which gathers administrative information from multiple sources. The exten-

sive dataset includes records of students, teachers, and schools. However, what makes this data

unique is the availability of detailed variables describing teachers' performance in high-stakes

college admission assessments at the age of 17-18, how high they ranked ”education” as their

career of choice when applying to college, their high school GPA, and detailed information on

their professional degree in education. This granular level of information, merged with student-
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level results on Chile's college admission exams, allows us to go beyond what the literature has

explored about the teacher-student dyad.1

We investigate whether there are differences among schools in their ability to enhance stu-

dent academic performance and to what extent these differences can be attributed to teacher qual-

ity. To do this, we employ a multi-step approach. First, we estimate a production function for stu-

dent achievement using a value-added speci�cation. We then explore how each input contributes

to reducing the performance gap between public and voucher school students. Subsequently,

we examine whether teacher quality can account for the disparities in the test score distributions

across different school types. To achieve this, we utilize both classical and RIF Oaxaca-Blinder

decompositions. Finally, following the methodology outlined in Firpo et al. (2018), we imple-

ment an empirical strategy that decomposes the achievement gap into a composition effect (due

to differences in the distribution of observed characteristics) and a structure effect (due to differ-

ences in the productivity of observed characteristics). This approach enables us to analyze mean

performance differences between students in each type of school and to explain the gap across

the entire performance distribution.

Given the pronounced levels of segregation within Chile's educational system and the sub-

stantial disparities in student outcomes, this paper contributes to the literature on multiple fronts.

First, while previous studies have highlighted the in�uence of socioeconomic factors in explain-

ing the performance gap across school types (Bravo et al., 2010; Contreras, 2002; Iturra and

Gallardo, 2022; Mizala and Romaguera, 2000), we examine the role of teachers. We address this

gap by delving into granular information within the performance production function, focusing

1For more structural analysis of the teacher-student relationship and the process of accessing higher education in
Chile, see Montãno et al. (2023).
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on the college admission test performance as our variable of interest. Due to the complex, many-

to-many nature of the student-teacher relationship and our high-stakes outcome, we concentrate

on high school students. Our sample comprises 537,119 test-takers between 2013 and 2021. A

limitation of our study is that we only have access to information on college admission assess-

ments from 2006 onward. Consequently, our analysis is con�ned to investigating the role of

young teachers, as only for them can we observe their performance in the same test their students

are taking.

This research yields several �ndings. First, the value-added model demonstrates signi�cant

transmission of college admission test performance (PSU) from teachers to students. Addition-

ally, other characteristics of teachers, such as more experience or a higher proportion with a

formal education degree, are associated with higher student performance. However, even after

accounting for student background characteristics and a comprehensive set of teacher attributes,

the type of school attended in high school continues to play an essential role in explaining PSU

performance. This suggests that students' and teachers' characteristics alone cannot fully explain

the performance gap observed between students attending public and private-subsidized schools

in Chile.

Then, we delve into estimating the decomposition of the PSU-performance gap across

school types into its contributing components, such as students' family characteristics and previ-

ous standardized test performance, teacher characteristics, and school-speci�c PSU take-up rate.

The Oaxaca-Blinder analysis reveals that we can explain 15 out of the 23-point gap in math and

12 out of the 28-point gap in Spanish solely by accounting for the observed characteristics be-

tween the two groups. These differences emerge when comparing each group's mean college

admissions test performance. When we apply the RIF Oaxaca-Blinder decomposition to the av-
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erage performance, we �nd that teachers' in�uence prominently manifests in the form of a price

effect, suggesting differences in the productivity of teachers by school type, particularly in math.

This �nding indicates that teachers with similar characteristics exhibit greater effectiveness in

voucher schools, thereby contributing to performance disparities.

Exploiting the RIF Oaxaca-Blinder decomposition, we further examine the role of each

contributing component throughout the entire distribution of test scores. For teacher charac-

teristics, we identify the heightened signi�cance of the structure effect in the high-end of the

performance distribution. Speci�cally, we �nd that at the top 80% of the test score distribu-

tion, the teacher structure effect explains up to 30 points of the school-type performance gap in

mathematics, indicating that teacher characteristics substantially in�uence student performance

among high-achieving students. On the other hand, for Spanish, we document that the effect

of teachers explaining the gap is more important on the lower part of the distribution but much

smaller in magnitude. Finally, we �nd evidence suggesting complementarity between students'

past performance and teachers' characteristics, suggesting that teachers' productivity effect is

more prominent when students have better baseline performance.

To the best of our knowledge, this is the �rst paper to explore the transmission of teacher-

student performance in the context of college admission tests in Chile. In a previous study, Con-

treras (2002) investigated the impact of school type on college admissions test scores; however,

teacher characteristics were not included in the analysis. Other studies conducted in Chile have

analyzed the effects of teacher characteristics on lower-stake exams (Barrios Fernández and Riu-

davets, 2021; Canales and Maldonado, 2018; Toledo Román and Valenzuela, 2015). In addition

to examining a higher-stake exam, our paper also considers teachers' performance on the college

admissions test as a relevant factor in explaining the performance gap across students attending
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public and voucher schools.

The remainder of the paper is organized as follows. Section 4.2 describes the institutional

background of the educational system in Chile. Section 4.3 summarizes the previous litera-

ture, and Section 4.4 describes the data. Section 4.5 presents the methodology and results of

an exploratory analysis of the main factors that determine student performance on the college

admission test. Section 4.6 presents the methodology and results of the decomposition of the

achievement gap across school types for different moments of the distribution, and Section 4.7

concludes.

4.2 Institutional Background

The Chilean educational system consists of eight years of primary and four years of sec-

ondary education. There are three types of schools: public schools, funded and administered

by the government; voucher (private-subsidized) schools, which receive partial funding from the

government through a voucher system and are administered by the private sector; and private

fee-paying schools, funded and administered by the private sector. Regarding the distribution of

students, approximately 40% are in public schools, 50% are in voucher schools, and only 10%

are in private fee-paying schools.

Throughout primary and secondary education, students undergo SIMCE examinations (Sis-

tema de Medicíon de la Calidad de la Educación), standardized assessments conducted nationally

to evaluate education quality and school performance. These assessments cover subjects relevant

to each grade level, including mathematics and reading comprehension.

Successful completion of secondary education is a prerequisite for admission to higher
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education institutions in Chile. Most higher education institutions select their students using a

centralized deferred acceptance admission system that only considers the performance of stu-

dents in secondary education and a standardized national university entrance exam (PSU).23 The

PSU is usually taken during the last year of secondary education (12th grade) at the end of the

academic year. The PSU consists of two mandatory sections, Mathematics and Language and

Communication (Spanish), and at least one of the other sections, Scienti�c Reasoning or History,

Geography, and Social Sciences. Some private universities do not participate in the centralized

system and have admission tests or criteria that may differ from the PSU.

It is crucial to note that many students attendpreuniversitarios, institutions preparing them

for the PSU, offering content review, test-taking strategies, and simulations. While our study

primarily focuses on teachers within traditional academic settings, we acknowledge the potential

interplay withpreuniversitarios, despite a lack of available data to assess this issue.

Despite recent reforms addressing inequality, challenges persist in the Chilean education

system, marked by disparities in access, educational quality, and funding among public, voucher,

and private schools. While public schools often serve disadvantaged populations, voucher schools

attract better teachers, enjoying more hiring autonomy and curriculum development �exibility

(Behrman et al., 2016; Elacqua, 2012). Efforts to mitigate disparities, including increased fund-

ing for disadvantaged students, are ongoing, but challenges remain, especially regarding school

segregation despite the introduction of a centralized school admission system (Kutscher et al.,

2023).

2There are some few exceptions that include Special Admissions, which are reserved slots for students who meet
speci�c criteria, such as athletes, indigenous students, or students with disabilities, and Admission by Merit, reserved
for students with exceptional academic achievements or talents in speci�c �elds.

3In the recent years the PSU has been reformed, but the admissions system remained the same. For the years
considered in this study, PSU is the relevant test.
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4.3 Literature Review

There is a long-standing literature documenting how the quality of teaching signi�cantly

impacts students' academic performance (Hanushek et al., 2007; Chetty et al., 2014). The evi-

dence suggests that teachers are among the most in�uential factors in explaining student achieve-

ment (Hanushek, 2011). In particular, several studies have shown that an improvement in teacher

quality by one standard device leads to a roughly 0.1 standard deviation increase in student test

scores (Aaronson et al., 2007; Rivkin et al., 2005; Rockoff, 2004).

The impact of teachers extends beyond academic performance. Research by Jackson (2018)

and Petek and Pope (2023) reveals that teachers also in�uence nontest score behaviors, such as

absences and suspensions. These dimensions of teacher quality have been found to have a lasting

impact on students' long-term outcomes. In a different context, Chetty et al. (2014b) shows that

students assigned better teachers are more likely to go to college and earn higher salaries.

Although there is broad consensus on the importance of teacher quality, accounting for

it remains challenging, and studies differ on the extent of speci�c teacher factors in enhancing

students' outcomes. In recent years, the adoption of Value-Added Models (VAMs) has become

prevalent in educational research. For example, for the United States, Chetty et al. (2014a) es-

timate that a standard deviation improvement in teacher value-added increases normalized test

scores by 0.14 and 0.1 standard deviations in math and English, respectively. However, a com-

mon criticism of VAMs is their limited focus, namely, identifying the general contributions of

teachers to learning but providing little information on which teacher characteristics contribute

more to improving student outcomes (Wei et al., 2012). We aim to contribute to this issue by

analyzing the impact of different dimensions of teacher characteristics on high-stakes test score
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performance.

Most studies on the impact of teacher quality have focused on the US context. However,

a handful of studies have focused on the case of Chile. For example, Canales and Maldonado

(2018) �nds that teacher quality signi�cantly affects eighth-grade standardized test scores, espe-

cially in math. They found no signi�cant effect of teacher credentials but showed that the impact

of teachers increases with professional experience. Similarly, Toledo Román and Valenzuela

(2015) show that attributes such as short-term speci�c professional training and better curricu-

lum coverage positively impact the performance of fourth-grade students. Barrios Fernández and

Riudavets (2021) conduct teachers' VAMs and �nd that higher-quality teachers positively affect

student test scores, high school graduation, higher education attendance, and the type of higher

education institutions attended.

In a recent study, Garc�́a-Echalar et al. (2023) used VAMs to investigate the impact of

teachers on gender gaps in standardized test scores. Their results reveal that, in general, teachers

do not account for the existing math or Spanish score gaps between the genders. Interestingly,

their research uncovers variations dependent on school type, with teacher value-added measures

mitigating gender gaps in voucher schools but showing no such effect in public schools. This

�nding also motivates us to examine the impact of the school type in our context.

In this paper, we take one step further and analyze whether teacher quality can explain the

performance gap observed by different types of schools in Chile. Previous studies have examined

the test achievement gap across school types in primary and secondary education in Chile, using

standardized test scores for students in the fourth, eighth, or tenth grades. For example, Bellei

(2005) explored the relationship between school type and student performance in the fourth and

tenth grades. Their �ndings indicate that, once accounting for sorting students due to selective
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admission processes and the exclusion of retained students, private schools are not more effective

than public schools and may be less effective. Furthermore, Mizala and Romaguera (2000) ana-

lyzed the performance gap in the SIMCE test scores. Their research revealed that the test score

gap between vouchers and public schools disappears when controlling for family socioeconomic

characteristics.

Investigating college admission test results is pertinent, as they represent a high-stakes as-

sessment in the educational context. Consistent with this, Contreras (2002) explores the in�uence

of the type of school on college admission tests in conjunction with other SES variables. The �nd-

ings reveal that the school's effect on student performance in college admission tests is notably

substantial and statistically signi�cant, even after controlling for parental education levels. In this

paper, we exploit a much richer dataset that allows us to control for a more comprehensive set of

teacher variables, including teachers' performance in college admission test assessments. Recent

evidence by Neilson et al. (2022) shows a positive and concave relationship between pre-college

academic achievement and subsequent teacher productivity. Their evidence suggests that college

entrance exams could be helpful to select or recruit students entering teacher colleges. This result

underscores the potential role of including teachers' standardized college admission performance

as a proxy for their productivity.

4.4 Data

We integrate data from multiple sources to investigate the factors in�uencing students'

PSU performance. A time-invariant individual masked identi�er allows us to establish connec-

tions between students, their teachers, and their historical performance and educational decisions,
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remaining consistent across various administrative datasets and over time. This section details

the information we can extract from each dataset and the sample restrictions required to de�ne

our study sample.

We have access to DEMRE (Departamento de Evaluación, Medicíon y Registro Educa-

cional) data on the national college admission test results for all students taking the test between

2006 and 2021. We use these data to identify teachers' performance on this test before enter-

ing higher education and assess students' performance in cohorts between 2013 and 2021. As

some students retake the PSU, we only keep their �rst PSU. It is important to note that not all

graduating students take the PSU, as it is not mandatory.

We merge eighth-grade SIMCE records for each student in math and Spanish tests and in-

formation on their gender and their mothers' highest educational degree attained (high school,

technical, professional, post-graduate), which we will use as a proxy for socioeconomic sta-

tus (SES). Due to the SIMCE assessment design, only six out of nine cohorts of students with

PSU score data underwent an eighth-grade SIMCE examination. Our methodology, relying on a

value-added speci�cation, considers the entire history of students' past input before high school.

Consequently, we limit our analysis to students who completed the SIMCE test in eighth grade

and subsequently took the PSU on time in their senior year, while also attending school each year

of high school.

We retrieve each teacher's subject information for each classroom, grade, and year from

administrative records, identifying whether a teacher is responsible for teaching Spanish or math

to the students in our sample. These records include additional attributes such as gender, age,

years of teaching experience, and whether they have a formal degree in Education. DEMRE

datasets provide information related to teachers' PSU performance, how high they rank Education
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as their program of choice ranking in college applications, and the institution they select.

Given the multidimensional context, where each student can potentially have multiple

teachers for various subjects, and each teacher instructs several students, we aggregate teacher

characteristics throughout each student's secondary education. This involves sequentially aver-

aging the characteristics of teachers of the corresponding subject at the classroom level for each

grade. If no teacher information is available for a classroom, we attribute information based on

the average characteristics of other classrooms in the same cohort, grade, and school, and the

school average across grades and years if information is missing. This approach considers each

student as the primary unit of observation.

It is essential to acknowledge some sample-bound limitations. First, our analysis is re-

stricted to exploring the impact of young teachers since we only have PSU data from 2006

onward. We use teachers' performance in this test as a critical determinant of students' PSU

performance. Therefore, we can only use the subsample of teachers observed as students taking

the test and, years later, as teachers in a secondary school classroom. Second, as not all students

have a young teacher, we assign information on the average teacher characteristics at the cohort-

school level to those for whom we do not observe the actual teacher's characteristics. Third,

for comparability in the results, we focus on students in the regular education system, excluding

those attending special education due to a disability or incarceration and those attending night

school. Consequently, our �nal sample comprises 428,973 observations for math and 415,315

for Spanish, with 307,169 students appearing in both subject samples.
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4.4.1 Descriptive Statistics

Table 4.1 presents the summary statistics of all student characteristics (Panel A) and av-

erage teacher characteristics (Panel B) for the sample of students considered in the analysis.

Columns (1) to (4) refer to characteristics of public school students in the sample, while columns

(5) to (8) refer to attributes of voucher school students in the sample, with columns (1) and (5)

showing average values for the math sample in each type of school, and (3) and (7) for Spanish.

The �rst row in Panel A presents the statistics for the main dependent variable, the PSU

score. We see that the difference in average math and Spanish scores between voucher and

public schools is about 23 and 28 points, respectively, representing a difference of about 0.2-

0.3 standard deviations. To further put into perspective how large this gap is, consider that the

average difference in year-to-year changes in cutoffs for admission into undergraduate programs

is about 15 points, and the median of this difference is only 10 points. Figure 4.1 presents the

distribution of the PSU scores for the students in the sample in math and Spanish, showing that

the gap between schools is present not only for the mean value but for most of the distribution.

The remaining rows in Panel A present additional characteristics of the students included

in the sample. On average, public school students outperformed voucher school students in the

eighth-grade SIMCE knowledge test by 0.22 standard deviations in math and 0.12 standard de-

viations in Spanish. These differences can be seen in Figure 4.2, where the difference in the

distributions for math is much more severe than for Spanish. The lagged fraction taking each

subject-speci�c PSU in each type of school also differs, with only 72% of students in public

schools taking the tests, while the proportion in voucher schools reaches 78%. Other character-

istics appear to be much more balanced between the types of schools, with around 55% of the
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test-taker students being female, and with 7-10% of mothers holding a technical degree, 28-30%

holding a professional degree, and 3-5% of them having a post-graduate degree and the rest,

55-62% holding at most a high school degree.

From Table 4.1, Panel B, we also learn about the differences in the average characteristics

of teachers in each type of school. We see that voucher school teachers, especially Spanish

teachers, score much higher than public school teachers in the PSU of the subject they teach. We

can also observe this pattern in Figure 4.3. At the same time, public school teachers had higher

grade point averages when graduating from high school than voucher school teachers, although

these differences are minor compared to the ones observed for the PSU scores. Additionally,

public school teachers are two to three percentage points less likely to hold a degree from a

highly selective institution but slightly more likely to have an education degree. Interestingly, it is

more common for Spanish teachers to list education as a top 3 choice in their college application

ranking than for math teachers, and teachers in public schools show a lower tendency to list

education in their top application ranking than voucher school teachers. Finally, we observe that

the teachers in the sample are about 31 years old and have only three to four years of teaching

experience in both types of schools. This pattern is consistent with the fact that the teachers in

our sample took the college admissions test after 2004, so they are relatively young. We should

remember this fact when interpreting the results, as we cannot easily extrapolate the �ndings to

all teachers in the system.
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4.5 Predicting Academic Success: Exploratory Analysis

In this section, we explore the factors that in�uence student achievement in college ad-

mission tests, particularly emphasizing the impact of teachers and schools. It is well-established

that socioeconomic characteristics, schools, and particularly teachers, strongly predict students'

performance. When examining the characteristics of teachers that predict student performance,

previous research has often concentrated on years of experience and academic credentials. In

addition to these usual teachers' characteristics, we also study the potential role of teachers' per-

formance in the college admissions test and whether education was among their preferred choices

when applied to college.

We can incorporate teachers' performance in the college admissions test and students' ap-

plication preferences when they apply to college, which is a novel contribution to the existing

literature. To the best of our knowledge, we are the �rst to attempt to study the relationship be-

tween student performance in college admission tests and teachers' performance in the very same

test.

We estimate the following VAM separately for each subject, math, and Spanish, to predict

college admission performance:

Yi;s;t = � 0 + � 1V oucheri;s;t + � 2SESi ;s;t + � 3Teacher i ;s;t + � 4SIMCE 8b
i;s;t + � 5PSUtake� up

s;t � 4 + 
 t + � ist

(4.1)

wherei denotes a student,s a school, andt a year. The outcome of interestYi;s;t corresponds

to the PSU score of the studenti ' in the yeart graduating from high schools. V oucheri;s;t is an
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indicator variable taking value one if students attended a voucher school in high school, zero if it

is public.4 This variable captures any gap between comparable students in each type of school.

SESi;s;t is a categorical variable we use for each student's mother's highest level of education (no

higher education degree, technical tertiary degree, university degree, or graduate degree). We use

this variable to proxy for the socioeconomic status of the student.Teacheri;s;t represents a vector

that encompasses the mean characteristics of the teacher observed throughout the high school

years of a student. This vector incorporates several factors, including the average performance

of teachers in the PSU in the subject they teach, the average high school GPA (measured on

the PSU scale), the fraction of teachers who have an education degree, the fraction of teachers

who ranked education among their top three choices in college applications, and the proportion

of teachers who attended a selective university.5. Additionally, this variable includes the usual

characteristics used in the literature, such as average teacher experience, age, and the proportion

of female teachers. The variableSIMCE 8b
i;s;t captures the students' performance on the eighth-

grade SIMCE test for the corresponding subject. Including a baseline performance measure

allows us to interpret the results as a value-added speci�cation, where SIMCE is a suf�cient

statistic for the educational input of students before high school (Todd and Wolpin, 2003). Lastly,

to control for possible selection on the PSU take-up across schools, we control for the proportion

of students in the school who took the PSU test four years earlier, captured byPSUtake� up
s;t � 4 . We

calculated it lagged to reduce concerns about potential endogeneity issues.6 We also include in

4Only 6.19% of students in our sample switched from a voucher to a public school, or vice-versa. For these
students, we consider the school they graduated from.

5The select universities considered are Ponti�cia Universidad Católica de Chile (PUC) and Universidad de Chile
(UCH), which are the most selective institutions in the country (Bordón et al., 2020)

6As Table 1 indicates, approximately 70% of high-school students in our sample take the PSU, which might raise
concerns about the impact of self-selection on test taking in the college admission test performance. Since we are
interested in examining the impact of school type, we cannot use school-�xed effects to account for this potential
source of bias. However, we interpret our lagged measure of school-speci�c PSU take-up rate and students' pre-high
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the estimations the gender of the student and year-�xed effects,
 t , to capture aggregate shocks

to PSU results at the national level.

4.5.1 Results

Table 4.2 presents the results of estimating equation (3.1) using students' PSU performance

as the dependent variable. We begin by examining the impact of the type of high school attended

by students and gradually incorporate other relevant variables into subsequent columns. In all

speci�cations, we include year-�xed effects.

Column (1) presents the results, including only the voucher-school indicator variable in the

estimate. The voucher coef�cient indicates an average math PSU score difference of 23.3 points

between the two types of schools. In Column (2), we observe that the PSU gap decreases to 22

points when controlling for student background variables, such as gender and maternal education.

Column (3) introduces teacher information. The average teacher's math PSU result is a

robust positive predictor of student math PSU performance. A one-standard-deviation increase

in the teacher's score is associated with a rise of 9 points, approximately 0.1 standard deviations.

The proportion of teachers with a formal education degree also exhibits a positive, statistically

signi�cant relationship with the PSU score, indicating that a 10% increase in the fraction of

teachers with an education degree corresponds to a 3.17-point increase in the PSU score. The

interplay between average years of experience and average teacher age almost cancels each other

out, possibly due to the teacher sample's youth and some collinearity. Notably, other teacher char-

acteristics, such as having a degree from a selective institution, selecting education in their top 3

college application choices, and the proportion of female teachers, are not signi�cant predictors

school performance as suf�cient statistics accounting for this self-selection into testing.
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after controlling for the aforementioned variables.

Even after accounting for student SES characteristics and a comprehensive set of teacher

features, the type of school attended continues to play a crucial role in explaining PSU perfor-

mance. In Column (4), with the inclusion of eighth-grade math SIMCE scores, the school gap

reduces to 9.4 points. The coef�cient for SIMCE in eighth grade suggests that a one-standard-

deviation higher math SIMCE score is associated with a 62-point increase in the predicted math

PSU score. This result indicates the signi�cant role played by the educational inputs students

received in primary education, reducing the relevance of the high school attended. Additionally,

the inclusion of past test scores transforms the estimate into a Value-Added Model (VAM), in-

dicating a substantial increase in the model's goodness-of-�t. It is essential to highlight that the

eighth-grade test score not only captures pre-high school academic preparation but also incorpo-

rates other educational investments, such as parental involvement and innate talent, in�uencing

better performance in standardized tests.

Finally, in Column (5), the inclusion of a proxy for the school's propensity to have students

taking the PSU further reduces the gap to 7.5 points. The estimate for this lagged PSU take-up

variable is statistically signi�cant and positive. Consequently, the reduction in the gap aligns

with the fact that voucher schools, as indicated in Table 4.1, are more likely to have their students

take the PSU. By including this by-school measure of the tendency to take the test, we control

for school-speci�c heterogeneity that affects students' likelihood of self-selecting into taking the

PSU. The coef�cients for teacher characteristics decrease in size after including SIMCE results

and lagged PSU take-up rates, but they remain statistically signi�cant, albeit at around a third of

their size in Column (3).

We �nd similar results when we compare the Spanish PSU performance in Table 4.3. In
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Column (1), there is an expected conditional voucher gap of 28.3 points, reducing to 25.6 points

in Column (3) when controlling for students' gender, socioeconomic characteristics, and teacher

characteristics. The results closely mirror those of math PSU. Average Spanish PSU performance

of teachers and the fraction of teachers with an education degree strongly correlate with the

Spanish PSU performance of students. Column (4) reveals a considerable improvement in the

model's goodness of �t, indicating a decrease of 7 points in the relevance of school type when

including students' eighth-grade Spanish SIMCE scores. Finally, Column (5) shows that the

school gap decreases an additional 2.5 points with the inclusion of the school PSU take-up proxy.

The estimates for teacher characteristics decrease to about half the size observed in Column (3)

but remain statistically signi�cant.

The above speci�cations assume that the coef�cients for each explanatory variable must be

the same across both voucher and public schools. However, this might not be the case if there

are productivity differences in using any of those variables. Guided by the results in Tables 4.2

and 4.3, we apply the methodology developed by Firpo et al. (2018) and Rios-Avila (2019)to

analyze whether teacher quality can explain the performance gap observed by different types

of schools. In the next section, we estimate the decomposition of the school type gap in the

average PSU performance by the contribution of socioeconomic characteristics, teachers, own

past performance, and propensity to take the PSU test, allowing more �exibility to explore the

isolated effects coming from the different elements of the model.
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4.6 Bridging the School-Type Gap: O-B Decompositions

The regression analysis in the previous section identi�es many in�uential factors that ex-

plain the gap in PSU performance, measured as the difference in the means of student scores in

the two types of schools. We implement a classical Oaxaca-Blinder decomposition to separately

estimate how much of the difference comes from the composition effect, i.e., the differences in

covariates between the two groups, and how much comes from the structure effect, i.e., the esti-

mated coef�cients, which in this educational setting is akin to the productivity of the covariates.

Then, we take the analysis one step further by implementing a Recentered In�uence Functions

(RIF) Oaxaca-Blinder Decomposition, which allows us to go beyond simple mean comparisons

to consider gaps in other statistics independent of the decomposition's sequential order. We fol-

low Firpo et al. (2018) to perform the RIF Oaxaca-Blinder decomposition analysis to explain the

differences in the PSU performance of students between schools for both mean and quantiles,

separating the differences in the distributions into composition and structure effects, decompos-

ing each effect by the contribution of each covariate, combining the RIF Oaxaca-Blinder analysis

and the reweight strategy proposed by DiNardo et al. (1996).

Classical Oaxaca-Blinder Decomposition

We �rst implement a conventional Oaxaca-Blinder decomposition of the form:

E[PSUjX; Voucher] � E [PSUjX; Public] = �X V
�

�̂ V � �̂ P

�

| {z }
Unexplained

+
� �X V � �X P

�
�̂ P| {z }

Explained

; (4.2)

120



where �X k denotes a vector containing the averages of the independent variables for students

enrolled in typek's schools, and̂� k is the associated vector of point estimates obtained from a

linear regression model (k 2 f Public; V oucherg). As is standard in the literature, the school gap

attributed to the differences in means is denoted by the “explained” gap, while the part attributed

to the coef�cient discrepancies is the “unexplained” gap. Taking into account the evidence pre-

sented in Tables 4.2 and 4.3, we exclude from the characteristics of the teachers the nonsigni�cant

variables (selective education dummy, education as top choice dummy, and teacher's gender) to

minimize the noise in the estimations.

RIF Oaxaca-Blinder Decomposition

We then implement the RIF Oaxaca-Blinder decomposition in the following manner, following

the terminology laid out in Rios-Avila (2019). Assume that there is a joint distribution that de-

scribes all relationships between PSU scores, Y, exogenous characteristics, X, and the categorical

variable indicating the types of schools to be compared, T. Then, we can rewrite the PSU distri-

bution conditional on school type as:

f k
Y;X (y; x) = f k

Y jX (Y jX )f k
X (X ); (4.3)

F k
Y (y) =

Z
F k

Y jX (Y jX )dF k
X (X ); (4.4)
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wherek indicates whether the density is conditional on the type of school,T = k with k 2 f 0; 1g.

Then, differences in any distributional statisticv can be calculated as:

� v = v1 � v0

= v(F 1
Y ) � v(F 0

Y )

= v(F 1
Y jX (Y jX )dF 1

X (X )) � v(F 0
Y jX (Y jX )dF 0

X (X )): (4.5)

From equation (4.5) it follows that the differences in statisticsv can arise from differences in aver-

age characteristics(dF 1
X (X ) 6= dF 0

X (X ))) , or differences in coef�cients
�

F 1
Y jX (Y jX ) 6= F 0

Y jX (Y jX )
�

.

To separately estimate how relevant the composition and structure effects are in separately ex-

plaining the school-type gap, it is needed a third statistic, a counterfactual one, that permits the

consideration of step-wise variations:

vc = v(F c
Y ) = v(F 0

Y jX (Y jX )dF 1
X (X )):

With this counterfactual statistic, we can decompose� v in equation (4.5) as:

� v = v1 � vc| {z }
� vs

+ vc � v0| {z }
� vx

;

where� vs denotes the structure effect and� vx represents the composition effect. However,vc

is, by de�nition, a counterfactual statistic and, therefore, not observable in the data. This unob-

servability represents an empirical challenge that the methodology sorts out by approximating
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the relevant distribution as follows.

F c
Y (y) = F 0

Y jX (Y jX )dF 1
X (X ) � F 0

Y jX (Y jX )dF 0
X (X )! (X );

where the weights,! (X ), can be obtained applying Bayes rule:

! (X ) =
�

1 � P
P

�
�

�
P(T = 1jX )

1 � P(T = 1jX )

�
;

whereP is the proportion of students in school typeT = 1, andP(T = 1jX ) is the conditional

probability that someone with characteristics X belongs to a school typeT = 1. Thus, by re-

weightingdF 0
X (X ), we can proxy forvc.

We estimateP(T = 1jX ) in a logit model, using as the main explanatory variables the

percentage of voucher schools in the municipality of residence of students, the total number of

voucher schools in the municipality of residence of students, mother's education (less than high

school, technical, professional or graduate degree), eighth-grade student-speci�c SIMCE scores

on both subjects, gender, the average experience of teachers in the municipality of residence, and

average PSU scores of teachers in the municipality of residence. We also include �xed effects of

the year and interactions between the proportion of voucher schools, the total number of voucher

schools, SIMCE scores, and the average characteristics of teachers with the SIMCE scores of

students and the level of mother's education.7 Thus, we have:

vi = E
�
RIF

�
yi ; v(F i

Y )
��

= �X i 0�̂ i for i 2 f 0; 1; cg:

7This richer speci�cation with many interaction terms is needed to improve the �t in the reweighting process.
See also Lemieux (2002).
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We can then decompose the gaps in the PSU scores between the two types of schools,

public and voucher, as follows:

� v = �X 10
�

�̂ 1 � �̂ c

�

| {z }
� vp

s

+
� �X 1 � �X c

� 0
�̂ c| {z }

� ve
s

+
� �X c � �X 0

� 0
�̂ 0| {z }

� vp
x

+ X c0
�

�̂ c � �̂ 0

�

| {z }
� ve

x

; (4.6)

where the structure effect is further divided in pure structure(� vp
s ) and a reweighting error(� ve

s).

Likewise, the composition effect is separated into the pure composition effect(� vp
x ) and a spec-

i�cation error (� ve
x ).

The intuition behind pure composition effects,� vp
x , is to capture differences in PSU per-

formance between groups that can only be explained by the fact that the two groups are different.

For example, voucher school students score higher in 8th-grade knowledge exams than public

school students. Therefore, we expect them also to have an advantage on subsequent college

admission test results over public school students. This kind of difference between groups is

isolated in the composition effect. For its part, pure structure effects,� vp
s , would indicate differ-

ences in PSU scores due to factors that are more productive for one type of school than the other,

leading to better PSU results under the same levels of factors. If, for example, keeping all student

characteristics constant, having a more experienced teacher is more advantageous (productive, as

measured in PSU score points) for voucher school students, this effect is captured in the structure

effect.

The two additional estimates from the RIF OB decomposition are the reweighting and the

speci�cation error,� ve
s and� ve

x . The reweighting error comes from the selection of the variables

and interaction terms included to compute the counterfactual statistic by estimatingP(T = 1jX ).

It should go to zero in large samples. Of course, a tension exists between a higherPseudo� R2,
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a common support, and a perfect prediction, which is undesirable (Firpo et al., 2018). Lastly, the

speci�cation error comes from deviations from linearity in the conditional expectation and the

fact thatF c
Y (y) is an approximation, so we should expect this error to be different from zero.8

In the next section, we estimate the classical and RIF Oaxaca-Blinder decompositions to

explain the mean gap in the math and Spanish results, following Firpo et al. (2018). As before,

we exclude non-signi�cant components (selective education dummy, education as a top-choice

dummy, and teacher's gender) from teacher characteristics to minimize noise in the estimations.

4.6.1 Mean Differences

Table 4.4 presents our results for the conventional Oaxaca-Blinder decomposition. Panel A

displays the overall gaps. Consistent with the summary statistics, voucher schools have uncon-

ditional average advantages in math (column 1) and Spanish (column 2) PSU scores. However,

69% and 45% of these gaps, respectively, are explained by the average differences in the observed

characteristics. Panel B shows that eighth-grade test scores and school-level historic PSU take-

up are the most important contributors for both subjects. High school teachers' characteristics, a

compound of the different variables in this category, play a relatively minor role.

The analysis of the contributors to the unexplained gaps delivers a different story. Panel C

of Table 4.4 suggests that the coef�cients associated with the characteristics of the teacher con-

tribute more than 10.9 points to the math PSU score gap (favoring voucher schools), being the

largest contributing factor. This result suggests that public and voucher schools produce differ-

ent outcomes equipped with the same inputs, suggesting differences in math PSU's productivity

levels across school types. In the case of Spanish, we observe that the coef�cient associated with

8As Firpo et al. (2018) point out, how large the error should be remains an open empirical question.
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teachers' characteristics is actually negative. However, its size is much smaller than that of the in-

tercept, which is by far the largest contributor to the unexplained component. This result suggests

that the covariates included in the analysis are not compelling enough to comprehend the perfor-

mance gap in the Spanish PSU. Therefore, the estimates presented here should be interpreted

with caution.

Table 4.5 presents the results of the RIF Oaxaca-Blinder decomposition for the mean dis-

tribution, which includes the reweighting scheme (expression (4.6)). Columns 1 and 2 display

the results for math and Spanish, respectively. Panel A shows that the observed characteristics

(composition) explain more of the total gaps than the parameters (structure), similar to the re-

sults in Panel A of Table 4.4. The analysis of the Composition effects (Panel B) indicates that

8th-grade test score is the most important contributor, followed by the School's PSU take-up

(lagged). Teachers' characteristics contribute with less than one PSU point to closing the gap,

which is only statistically signi�cant for Spanish. Panel B also provides insight into the model's

goodness-of-�t, which is captured by the speci�cation error. We observe a close-to-zero coef�-

cient that is nonsigni�cant at conventional levels for math and a large, highly signi�cant positive

coef�cient for Spanish. This result indicates caution in interpreting results for Spanish, given

that, unlike the case for math, the model cannot completely capture all the nuance in the factors

that might explain the performance gap across students in both types of schools. Consistent with

Panel C in Table 4.4, the coef�cients associated with teachers' characteristics play an essential

role in closing the average gaps for math, contributing almost 10 points. The school PSU take-up

rate signi�cantly contributes to widening the gap, con�rming the role of selection in the PSU

discussed above. SES characteristics and eighth-grade test scores contribute only marginally to

this component.
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These results con�rm that pre-high school test scores and the school's (predetermined)

college admission test take-up emerge as the most critical differences in characteristics explaining

the average PSU gap between public and voucher schools. This result underlines the limits of

how much schools can modify and adjust input (e.g., teacher characteristics) to reduce the gaps in

a speci�c cohort. Now, since the differences in coef�cients in Equation (4.6) can be interpreted as

proxies for the differential productivity levels of schools, our �ndings also suggest that, with equal

input, voucher schools are better at producing higher PSU scores. This result represents a central

challenge for public policies and is consistent with the long-standing evidence documenting the

advantages of voucher schools' unconditional test scores.

4.6.2 Beyond the Mean: Quantile Differences

Decomposing the mean differences in PSU scores between public and voucher schools is

informative of the factors driving these gaps and the effectiveness of public initiatives to close

them. However, this approach does not reveal the factors that affect students at different levels of

the academic performance distribution. For example, for low-performance students, the drivers

of gaps between public and voucher schools could differ from those affecting students in the

middle or at the top of the distributions. To examine this, we implement the RIF Oaxaca-Blinder

decomposition introduced in section 4.6, which expresses the differences in any distributional

statistic as the sum of the structure and composition effects.

Figures 4.4 and 4.5 represent the results for math and Spanish, respectively. Given the

similarities in their messages and the better goodness-of-�t of the model, we focus mainly on

math and discuss any disparities between the two subjects.

127



Panel A of Figure 4.4 presents the overall difference in math PSU between public and

voucher schools, decomposing it into composition and structure effects in each quantile using the

reweighting procedure described in equation (4.5). The estimated overall difference (red line)

is more or less stable across the distributions of the PSU scores, and it slightly decreases as we

move up across the quantiles. The range lies in the 20 to 35 interval, with an average of 30

points. The stability suggests that the distribution of student-level scores of voucher schools is

mainly shifted to the right relative to public schools. This pattern is consistent with the evidence

in Figure 4.1, which shows the distributions. The positive and increasing composition effects

(blue dotted line) indicate that this component increasingly explains the gaps, with the observed

characteristics increasingly favoring voucher schools as one moves up in the distributions. We

come back to this point below. Finally, the structure effects, depicted by the dashed green line in

Panel A, partially compensate for the composition effects, showing a declining slope toward the

highest quantiles.

Panel B of the same �gure presents the contribution of the different sets of factors to the

overall gaps between school types by quantiles. Although socioeconomic characteristics have al-

most no role in explaining the gaps, teachers are the main drivers in expanding them, particularly

in the upper half of the distribution. This pattern is not the case for Spanish, which we discuss

later in this section. Additionally, heterogeneity from the pre-high-school test scores (SIMCE)

explains between one-third and two-thirds of the gaps across the whole distribution. Finally,

consistent with the �ndings of Tables 4.2 and 4.3, accounting for PSU enrollment reduces the

advantage of voucher schools, further increasing the gap as we move up in the distribution.

Panels C to E complement the previous results and provide further insight into the relative

magnitude of the different effects. Speci�cally, Panel C shows that most of the composition ef-
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fects come from the pure explained component; meanwhile, Panel E shows that this is not the case

for structure effects, where pure explained and residual effects mostly net out each other. Panels

D and F show that the importance of pre-high-school test scores comes from the composition

instead of structure effects while con�rming that the school-type-speci�c estimated coef�cients

(structure effect) of teachers' characteristics and predetermined PSU take-up rates are essential

drivers of disparities. It is interesting to observe that the contribution of teachers to the structure

effect is somewhat different between math and Spanish (see Panel F of Figure and 4.5). For math,

we see that this component is crucial in explaining the gap in the upper half of the distribution,

with voucher schools being relatively more productive. For Spanish, we observe that teachers are

more important in explaining the gap in the lower half of the distribution, with voucher schools

being relatively more productive. The pattern is much noisier in the upper part of the distribution.

4.6.3 Complementarities

Figure 4.2 shows that students from voucher schools outperform public school students on

the SIMCE test. This fact holds for both subjects, although the gap is more prominent for math.

In this subsection, we analyze how teachers' contribution to explaining the PSU gap changes for

students at different baseline performance levels.

We start by analyzing the point estimates of Equation 4.1 when introducing two interaction

terms into the model. The �rst is the interaction between students' performance on the eighth-

grade SIMCE test and their average teachers' performance on the college admissions test. We also

control for the interaction between students' performance on the eighth-grade SIMCE test, their

teachers' performance on the college admissions test, and the voucher school indicator variable.
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Table 4.6 reports these results.

Columns (1) and (4) present the original regression results, including all explanatory vari-

ables, in the estimations explaining the math and Spanish PSU scores, equivalent to the results in

column (5) in Tables 4.2 and 4.3, respectively. Columns (2) and (5) present results when includ-

ing the interaction term between the average teacher's PSU and the student's past SIMCE math

and Spanish scores, respectively. We only observe positive and signi�cant coef�cients associ-

ated with the interaction term for math. This result suggests that the positive effect of having a

teacher with a higher PSU score is ampli�ed when the students have higher pre-high school test

scores in the case of math PSU scores. Lastly, columns (3) and (6) include an additional inter-

action term, multiplying the interaction term by the voucher indicator variable. We observe that

the coef�cient associated with the interaction between student and teacher performance and the

voucher dummy is negative for both tests, although only statistically signi�cant for math. Thus,

the ampli�cation of the teachers' PSU effect is smaller for students attending voucher schools

and nearly nonexistent for Spanish.

Lastly, we return to quantile gap analysis to explore what would happen with the contri-

bution of teachers if we abstracted the students' baseline performance. We re-estimate a RIF

Oaxaca-Blinder decomposition of a new measure of student PSU performance orthogonal to

SIMCE scores. We construct this measure by residualizing the PSU scores by their own SIMCE

test scores and using this residualized measure as the new dependent variable. The results are

graphically presented for quantiles of the distributions in Figure 4.6, with Panel A showing the

results for math and Panel B for Spanish for both the original PSU score ( red line, also shown

in Panel F of Figures 4.4 and 4.5) and the new residualized version (navy line). In both panels

of Figure 4.6, we re-scale the Y-axis to re�ect the fraction of the total effect that is explained by
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teacher structure effects under each of the performance measures since the gap (in level) between

vouchers and public schools might change once we decompose it using the residualized PSU

measure.

The idea behind Figure 4.6 is the following. A positive teacher structure effect implies that

teachers with the same characteristics have students with a better PSU performance in voucher

schools than in public schools, i.e., they are moreproductive. Suppose there is a positive comple-

mentarity in which teachers are more productive with more prepared students (i.e., higher SIMCE

score). In that case, we should expect that the teacher's structure effect decreases once we take

out the impact of the SIMCE test score on the PSU performance. This rationale is that we know

that students from voucher schools have higher SIMCE scores than students from public schools,

especially in math. Then, once we isolate the fact that teachers in voucher schools work with

students who are better equipped in terms of performance, the differences in productivity should

be smaller. This pattern is what we observe in Panel A of Figure 4.6 for both the lowest and

highest quantiles of math PSU performance. In Panel B, this pattern holds only for the lowest

quantiles of Spanish PSU performance. These �ndings are consistent with Table 4.6, in which

we show a positive complementarity between teachers' PSU performance and students' SIMCE

score, but only statistically signi�cant for math.

Finally, it is important to mention one caveat for the evidence shown in Figure 4.6. The

analysis presented above assumes that for each student, their corresponding quantile using PSU

performance remains unchanged when using the residualized measure of performance and that

for each of those quantiles, voucher students outperform public school students in terms of their

SIMCE score. The correlation between students' ranking using the PSU and their residualized

measures is about 0.7. Additionally, in Figure 4.2, we observe that for math and Spanish, the
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SIMCE test score distribution is shifted to the right for voucher school students, compared to

public school students. This pattern suggests that the assumption above holds on average but is

imperfect. Therefore, we should be cautious when interpreting the results of the �gure.

4.7 Conclusion

Our comprehensive analysis of the factors in�uencing student achievement in Chile's cen-

tralized college admission test (PSU) provides insights into the intricate relationships between

schools, teachers, and student outcomes. Our unique dataset includes matched teacher-student

data, incorporating detailed information about teachers' performance in high-stakes college ad-

mission assessments.9

The main results, presented in Tables 4.2 and 4.3, demonstrate the persistent impact of the

type of high school on PSU performance, even after controlling for student socioeconomic char-

acteristics, teacher attributes, and eighth-grade test scores. Although factors such as teacher's

subject-speci�c PSU performance, experience, and holding an education degree are highly rel-

evant to predicting student success, the school-type gap remains substantial, underscoring the

complexity of factors contributing to educational disparities. This fact indicates that addressing

inequalities in teacher quality alone may not be suf�cient to bridge the gap in student achievement

across different school types.

The Oaxaca-Blinder decomposition, as outlined in Table 4.4, provides a nuanced under-

standing of the components that directly contribute to the performance gap between public and

voucher schools. Although observed characteristics and eighth-grade test scores explain most of

9Due to insuf�cient data, we cannot determine whether there is a difference in attendance topreuniversitar-
ios for students attending both types of schools. Additionally, we cannot isolate the bene�ts of having access to
preuniversitarioson PSU performance from our results.

132



the average gaps, teachers' characteristics contribute substantially to the unexplained portion, es-

pecially in math. This evidence suggests inherent productivity differences between school types.

The reweighted Oaxaca-Blinder decomposition results (Table 4.5) emphasize the impor-

tance of pre-high school test scores and historic PSU take-up rates in understanding the average

gaps. Thus, given equal input, voucher schools might exhibit higher productivity levels, repre-

senting a challenge for policy interventions seeking to alleviate educational inequalities. The RIF

Oaxaca-Blinder approach enables us to look beyond the mean differences (Figures 4.4 and 4.5),

adding another layer of complexity. While socioeconomic characteristics have minimal impact

on the gaps across quantiles, teachers' characteristics become more pronounced in expanding

the gaps, particularly at the high-end distribution of scores, emphasizing the in�uence of teacher

characteristics on the performance of high-achieving students. These results highlight the need

for targeted interventions that address the diverse needs of students at different achievement lev-

els.

Finally, we explore complementarities between teacher and student baseline performance

in predicting PSU performance and explaining the voucher-public school performance gap. We

�nd that students with high SIMCE scores perceive a boost in their performance when paired

with a high PSU-performing teacher and that the increase is twice as large among public school

students. We examine complementarities in teacher-student interactions using the RIF Oaxaca-

Blinder quantile methodology, considering all teacher characteristics but using a PSU measure

orthogonal to the baseline performance level as measured by the SIMCE. We �nd evidence that

teacher contributions to the gap disappear once baseline test scores are accounted for, under-

scoring the importance of understanding the interplay between prior achievement and teacher

effectiveness in formulating effective educational policies.
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Our study signi�cantly advances the understanding of educational disparities in Chile by

revealing the persistent gap between school types, the in�uential role of teachers, and the pres-

ence of complementarities. The results emphasize the imperative for comprehensive interven-

tions that combine targeted teacher training, early educational investments, and efforts to address

existing productivity differences between school types. Policymakers must strategically com-

bine these factors to foster a more equitable and effective educational system. Future research

should deepen the exploration of these dimensions, proposing innovative strategies to improve

educational outcomes and inform evidence-based policies.
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4.8 Tables

Table 4.1: Public vs. Voucher Schools: Summary Statistics

Public Voucher

Math Spanish Math Spanish

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. Student-level information
PSU results 484.67 102.84 477.95 103.95 508.03 99.00 506.10 98.76
Simce 8th grade -0.13 1.03 -0.08 1.01 0.09 0.97 0.04 0.98
Fraction taking PSU (lagged) 0.72 0.20 0.72 0.20 0.78 0.20 0.78 0.21
Female 0.55 0.50 0.57 0.49 0.55 0.50 0.55 0.50
Mothers with a technical degree 0.07 0.26 0.07 0.26 0.10 0.30 0.10 0.31
Mothers with a professional degree 0.30 0.46 0.30 0.46 0.28 0.45 0.28 0.45
Mothers with a postgraduate degree 0.04 0.18 0.03 0.18 0.05 0.22 0.05 0.22
Year Cohort 2,018.75 2.31 2,018.76 2.33 2,018.68 2.41 2,018.68 2.40
Panel B. Teacher's information
Teacher PSU -0.03 1.02 -0.10 1.02 0.06 0.98 0.11 0.97
Teacher GPA in PSU scale (NEM) 0.07 0.99 0.06 1.04 0.01 0.98 0.03 0.97
Graduated from PUC or UCH 0.08 0.25 0.06 0.23 0.10 0.28 0.09 0.28
Teacher has education degree 0.87 0.32 0.97 0.15 0.86 0.32 0.95 0.20
Education as top 3 choice in ranking 0.72 0.41 0.82 0.35 0.75 0.39 0.81 0.35
Years of teaching experience 3.55 3.39 3.80 3.35 3.29 2.95 3.28 2.71
Age 31.45 4.00 31.41 4.08 31.22 3.59 30.92 3.38
Female 0.53 0.46 0.75 0.40 0.52 0.45 0.74 0.40
Number of Observations 155,615 140,947 273,358 274,368

Note: Panel A displays summary statistics of students in the sample, divided by the type of school they attend,

public or voucher schools, and the subject of interest, math, and Spanish. Panel B displays similar summary

statistics by type of school and subject but for the average characteristics of teachers teaching math or Spanish to

students during high school in Panel A. The total number of students considered is 537,119, while for 307,169 of

them, we have information on their performance and teachers' characteristics in both subjects.
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Table 4.2: Public vs. Voucher Schools: Average Math PSU Gap
Regression Analysis

Math PSU

(1) (2) (3) (4) (5)
Voucher 23.261��� 21.951��� 22.005��� 9.442��� 7.469���

(4.773) (4.709) (4.326) (2.244) (2.165)
Teacher's Math PSU 9.058��� 3.632��� 3.390���

(1.537) (0.831) (0.802)
Teacher's GPA 0.465 0.381 0.419

(1.985) (1.083) (1.029)
Teacher has Selective Education 4.899 0.924 -0.098

(5.317) (2.980) (2.889)
Teacher holds Education Degree 31.772��� 13.351��� 12.524���

(3.313) (1.652) (1.553)
Education as Top 3 choice -2.773 -1.610 -1.631

(3.152) (1.585) (1.521)
Years of Teaching Experience 2.647��� 1.141��� 1.079���

(0.550) (0.285) (0.271)
Teacher's Age -1.726��� -0.826��� -0.810���

(0.422) (0.221) (0.213)
Fraction Female Teachers -0.662 -0.453 -0.549

(3.474) (1.833) (1.735)
8th grade Simce (Math) 62.190��� 61.145���

(0.816) (0.737)
School's PSU Takeup (lagged) 41.695���

(3.039)
Number of Observations 428,973 428,973 428,973 428,973 428,973
R2 0.025 0.032 0.054 0.413 0.418
Year FE X X X X X
SES Controls X X X X
Standard errors in parentheses
� p < 0:1, �� p < 0:05, ��� p < 0:01

Note: The table presents the point estimates obtained from different versions of equation 4.1 using math PSU as the

dependent variable. The sample includes PSU takers covering the period 2013-2021. Year FE includes year-speci�c

�xed effects for test-taking years. SES Controls include indicator variables for student gender and three indicator

variables for maternal education categories: technical, undergraduate, and post-graduate degrees, with high school

or less being the omitted category. Standard errors in parentheses clustered at the school level. *p < 0:1, **

p < 0:05, *** p < 0:01
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Table 4.3: Public vs. Voucher Schools: Average Spanish PSU Gap
Regression Analysis

Spanish PSU

(1) (2) (3) (4) (5)
Voucher 28.305��� 26.615��� 25.666��� 18.753��� 16.064���

(4.544) (4.462) (4.385) (2.613) (2.495)
Teacher's Spanish PSU 8.062��� 4.781��� 4.282���

(1.532) (0.930) (0.878)
Teacher's GPA -0.406 -0.341 -0.548

(1.751) (1.092) (1.023)
Teacher has Selective Education 14.569 10.837�� 9.124�

(9.178) (5.489) (5.048)
Teacher holds Education Degree 24.545��� 13.936��� 12.958���

(4.354) (2.613) (2.366)
Education as Top 3 choice 1.957 0.678 0.416

(3.892) (2.363) (2.203)
Years of Teaching Experience 2.645��� 1.267��� 1.129���

(0.489) (0.295) (0.282)
Teacher's Age -1.556��� -0.705��� -0.630���

(0.459) (0.252) (0.232)
Fraction Female Teachers -2.005 -1.823 -1.300

(2.887) (1.791) (1.701)
8th grade Simce (Spanish) 64.664��� 63.753���

(0.525) (0.461)
School's PSU Takeup (lagged) 50.849���

(3.602)
Number of Observations 415,315 415,315 415,315 415,315 415,315
R2 0.019 0.029 0.043 0.433 0.441
Year FE X X X X X
SES Controls X X X X
Standard errors in parentheses
� p < 0:1, �� p < 0:05, ��� p < 0:01

Note: The table presents the point estimates obtained from different versions of equation 4.1 using Spanish PSU as

the dependent variable. The sample includes PSU takers covering the period 2013-2021. Year FE includes

year-speci�c �xed effects for test-taking years. SES Controls include indicator variables for student gender and

three indicator variables for maternal education categories: technical, undergraduate, and post-graduate degrees,

with high school or less being the omitted category. Standard errors in parentheses clustered at the school level. *

p < 0:1, ** p < 0:05, *** p < 0:01
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Table 4.4: Mean Decomposition
Oaxaca-Blinder without Reweighting

(1) (2)
Math Spanish

A. Overall Gap
(a) Average PSU in Voucher Schools 508.028��� 506.102���

(0.189) (0.189)
(b) Average PSU in Public Schools 484.667��� 477.950���

(0.261) (0.277)
Gap in favor of Voucher Schools ((a)-(b)) 23.361��� 28.153���

(0.322) (0.335)
Total Explained 16.065��� 12.686���

(0.215) (0.242)
Total Unexplained 7.296��� 15.467���

(0.258) (0.266)
B. Contributions to the Explained Gap
Student's SES 0.545��� 1.549���

(0.035) (0.050)
Teacher 0.168��� 0.617���

(0.031) (0.062)
Student's Simce 12.815��� 7.863���

(0.194) (0.215)
Lagged School PSU Takeup 2.537��� 2.657���

(0.063) (0.069)
C. Contributions to the Unexplained Gap
Student's SES -1.764��� -2.526���

(0.353) (0.360)
Teacher's characteristics 10.854��� -11.426���

(2.951) (3.076)
Student's Simce 0.278��� -0.124���

(0.021) (0.012)
Lagged School PSU Takeup -5.224��� -13.093���

(0.966) (0.996)
Intercept 3.152 42.636���

(3.186) (3.298)
Number of Observations 428,973 415,315

Note: The table presents the Oaxaca-Blinder decomposition for PSU scores in math and Spanish by type of school

(public or voucher). The sample includes PSU takers covering the period 2013-2021. Standard errors in parenthesis

clustered at the school level. *p < 0:1, ** p < 0:05, *** p < 0:01
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Table 4.5: Mean Decomposition
Oaxaca-Blinder with Reweighting

Math Spanish
A. Decomposition
Total gap 23.361*** 28.153***

(0.31) (0.317)
Composition 15.401*** 12.237***

(0.294) (0.324)
Structure 8.282*** 8.694***

(0.3) (0.308)
B. Contributions of Xs (composition)
Student's SES 0.615*** 1.639***

(0.041) (0.069)
Teacher's characteristics -0.059 0.874***

(0.036) (0.057)
8th grade test score (Simce) 14.233*** 9.101***

(0.283) (0.298)
School's PSU takeup (lagged) 0.611*** 0.622***

(0.039) (0.042)
Speci�cation error -0.547* 7.476***

(0.314) (0.36)
C. Contributions of� s (structure)
Student's SES 0.145 0.002

(0.49) (0.492)
Teacher's characteristics 9.937*** 0.321

(3.36) (4.077)
8th grade test score (Simce) 0.051 -0.226***

(0.032) (0.029)
School's PSU takeup (lagged) -10.17*** -19.241***

(1.063) (1.106)
Intercept 8.32** 27.838***

(3.698) (4.245)
Reweighting error 0.225 -0.254

(0.314) (0.248)
D. Total (composition + structure)
Student's SES 0.759 1.64***

(0.494) (0.49)
Teacher's characteristics 9.878*** 1.195

(3.362) (4.075)
8th grade test score (Simce) 14.284*** 8.876***

(0.285) (0.29)
School's PSU takeup (lagged) -9.559*** -18.618***

(1.07) (1.105)

Note: The table presents the RIF Oaxaca-Blinder decomposition for the mean PSU score (math and Spanish) by

type of school (public or voucher). The sample includes PSU takers covering the period 2013-2021. Bootstrapped

standard errors over the entire procedure (100 replications) were used to compute the p-values and are presented in

parentheses. *p < 0:1, ** p < 0:05, *** p < 0:01.
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Table 4.6: Public vs. Voucher Schools: Student-teacher interactions as a mechanisms
Regression Analysis Interaction

Math PSU Spanish PSU

(1) (2) (3) (4) (5) (6)
Voucher 7.469��� 7.647��� 7.873��� 16.064��� 16.092��� 16.200���

(2.165) (2.150) (2.153) (2.495) (2.501) (2.519)
Teacher's PSU 3.390��� 3.442��� 3.551��� 4.282��� 4.266��� 4.299���

(0.802) (0.800) (0.809) (0.878) (0.871) (0.883)
Teacher's GPA 0.419 0.456 0.465 -0.548 -0.547 -0.546

(1.029) (1.033) (1.039) (1.023) (1.023) (1.026)
Teacher has Selective Education -0.098 -0.511 -0.637 9.124� 9.099� 9.051�

(2.889) (2.819) (2.805) (5.048) (5.060) (5.088)
Education Degree 12.524��� 12.337��� 12.360��� 12.958��� 12.945��� 12.935���

(1.553) (1.539) (1.539) (2.366) (2.362) (2.364)
Education as Top 3 choice -1.631 -1.624 -1.611 0.416 0.421 0.446

(1.521) (1.512) (1.511) (2.203) (2.204) (2.201)
Years of Teaching Experience 1.079��� 1.072��� 1.074��� 1.129��� 1.131��� 1.133���

(0.271) (0.273) (0.272) (0.282) (0.281) (0.281)
Teacher's Age -0.810��� -0.797��� -0.800��� -0.630��� -0.632��� -0.634���

(0.213) (0.212) (0.212) (0.232) (0.231) (0.230)
Fraction Female Teachers -0.549 -0.620 -0.690 -1.300 -1.300 -1.308

(1.735) (1.755) (1.758) (1.701) (1.701) (1.702)
Student's Simce 61.145��� 61.106��� 61.127��� 63.753��� 63.753��� 63.812���

(0.737) (0.725) (0.722) (0.461) (0.461) (0.455)
School's PSU Takeup (lagged) 41.695��� 41.723��� 41.574��� 50.849��� 50.845��� 50.807���

(3.039) (3.026) (3.020) (3.602) (3.603) (3.607)
Teacher PSU� Student SIMCE 2.780��� 4.070��� 0.373 1.264

(0.415) (0.719) (0.365) (0.795)
Teacher PSU� Student SIMCE� Voucher -2.169�� -1.454

(0.860) (0.889)
Number of Observations 428973 428973 428973 415315 415315 415315
R2 0.418 0.419 0.419 0.441 0.441 0.441
Year FE X X X X X X
SES Controls X X X X X X

Note: The table presents the point estimates obtained from different versions of equation 4.1 using Spanish PSU as

the dependent variable. The sample includes PSU takers covering the period 2013-2021. Year FE includes

year-speci�c �xed effects for test-taking years. SES Controls include indicator variables for student gender and

three indicator variables for maternal education categories: technical, undergraduate, and post-graduate degrees,

with high school or less being the omitted category. Standard errors in parentheses clustered at the school level. *

p < 0:1, ** p < 0:05, *** p < 0:01
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4.9 Figures

Figure 4.1: Distribution of student-level PSU scores by School Type

(a) Math PSU

(b) Spanish PSU

Note: Panel A (B) displays the distribution of math (Spanish) PSU scores computed from our sample of 428,973

(415,315) test takers between the years 2013 and 2021.
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Figure 4.2: Distribution of student-level SIMCE scores by School Type

(a) Math SIMCE

(b) Spanish SIMCE

Note: Sub�gure a (b) displays the distribution of PSU scores at the student level for math (Spanish) computed from

our sample of 428,973 (415,315) test takers between the years 2013 and 2021.
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Figure 4.3: Distribution of Average Teachers' PSU scores by School Type

(a) Math PSU

(b) Spanish PSU

Note: Sub�gure a (b) displays the distribution of average teacher math (Spanish) PSU scores computed from our

sample teaching 9,938 (9,574) school cohorts of student test takers between the years 2013 and 2021.
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